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ABSTRACT

Abstract

Abstract

With the advent of fifth-generation (5G) wireless networks and the Internet of
Things (IoT), a crucial part of enabling modern technologies is optimizing the perfor-
mance of computational offloading and resource allocation mechanisms. The current
paradigm in providing additional resources to devices is Multi-Accessed Edge Comput-
ing (MEC) which is characterized by the limited availability of resources. Hence, the
devices along with the edge servers form a Cyber-Physical System (CPS) which must
be carefully designed to fit each application’s and scenario’s needs. Thus, in this dis-
sertation, we tackle the problem of realizing efficient offloading strategies that benefit
the devices and on the other hand, the task scheduling and dynamic resource alloca-
tion for optimal utilization of the edge layer’s resources, while achieving high-quality
of service and experience. In this PhD dissertation, we considered designing holistic
frameworks and co-designing these two fundamental aspects as they are tightly cou-
pled. Specifically, an effort is made to address the following crucial research challenges:
(i) optimizing the offloading decision taking into consideration device-specific aspects
(e.g., signal strength, the position of devices), (ii) optimizing the resource management
of resources by jointly designing task scheduling and dynamic resource allocation mech-
anism that guarantees certain performance criteria while the resources are optimally
utilized, (iii) the performance modeling of dynamic workloads and application to assist
in deciding the correct number of deployed resources for each application, (iv) the design
of practical computation offloading strategies in the concept of approximate computing
to alleviate the computational burden from the devices while finding balance between
duration and quality of operations and finally (v) the design of closed-loop controllers
taking also into account the current state of devices, the communication overhead and
the available resource on the edge side.

To this end, we design a holistic architecture to optimize the offloading decision
of users, i.e., users offload their request if the communication overhead is low. The
offloaded requests may also be rejected by the edge server if the total amount exceeds
the current capacity of the deployed resources utilizing performance modeling for the
specific application. Then a central entity jointly solves the task scheduling and dy-
namic resource allocation problem keeping a certain QoS level for the application under
a dynamic workload.

Then, in a similar setting, we enhance the task scheduling and dynamic resource
allocation mechanism using modeling from queuing theory to dynamically adjust the
number of deployed resources for a computing-intensive application. The framework
provides stability and performance guarantees for the resource management problem.

This is achieved by optimally distributing the incoming tasks and the performance
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modeling of resources. More specifically, we utilized machine learning algorithms to
map theoretically computed values for the processing rate of the deployed resources

along with various monitoring KPIs.

Additionally, a novel switching offloading mechanism for robotic applications is
proposed. In the context of Industry 4.0, applications rely on mobile robotic agents that
execute many complex tasks that have strict safety and time requirements. Under this
setting, the Edge Computing service delivery model allows the robotic agents to offload
their computationally intensive tasks. In particular, practical offloading strategies for
mobile robot path planning and localization tasks are designed. The offloading decision
is based on the uncertainty of the robot’s pose, the resource availability of the edge

server, the quality of the network connection, and the difficulty of path planning.

Similarly, Focusing on the stability guarantees and the convergence of the system,
we introduce a set-based estimation offloading framework, for the specific case of the
navigation of a unicycle robot towards a target position. The robot is subject to mod-
eling and measurement uncertainties, and the estimation set is calculated using overap-
proximation techniques that alleviate additional computations. A switching set-based
control mechanism provides accurate navigation and triggers more precise estimation
algorithms when needed. To guarantee the convergence of the system and optimize the
utilization of remote resources, a utility-based offloading mechanism is designed, which
takes into account both the dynamic network conditions and the available computing

resources at the network edge.

Finally, we study the case of real-time edge-assisted inference and batch schedul-
ing. We find out that the quality of the Edge-assisted inference process and the overall
latency of the system are competing metrics. So, we formulate a joint optimization
problem to maximize the quality of inference while minimizing the overall latency
for the GPU-enabled batch processing of inference applications. To deal with the
computational complexity of the optimization problem, we first compute the optimal
compression policies for the inference tasks to minimize the transmission time. By
carefully examining the results of the compression problem, we identify that compress-
ing the tasks in such a way to arrive simultaneously for remote processing significantly

increases the performance of batch processing.

Summarizing, in this thesis, we study the problem of dynamic resource orchestration
and management of IoT-based Cyber-Physical Systems. The immense advancement of
modern applications along with the stringent requirements for ever-expanding resources
requires new sophisticated approaches in the journey of providing high QoS and QoE
to users. Although many new architectural concepts have arisen in the past few years,
there are still many challenges to be addressed to provide seamless operations and
execution of the complex algorithms a CPS may have. The two major challenges are

the task offloading strategies and the accompanied resource management mechanisms.
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IHEPIAHVH

Abstract

Iepidqym

Me v éLevon ToV aoUpUATOV SIKTOWV TEUTTNG Yevidg (5G) kot Tov ALadIkTion Twv
Ipayudtmv (I0T), £va KPLoLo UEPOG TNG EVEPYOTOLNONG TWV GUYYPOVMY TEXVOLOYLMV ELVAL
1 BelTioTomoinot g amdd0oNg TV UNYevVIoumY MetagopTwong YToAoyloTKdOY Alepyo.-
olmv Ko duvakng katavoung mopmv. To tpéyov mapaderypo mopoyng mpododetwy mo-
PWV 0g OVOKEVEG eival To dikTvo Yrohoyopmv Morhasting [pdoPaong ota Akpo Multi-
Accessed Edge Computing (MEC), T0 071010 {opakTnpieton ortd TV TePLopLoUéEVT Stadeot-
HoOTNTO TOPWV. QG £K TOUTOV, OL CUOKEVEG UL UE TOVG SLAKOULOTEG edge OYNUOTLLOUV Eval
KvuBepvo-Puotkd Zuotnuo (Cyber-Physical System) 1o 0molo TpemeL va. 0yedLaoTel HoTe va
ToPLaleL oTig avaykeg KGO epapuoyng kor ogvapiov. ‘Etol, o auvtn ™ dwotpipn, avr-
UETWILLOVUE TO TPOPANULAL TG VAOTTOLN 01| OTTOTEAECUATIKDY OTPOTYLKDV UETOPOPTWONG
VITOAOYLOTIKDV SLEPYOOLDY TTOU MPELOVV TIG OVOKEVEG KL, APETEPOU, TOV TPOYPAUULOTIONO
EPYAOLOV KOL TN SUVOILKT] KATAVOUT TTOP®V Y10, BEATLOTY Y101 TWV TOPWYV, ETLTUYYCVO-
VIOG TAPAANAC VPNAT TOLOTNTO eEVANPETNONG Ka urtelpiag xpnoT. Emtlong og avtn ™)
ddakTopukt) SLaTpLp, eEeTdoapie To eVOEXOUEVO VO, OYESLACOUIE OMOTIKG TTAOLOLO, KOLL VO
OVV-OYESLAOOVUE QUTEG TLG dV0 BeteAmOELG TTTUYES KOOMG ELVOL OTEVA CUVOESEUEVEG,

SUYKEKPLUEVQ, OF CUTH] TNV EPYOOLO, KATABGAAETOL TPOOTAOEL VO OVTLUETWITLOTOVV OL
aKOLOVOEG KPLOLWES EPEVVITIKEG TTPOKANOELG: (1) BEATLOTOMOINOT THG ATOPOONG UETAPOP-
TMWONG VITOAOYLOTIKMV SLEPYOUOLMV AAUBAVOVTOG VITOPT TTUXEG TOU OYETLLOVTAL IUE TN OV-
oKev (FT.). LoV oNuatog, BEoN CVOKEVMV), (i) BeLTLOTOTOINOT TG SLAXELPLONG TOPWV (e
Ao Koo OyEdLAOUO TOV TPOYPUUULATIONOD TWV EPYUOLDY KO EVOS UNYAVIOUOD dSuvaliL-
KNG KATAVOUNG TTOPMV, 0 0TTOLOG EYYVATAL OPLOUEVO, KPLTNPLO, ATTOS00NG VI TOUTOY POV, OL
TOPOL YPNOLUOTTOLOVVTOL BENTLOTA, (iii) TOV K000PLOUd TOU KATAANAOL 0pLOUOT TOPWV YLO.
KGO epapuoyn, (iv) 0 oyedLAOHOG TPOKTIKMV VTOAOYLOTIKOVY OTPATIYIKMV UETAPOPTWONG,
YLOL TNV EAGPPUVOT] TOV VITOAOYLOTLIKOD OPTOV OTtd TIG OUOKEVEG U TOUTO POV eEehpeom
LOOPPOTTLOG UETAED TOU YPOVOL AITOKPLONG KOL TG TOWOTNTAG TG EQPOPIOYNG KL, TENOG,
(V) 0 0%eSLOOUOG ELEYKTOV KAELOTOU BPOYOU AAUBAVOVTOG ETTLOTG VITOYN TV TPEYXOVOO, KO-
TAOTOON TWV OUOKEV(DY, TO KOOTOG ETULKOLVOVIOG KO TOUG SLBEGLLOVG TOPOUG 0TO dLKTVO
Yrohoywoumv Ioihaming pdopaong.

T'ia. To 0K0mo aUTo, 0XESLATOVIE LG, OALOTLKTY] GPYLTEKTOVLKT] VL0l T BEATLOTOTOLNON TG
ATOPAONG UETAPOPTWONG TOV YPNOTMV, SNAAST], OL XPNOTEG UETAPOPTMVOUV TO OULTIUC
TOUG £ALV TO KOOTOG ETLKOLVAOVLAG ELVOL Y OUNAO. Tl TUOTO: (LAG EQOPUOYTG UWTOPEL ETTLOTG
va, amoppLpOoVV atd TOV SLUKOIOTI GKUOY EGV TO OUVOMKO TAN00G LTUATMV, VITEPPaL-
VEL TNV TPEXOVOT, YWPNTLKOTITO TWV TOPWY YLOL T1) OUYKEKPLUEVT] EQAPUOYT. ZT1) OUVEXELQ,
L0 KEVTPLKT] OVTOTNTA ETAVEL OITO KOLVOD TO TTPOBATUC TPOYPCLUUOTIONOD EPYAOLDY KOL
SUVOUKTNG KATAVOUNG TTOPWV SLOTNPOVTOG EVA GUYKEKPLUEVO ETTLITESO EEVTNPETNONG YL

TNV EQAPUOYT], OF SUVOULKO (POPTLO.
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11 CUVEXELD, OE WLOL TTPOUOLOL TEEPLBAAAOV, BEATLOVOUUE TOV TPOYPOUUATIONO EPYOL-
OLMV KOL TOV UNYOVIOUO SUVOULKNG KOTAVOUTG TOPWY YPTOLUOTOLDVTAG LWOVTEAOTOLON
amd ™ OEmpPLla. OVPDV YLOL VO TTPOCEPUOCOVUE SUVOULKG TOV 00RO TV TOPWV YLOL L0
gpoppoyn. H Abon mov mpoteivoupe mopéyel eyyunoelg otafepdTntag kot arrddoong Yo 1o
TPOPANUC. SLOYELPLONG TOPWV. AVTO EMLTUYYAVETOL UE TN PEMTLOTI] KATAVOWY] TMV ELOEPYO-
UEVOV EPYOOLDY KL TN HOVIEALOTTOINON astddoong Twv mopwv. [T ovyKekpuiva, ypnot-
Homotoaue aAyOpLOIOUG UNYAVIKNG WAONONG YL VOL OLVTLOTOLYLOOVUE UETPLKES ATTOSOOELS
wall e BEmPNTIKG VITOMOYLOUEVEG TUIEG YL, TOV PUOUO eTTEEEPYAOLAG TOV TOPWV.

EmutA£0ov, TPOTELVETAL EVOG VEOG Y AVIOUOG UETAPOPTMONG YLO, POITOTIKEG EQAPULO-
véc. 210 mhalowo T Biopnyaviag 4.0 yio KuBepvo-DOuoikd Svotnuata, oL eQapuoyes Bo-
olZovToL 08 KLVITOUG POUTTOTIKEG OUOKEVEG TTOV EKTEAOUV TOMEG 0UVOETEG EpYaOieg TTOV
£YOUV QUOTNPEG ATTALTIOELG AOPAAELAG KOL XPOVOV. Z€ £VaL TETOLO TEPLBAAAOVY, TO LOVTEAD
Tapoyng vrnpeotdv YTmoroyiouwnv Ioahaming Ipdofaong oto AKpa, EMITPETEL OTLG PO-
UITOTIKEG CUOKEVEG VAL UETOPOPTMVOUY TIG VTTOAOYLOTIKG BUPLEG SLEPYATLEG TOVG. ZUYKe-
KPLUEVA, OYESLATOVTAL TPOUKTIKEG OTPATIYLIKEG UETOPOPTWONG YLO. EPOPUOYEG TYESLOOUOT
dradpoung ko evromopov Beoelg Twv pourtdt. H ammdpaon petagpoptwong Bactletal oty
afefardTnTa TG O£0MG TOL POUTTOT, OTY SLEOECLUOTNTA TOPWV TOU SLOKOUOTH TWV TTOPMV,
0TIV TOLOTNTO. TNG OVVOEONG SLKTVOV KO 0T SUGKOALC TNG VTTOLOYLOUEVNG SLadpopnc.

[Mopopoimng, 0TLATOVTOG OTIG EYYUNOELS 0TAOEPOTNTAG KoL 0TI OVYKALOT TOU GUOTNUOL-
TOG, ELOGYOUE EVOL TTACLOLO UETAPOPTMONG EKTLUNONG O£0MG BAGEL GUVOAOV, VIO, T CUYKE-
KPLUEVT] TEEPLITTWON] TAOTYNONG LWOVOKUKAOU poustot tpog e 0£om. To poumdT vioKeltoL
o€ aBEPAULOTNTEG LOVIENOTTOLIONG KOL UETPNONG KL TO GUVOAO EKTLUNONG VITOAOYLLETAL Y P1)-
OLUOTTOLMVTALG TEYVIKEG VTEPTPOTEYYLONG TTOV UETPLATOVY TOVG TPOTOETOUG VITOAOYLOHOVG.
"Evag unyoviopog ELEYYOU TV BACLEETOL 08 GET UETOYWYTG TAPEYEL OKPLBT] TAOT YN 0T Ka
EVEPYOTOLEL TTLO OKPLRELG aAyOpLOIOUG ekTiunong Otav yperaletar. o vo eEaopoloTel 1)
0UVYKALOT] TOU GUOTNUOTOG KL VO, BENTLOTOTTOOEL 1] XPT01) GTTOUAKPUOUEVOV TTOPWV, £XEL
OYEBLOOTEL EVOG UNYOVIOUOG UETOPOPTOONG, O OTTOLOG AAUBAVEL VITOYN TOOO Tig duvayu-
KEG oUVONKEg SIKTUOV 600 KoL ToUg SLABECLUOUG VITOMOYLOTIKOUG TOPOVG OTHV GKPT TOU

StkTvoUL.

TELOG, LEAETAUE TOV TTPOYPUUUOTLOUO TTOADY GLTNUATOY YLO AVAYVOPLOT ELKOVOG 08
TPOYUOTIKO YpOVO e Bonbera oto dkpo. Tov dtktvou. H moldtnta tg avayvipLong etkovog
KOl 1] GUVOALKT] KAOUOTEPNO1] TOU GUGTHULOTOG ELVOL TTPOPAVIG CVTAYWVIOTIKEG UETPNOELS.
"ET0L, SLAUOPPMOVOUUE EVE KOV TTPOBANUC BEATLOTOTOLONG YLC VO, LEYLOTOTOL|GOVIE TNV
TOLOTNTAL TG SLADLKAOLG AVOYVIPLONG, ENUYLOTOTOLDVTOG TAVTOXPOVO T GUVOMKT| KO-
Buotépnon yio T etk eTeEEPYaoLa TOV ATNUATOY XPTNOUOTOLD VTG TTOPOVG VO Baol-
Covtaw 0g KapTeg YpOo@LKOV. I'lo, VoL GVTLUETWITICOVUE TV VITOAOYLOTLKY] TTOAUTAOKOTITA TOV
TPOPANUATOG BERTLOTOTOINONG, UTOAOYLLOULE TPDTO. TLG BENTLOTES TOALTLKEG GUUITLEONG YL
TOL GULTHULOLTOL TTOU OTEAVOUV OL YPNOTEG YLO., VOL ENAL(LOTOTOLCOVIE TOV Y pOVo Hetadoong. EEe-

TALOVTAG TPOOEKTIKG TO OTTOTELEGUATC, TOU TPOBAUATOG CUUTLEDTG, CUIITCLPEVOULLE OTL
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1 GUUTTLEDT] TWV EPYAOLOV UE TETOLO TPOTTO MOTE VO, (PTAVOVY TAUTOYPOVAL VL0 ATOUAKPU-
OUEVN emeEePYAOlo AVEAVEL ONUOVILKE TV AtOS001) TG TRUTOYPOVIG ETEEEPYAOLUG OITO
TN UEPLA TWV ATOUOKPUOUEVMY TOPWV.

SuvoyiLovTag, g auTh) T SLaTPLRT, LEAETAUE TO TPOPAUA THG SUVOULKTG EVOPYNOTPW-
ong koL dwayeiprong twv KuBepvoguokdv Svotnudtov. H tepdotia mpdodog tmv o0yypo-
VOV EQOPUOYMV HaLL UE TLG QVOTNPEG OUTOLTIOELG YLOL GUVEXMG SLEVPUVOUEVOUG TOPOUG
amoLtolv veeg eEEMYUEVES TTPOOEYYLOELS VL0, TTAPOXNG VYNAOD TTOLOTNTA VIINPESLHY KoL
TOLOTNTO, EWTTELPLOG OTOUG YXPNOTEG. AV KOl TOMEG VEEG UPYLITEKTOVIKEG £XOUV TPOKVPEL
TOL TEAEUTOLA Y POVLOL, VTTAPYOUV OKOUA TTOMEG TPOKANOELG TTOU TTPETTEL VO, OVTLUETMITLOTOVY
YLOL TNV TTOPOYY ATTPOCKOTTMV LELTOUPYLMV KOl EKTEAEONG TV TOMITAOK®V ahyoplOumv
7ov urropet va gxel £vo, Kupepvogpuokd Svotnua. Ot §00 KOpLeg TPOKANOELG ELVOL OL 0TPOL-
TNYIKEG UETAPOPTMONG EPYOOLMV KAL OL GUVOSEVTIKOL ()Y OVIOUOL SLAYELPLONG TTOPWV.

AéEeg Kietdia: Metagoptmon TTohoylotik®mv Alepyaoumy, Ipoypopuuatiopds epyaoioy,
Avvopukn Katavoun Topmv, Aloyelplon topmv, Ocwpla. &YYoV, ALASIKTUO TV TPayUd-

TV, Oewple. ZVOTUATOV AVAIOVNG
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H apovoa epyoolo elvor 1o amoteéheouo. TG S8k TopLKNG nov dtatpiPng oto epyaotipo NETMODE
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aPOCLMOT] GE QUTI] TNV TTOAAEG (POPEG EMLITOVT TOPELC: TNG dLaTpLpng.

Aev 0o, umopovoa edm vo unv ovagpepdm otov Kadnyntn Niko AOavacomouro, Tov vnpse yio
UEVOL EVOG TPAYUATIKOG 8A0KAA0G. TIEpQ Ao TNV EEQUPETLKY CUVEPYAOLA KOL TNV OUUUETOYY TOV OTLG
TEPLOCOTEPEG SOVAELEG AUTNG TG SLATPLPNG, TIg KABOAOU deSOUEVEG EVKALPLES TTOV LoV £8WOE, TIG YV®D-
O£LG TOV KOl GLYOUPQL TNV VITOUOVI] TOU KOL TNV 0pooilmot] oov, 0¢hm va o kaTt dAro. O Nikog elval
Evag AvBPMITOG KOGUNUA YLCL THV OKASTUOIKT KOLVOTHTO KOL TO TTOVETLOTILO, TTOU [E TV OpeEN Tov,
TOV POUGVTLONO YLOL TNV EPEUVA KO TNV GLPOGLIOGT YLOL TV ETLOTN(, EUTVEEL OTTOLOV EXEL TNV TUYT] VO
ovvepyaoTel el Tov.

"Evag kKapeg ota vea Ktipta HAeKTpohdywv Hetd amd éva xpdvo SUTAmUaTikng ue tov Anuntpn Ae-
YOUVLDTH NTAV CPKETOG YLAL TNV ATOPOOT] VO EEKLVIIOM TO SIBAKTOPLKO pov. ‘O,TL Kal vaL Ypapm 08 AUTeG
TG YPOUUES elval TTOMD Aiyo. ‘Exw tnv toym va Bempd Tov ANuntpt QAo ov PETd oItd ouTd Ta XpOvLa.
TTépa. atd TV EEALPETIKT OUVEPYOOLL, TV EUTTLOTOCUVI, TO TTELPAYUC, TO. TOLYGPO., KOL TV UTTOUOVT] TOU
- Kplotpo Oha. - Oa 0o var TOVIGW OTL 1] OPEEN HOU TN YALVOVIAG 0TO YPOPELD NTOV TOMTO CUVOE-
SeUévn) e To OTL LoLPALOUOVY TNV KOONUEPLVOTNTA HOV (e dvTdV ToV atovdaio avBpwmo. O Anunteng
SEV £XEL OVAYKY] VO AVTAYMVLOTEL KAVEVALY KO TOV EUYOPLOTH TOV Hov £8e1Ee £va. Spouo ovvadehgpikd
Ko topeioTiko. MowpdLel amhdyepo 0Toug avOp®dmovg SLItha TOU KaiL TOV EUYOPLOTM ELALKPLVE TTOL "ue
gkave AvOpwo” (Ko oL LOVO ETAYYEMLATIKA) OTTwG AEEL KaL 0 LOL0g Ka KTl EEPEL.

TToALG €xouv alMGEEL TO TEAEVTALO Y POVLG. OTO £PYAOTIPW. AMG €va 1LalTEPO guyapLoTd OElw
VoL T 0TOUG PIAOVG Ko ouvepydteg Tudvvn Anuoiitoa kar Mdpw Awopovtn yiott Eekivijoous Ko
YEPAOAUE TAPED, KO TEMK LOLPOOTIKOUE TOOX TPayRoto. IStaitepa we Tov Midvvn kan Ty eEaupetikn
OUVEPYOOLOL OE TTOAMEG SOVAELES, TOV EUYOPLOTM YLO. TIY VITOUOVY] TOU KOl TNV KOTOVON oY TOU KOl TLG
KOUBEVTEG YUYOAOYLKNG OTNPLENG ekatépmBev. Kol atoug dvo edyonal 1) opela tov B akohovBnoouv
VO, GUVEYLOEL VO, ELVOL TO 110 EVTUTTWOLOKT 000 NTAY 1G TOPO.

10, L€AY TOU EPYAOTIPLOV TTOV ELX0L TNV TUXT VO YVOPLoW, Tov Baoiin Kapudtn yio v fondeia tov
OMaL UTA TOL Y POVLAL, TIV QLPOCLOOT TOU 0TIV EMLOTHUT KOL 0TO TAAEVTO TOL 0TV KaAmSimon, Tov [idpyo
Mton mov £yive KOANTOG HOU Kat eATtiTw va e BAETEL yio TdvTa oav 25 ypovdv, Tov Mapto Auyépn
YLOTL ELVOL KATATTANKTIKOG EPEVVITIG KoL e EUOOE TTAPQL TTOMG TTpdrypata, Tov Xpnoto [ehékn yia Ok

™V oUVEPYAOLO, LOg, ToV Adau Iavhidn Yot eivon 0 Addu, Toug veapoig NIKOUG YLOL TV UTTOUOVY] TOUG
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KL TV KOpoidia Toug (YLt Lov ELELTTe ToAD), Ko OLOUG TOUG AAAOUG GUVASELPOUGS, TO TPOCWITLKO KA
toug muAdveg (Muwto Kovdxn) tov NETMODE, pmotam £vo PeyaAo EVYOpLOTM YLOL T TTPAYILOTC. TTOU
wov udBave, yio T BonOELG TOUG KO YLOL THV KOLVT] LOG TTOPELQL.

Se aUTO TO ONUELD OG OV ETUTPUTEL VO, EVYOPLOTIOW TPOCMILKA KoL KATOLOUG ONUAVTLKOVG (i~
OVG/eg TTOV TTOU £X® TNV TOY VO EXW, YLOL THY CUUITAPAOTAOT TOVG KOL THV KOUTOTANKTLKY TOUG TAPEQ,
OV TEPOOAV OA) TN SLAdPOUY TOV SLEUKTOPLKOV HATL OV, XMPLG AUTOUG ELLLCL GLYOVPOG OTL CUT 1) SLai-
PN O NTay avépkto vo ohokAnpwOei. Tov omovdaio kou abepdmevta dotikd Agutépn Iovhakdxm,
TNV KOTOTANKTLKY KoL Tdvra yeudt ekaangerg Bipnvn KopBoivy v otabepn a&ia kol (dvokoia
KQVElg va, TeprypdpeL) vtootnpiktiky Baievrivn Kaioidov kar v Katepiva Kauwvoupyou mov ekTim
POPEPQL TTOV OVTEYEL VOL UEYOADVOULLE TTAPEQN. Oa BN VOL EUYAPLOTIOW ETTLONG UETA OTTO TV YUY UOU,
tov Opéotn Adyxa, tov Hovayidt Tovudon kat tov Koot Hamaageipodmovio. To w000 onuavtikd
YLO. LEVO, NTAV VO, £XW KOLV TTOPELC 0TO SLOAKTOPLKO OO, CUTA, TOL YPOVLA. IE UTOVG TOUG POVTOOTLKOVG
avOPMITOUG £LvOL KATL IOV eATEm var EEpouy Kar vo uny Sexvave. Kar av oty Ton ueptkeég gopeg to
apdrynata potalouvv "orthogonal, KGoLeg OY£CELG -OL TOGO KAOOPLOTIKEG Yo T w1 pog- Ba eivor -
VIO kel va petpdipe frueta Ad-TAdl. To KoTomAnkTtkd adéppia pov Kmotn, Xpnoto, Baow oiia
Ko tov Xapn, XpmoTao EIAKPLVE EUAPLOTM YL TV OTNPLEN TOUG TV YAty TOUG OAa GUTE T, pOVLaL
OV TO TEPVAUE UL, LEYOADVOUUE TTOPEC KOL ELUAOTE TAVTO. EKEL 0 £vag Yo Tov alhov. Na E€pouv
OTL KOULOL EVYOPLOTLO OEV ELVOL APKETI) VO TTEPLYPAPEL TO TL ELVOL YLOL LEVAL. ZTOVG YOVELG HOV, OPEIA®
£V TEPAOTLO EVYOPLOTM YLOL TNV AYGITY TOUG TNV 0TNPLEN TOUG (VALKT] et KOL GUVOLOOTULOTIKT), VLo OAOL
CUTA TTOV IOV £)(OVY TTPOOPEPEL ATTAOYEPTL, TNV EUTLOTOOVVI TOUG Ko T Xopd Tovg. I'ia otdnmote Sev
SLodéyelg oe aut T w1 wodhov pémel va awaBlveool Tuyepog kamov kdmov. Kot téhog ue mohha
ONUAVTLKA OVOUOTA VO AELTTOUV KaL 00.G TNTM VAL e CUYXWPEOETE YU AuTO, OEAM VO EVYAPLOTNOM OAOVG
000Vg OAAL CUTA TA Y POVLO, oTaOTNKOuUE TAGL TTov HOLPAOTHKOUE, THOOUE KOL YEAGOOUE, TTLOWE TOTA KA
KOITVIOOULE 0€ UTTapP 1) KAAOKOUPLVEG SLOKOTTES, EPWTEVTIKOUE, TEPACUUE KA 1] KOL GOYNUOL, AYKAALO-
oTNKOpE £VO TPOL EEM 0TTO TO EPETELD, TTOV KAIWPaE ROTL OTIG HEYOLES TTPOOMITLKEG (1] Ko L) MTTEG
KO YLOPTAoOuE VIKEG KoL Xopes. Towg 1 ohokAnpwon wag diatpifig dev eEaptdtal duesa omd autd
omwg AgeL o ayépaotog Kwotavtivog Zotnpdmoviog, arlld M Tomn evog TA olyoupa.

Anuntpng Erabopdrng

The philosophers have only interpreted the world, in various ways.

The point, however, is to change it. - Karl Marz, Theses on Feuerbach - Thesis XI
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PREFACE

Structure

The thesis is organized in the following structure.

In Chapter m a general introduction on the topics concerning the thesis is presented. We discuss
the environment and the research challenges that motivated our work and exhibit the main con-
tributions of this thesis. In Chapter E, some basic mathematical background is presented, deemed
necessary to understand the methods used in our approaches to tackling the introduced problems.
Additional information is provided in the main part of the thesis whenever required. The following
chapters are the main chapters of the thesis. Each chapter presents a specific problem with their
general setting, along with the related work found in the literature. The proposed framework is dis-
cussed, the modeling is thoroughly analyzed, and the mathematical formulation of the problem and
the proposed solution are introduced. Finally, a thorough evaluation of the proposed framework is
presented. In particular, in Chapter E we introduce a holistic framework to assist in the offloading
decision of a location-based service that is considered computing-intensive. Users offload their
requests to a nearby edge server only when beneficial, i.e., when the communication overhead is
minimized. Then, a resource scheduling and dynamic resource allocation mechanism is introduced
to tackle with the varying workload of requests, keeping a certain QoS for the response time of
requests. In Chapter H we extend the previous setting by focusing on formal modeling utilizing con-
cepts from Queuing Theory. The task scheduling algorithm and accompanying resource allocation
mechanism provide stability guarantees for the offloaded requests. The evaluation is performed in
Kubernetes and we utilized machine learning algorithms to map theoretically-computed values for
the processing rate of the deployed resources along with various monitoring KPIs. In Chapter E we
consider a robotic scenario as part of an Industrial Internet of Things application. A robot follows
the concept of approximate computing having two options for executing computing-intensive algo-
rithms, i.e., localization and path planning tasks, in a simple case of moving from one waypoint to
another. The locally-implemented algorithms are fast but prune to errors, while the remote ones
are precise but computationally intensive. Hence, a switching offloading strategy is realized to
optimize the performance of the agent and find a balance between mission duration and accuracy.
In Chapter E we extend the previous work providing stability and closed-loop guarantees for the
robot. A utility-based offloading strategy is realized that can be easily tweaked to assist in various
mission scenarios. The overall framework is designed to be applicable to various design options.
The set-estimation analysis is presented thoroughly and acts as a hard constraint in the offloading
policy, providing guarantees for the safe navigation of the mobile agent. In Chapter H we focus on
the case of real-time inference and rely on the Approximate Computing paradigm. An interesting
trade-off arises as the quality of the Edge-assisted inference process and the overall latency of the
system are competing metrics. We formulate a joint optimization problem to maximize the quality
of inference while minimizing the overall latency for the GPU-enabled batch processing of inference
applications. Finally, in Chapter E we present the conclusions to which we arrived based on our
observations from our aforementioned research works, as well as some propositions for current and

future extensions of our work and future directions of the related research.

15



Chapter 1

Introduction

The proliferation of fifth-generation (5G) networks, the ever-expanding need for mobile or cloud
applications, and the Internet of Things (IoT) bring a new era in Information and Communication
Technology (ICT). Despite the remarkable improvements in hardware advances and computing ca-
pabilities of the devices in recent years, modern applications require huge amounts of storage, and
more often real-time processing capabilities. In most cases, the IoT devices are low-power devices
(e.g., sensors, actuators) with limited computing capabilities, and insufficient battery resources and
can not guarantee the required high performance for the applications [l]. Even, powerful devices
(e.g. smartphones, robots) cannot guarantee the required high performance and/or fulfillment of
time constraints, for time-critical and mission-critical IoT-enabled applications [2]. As a result, of-
floading compute-intensive and energy-intensive tasks to a more resilient computing infrastructure
for further processing is the key enabler to the realization of the new era of ICT. This solution,
called task offloading [3], allows for enhancing the user’s experience by providing lower latency,
better reliability, and improved energy efficiency for battery-powered devices. In a typical offload-
ing scenario, data are transmitted through wireless links, i.e., cellular or WiFi and the quality
of the wireless connection heavily depends on signal strength, interference, packet dropouts, and
other parameters related to the wireless environment, which must be considered in the offloading

decision. The computation offloading aims to save time and energy on the end devices’ side.

However, as Fig. EI illustrates the global projection of Internet users. The Compound Annual
Growth Rate (CAGR) is expected to grow 6 percent, making the total number of users an immense
number of 5.3 billion by 2023[4]. As studies show [f], [(], in a few years, one of the most anticipated
challenges will be the huge growth in data produced and devices connected, since the majority of
the devices (sensors, wearables, etc.) will be interconnected. Moreover, new types of applications,
in the context of massive Machine to Machine (M2M) [[7], will be available to support every aspect
of everyday life, significantly affecting the way we perceive the world. Accordingly, the global
growth of devices is expected to grow to almost 30 billion in 2023 [4]. These connected devices

constitute the Internet of Things (IoT) and potentially generate a massive amount of data.
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Figure 1.1: Global Internet user growth [@]

Naturally, a well-tested solution of where to seek increased availability of computational re-
sources lies in the Cloud. Cloud Computing (CC a centralized computing model, has shown its
great power of infinite computing capability and on-demand resource provisioning [B], [B] There-
fore, to augment the power of mobile devices, the concept of Mobile Cloud Computing (MCC)
was introduced [@] MCC is still the state-of-practice service delivery paradigm that can extend
the resource capabilities of the end devices. Hence, it is common to offload computation-intensive
tasks of resource-intensive applications to a centralized Cloud Computing infrastructure speeding
up application execution and saving energy consumption. In current implementations of IoT ap-
plications, most data that needs storage, analysis, and decision-making is sent to the data centers
in the Cloud [@] Generally, public cloud vendors have built large data centers in various parts of
the world. These large-scale, commodity-computer data centers have enough computing resources
to serve a very large number of users.

However, for this vision to become a reality, new demands arise from these large-scale infras-
tructures, such as the ability to manage and orchestrate massive amounts of data and devices,
while enabling automated instantiation and communication of the corresponding services [@] On
the other hand, as time-sensitive and location-aware applications emerge (such as patient monitor-
ing, real-time manufacturing, self-driving cars, drones, augmented reality (AR), or virtual reality
(VR)), the cloud will not be able to satisfy the ultra-low latency requirements of these applica-
tions, deliver location-aware services, or scale to the magnitude of the data that these applications
produce, as cloud services are not able to directly access local contextual information, such as
precise user location, local network conditions, or even information about users’ mobility behavior
[@] Therefore, the CC paradigm falls short to address all emerging scenarios due to its inherent
limitations [@] The benefits of the powerful computing resources that are available at a cloud
data center are counterbalanced by the increased network delay for sending data over the public
internet. This is exactly how the term Edge Computing (EC) was coined [@] Coinciding with
some similar concepts such as “fog computing” [@] or “mist computing” [@], EC pushes the com-
puting from the centralized cloud towards the data source (e.g., mobile devices). Hence, lately,

the computing paradigm that has drawn a lot of attention from researchers, and the Industry is
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Figure 1.2: Edge-Cloud computing architecture.

the concept of Multi-Access Edge Computing (MEC) [@] The core idea is to introduce a more
distributed infrastructure that will enhance performance and assist applications by bringing Cloud-
like capabilities closer to the end devices, at the edge of the network [@] This new infrastructural
layer between the end devices and the Cloud is able to reduce the increased communication delay of
the network while keeping the computation power of servers to support applications with real-time
requirements. Therefore, end devices are now capable of offloading their resource-intensive tasks

to a proximate Edge infrastructure, thus minimizing the overall execution time.

Fig @ shows the general architectural concept of EC. MEC deploys edge servers between the
device layer and the Cloud layer for providing distributed networking, computing, and storage re-
sources. Oftentimes, these edge servers are placed near a collection of selected base stations, that
is, every edge server should be co-located with a specific base station. Moreover, the MEC and
MCC servers are commonly interconnected with high-efficiency /high-throughput fiber connections
[@] In such an environment, a device can offload complicated tasks to an edge server via a given
base station within its proximity. The key difference between Cloud and Edge data centers is that
the latter has a finite amount of computing resources. As a result, edge servers may suffer from
overloaded workloads as the number of application requests is explosively growing. Therefore fine-
grained resource management solutions are required to meet the strict constraints of the deployed
time- and mission-critical applications. Another crucial point is the automatic orchestration of
virtualized applications both in terms of computing and network resources [@] To this extent,
Network Function Virtualization (NFV) [@] and Software-Defined Networking (SDN) [@] are the

key enablers of the prominent 5G infrastructure facilitating the decoupling of software deploy-
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ment from hardware. Enabling 5G network slicing [24], NFV and SDN automatically orchestrate,
instantiate, and manage the computing and network resources of virtual networks over a single

physical infrastructure.

The synergetic combination of recent technological improvements redefines the way people live
in various societal domains. In the smart computing context, sensor networks, Edge Comput-
ing, IoT, and big data analytics are properly orchestrated to provide assisting applications for
human daily activities such as education, health, and transportation. Moreover, there are nu-
merous indicative scenarios of the new breeds of latency-sensitive applications that require the
joint consideration of IoT and MEC technologies. Indicative ones include smart homes and smart
cities, healthcare, autonomous vehicles, augmented reality and virtual reality applications, retail,

wearable IoT, IoT in mechanized agriculture, and the Industrial Internet of Things (IIoT).

The MEC paradigm is currently more relevant than ever, especially in the context of (i) the
much-anticipated Industry 4.0 revolution [25] and (ii) the realization of Smart Things [26]. For
the first case, IToT introduces the novel concepts of Edge/Fog [27] or Cloud Robotics [28]. Both
concepts can be defined as the architecture that distributes computing, storage, and networking
functions at the Edge/Cloud continuum in a federated manner[29],[30], i.e. where robots and
automation systems rely on data or code from a proximate infrastructure to support their operation.
For the second case, we provide two indicative use cases. Smart Cities [B1], [32] envision a world
where sensors, devices, and citizens will seamlessly interact to assist in human activities [33]. As
smart applications are mainly based on portable devices, the location awareness of people and
devices is one key ingredient for enabling these services. Moreover, Smart Vehicles [34] allow
the development of vehicular applications, e.g., planning, navigation, and compression of data
which will provide safe and comfortable services for drivers. Hence, the evolution of Location
Based Services (LBS) [35],[36] and their integration with MEC architecture is expected to play a

significant role in both scenarios of smart things [37].

Moreover, the convergence of Artificial Intelligence (AI) and IoT can redefine the way industries,
businesses, and economies function. Al-enabled IoT creates intelligent machines that simulate
smart behavior and supports decision-making with little or no human interference. Naturally, Edge
Intelligence is a new term that defines the confluence of Al and Edge Computing [38]. Bringing
intelligence to devices (i.e. IIoT, Smart Things) is crucial in the emergence of new applications.

These novel technologies facilitate the formulation of Cyber-Physical Systems [39] (CPS) that
require automated decisions in the sense-compute-actuate cycle. CPS are systems where software
and hardware components are seamlessly integrated towards performing well-defined tasks. CPS
are characterized by seamlessly interweaving the physical world of infrastructure objects and the
virtual world of information processing [40]. As a research field, CPS are about the intersection, not
the union, of the physical and the virtualized worlds. Separately designing, analyzing, modeling,
and understanding the physical and computational components and then connecting them together
is not enough. To properly understand and design the optimal behavior of a CPS it is crucial to

enable the integration of different components including computation, networking, and physical
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processes. Moreover, CPS must execute complex algorithms that usually are computing-intensive
and can not be executed in resource-constrained devices.

To this end, the paradigm of approximate computing is introduced and widely used in CPS in
recent years [41]. Approximate computing follows the basic principle of reducing the number of
computations that an application must perform, thus reducing the applications’ execution time,
however producing a potential but acceptable loss in accuracy. Approximate computing is ap-
plied at different levels, including hardware acceleration (e.g., CPUs, GPUs, FPGAs, TDUs, etc.),

software, algorithms, and even programming languages.

1.1 Challenges and Motivation

As discussed previously, bringing the decentralized computing infrastructure to the edge of the net-
work brings various advantages (e.g., low latency communication, scalability), but it also brings
new challenges. Moreover, the optimal support of CPS depends heavily on the provisioning of the
right piece of data to the right computing entity in a timely manner [24],[42]. This introduces
new research and design challenges concerning data processing, offloading decisions, architecture
aspects, resource allocation, and controllers’ design [43]. Apparently, there is a need to investigate
the key requirements and potential opportunities for enabling the vision of edge computing to
support CPS. Thus, it can be concluded that in the emerging edge computing paradigm, several
problems arise, and innovative research is needed to address them. The significant advances in
recent technology trends, and interest in state-of-the-art research from both Academia and Indus-
try, motivate researchers for approaching and trying to solve interesting and challenging problems.
In our thesis, we wanted to take this opportunity and propose solutions to some modern and

interesting problems by taking into account the following subjects:

e Device-Specific Offloading Aspects: This is one key challenge in realizing the optimal
support of CPS in the edge computing ecosystem. To begin with, IoT networks are dom-
inantly characterized as rapidly varying access networks. Therefore the dynamic network
conditions are a very challenging problem in the context of task offloading [44]. Estimating
the behavior of the network and predicting all of the phenomena (e.g., noise, interference,
fading, and signal deterioration) that heavily impact the overall throughput and communi-
cation delay adds an extra level of complexity. When new tasks are generated by a device, a
decision mechanism is required for the task partitioning problem namely; to decide whether
the task should be executed locally or be offloaded to a remote infrastructure. An incorrect
offloading decision may result in performance bottlenecks in the application. Optimizing the
overall performance, offloading is beneficial only if reliable and low-latency wireless connec-
tivity is available. Apart from the network, the success of the computation offloading, and
consequently the performance of IoT-enabled applications, depends on many contextual pa-
rameters, e.g., the user’s mobility, and residual energy of the device. This partition decision

of the tasks is also associated with the task execution delay, the transmission delay, and the
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energy consumption of the device. As a result, deciding whether to offload an application
request or not is the first challenge to address as it defines the core of the offloading problem

and the accompanied resource allocation on the edge.

¢ Optimizing Resource Management: This constitutes the main motivation behind this
thesis, as resource management is the core challenge that has to be tackled in the edge
computing paradigm, where, naturally, resources are not abundant. In the decentralized edge
computing paradigm one must appropriately map the applications’ workloads to suitable host
nodes based on their resource requirements. Also, as said before the available resources on
the edge servers are limited compared to the cloud. Thus, resource management arises as an

important concern in the emerging computing paradigms [[L6].

In the age of virtualization techniques, it is typical for IoT workloads to run on Virtual
Machines (VMs) [45] or Containers [46] on the edge servers. Two main decisions arise by the
infrastructure providers that directly impact the response time of the applications, namely;
(i) the computing resources to assign to the virtualized resources and (ii) the number of
instances (replicas) for each virtualized entity. Furthermore, as multiple applications [47]
and/or devices may seek additional computing resources in the same edge datacenter, it
is of high importance the efficient and dynamic assignment of the resources of the hosted
applications. It is a major challenge to meet viral QoS requirements primarily due to a
set of competing Key Performance Indicators (KPIs). For instance, a resource management
strategy must guarantee the performance requirements of the applications, while at the same
time minimizing the cost of the deployed resources [4§]. Moreover, it is common for modern
applications to be computationally intensive and require a significant amount of resources
for task execution. This imposes the design of dynamic resource allocation strategies for
the underlying edge and cloud infrastructure, which in turn facilitates the deployment of
industrial applications as network services that can be reconfigured on demand. Hence,
orchestrator providers usually realize proactive and reactive solutions to address the dynamic
nature of the workload and the adjustment of the provisioned resources, while monitoring

various KPIs.

On the other hand, efficiently utilizing the available resources is an important challenge. It
is crucial to optimize resource utilization to gain better performance for all the deployed
applications [49]. The optimization of resource utilization is a multi-objective task and very
exciting to tackle as one must consider the diverse requirements of applications, the fluc-
tuating workload demands, and the finite resources of the infrastructure. Throughout the
literature, researchers utilize queuing theory to model mobile devices and edge servers, along
with an optimization technique for deciding the optimal offloading policy [39]. Unfortu-
nately, in some cases, there is a major drawback that can lead to overall performance dete-
rioration: the static modeling of the edge servers’ resources which leads to over-provisioning

or under-provisioning of resources or to under-utilization and over-utilization respectively
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[b0). Finally, following the resource provisioning process, a scheduling algorithm (or load
balancing) is adopted for processing and optimally mapping the incoming tasks/applications
(workload) to the virtualized resources. For instance, if a VM becomes overutilized, then it
should be temporarily excluded from the pool of resources dedicated to executing the appli-
cations’ tasks. resources are temporarily excluded from any future allocation. However, task
scheduling also includes diverse challenges such as heterogeneity of requests and resources,
and uncertainty of the number of incoming requests, which cannot be resolved by using tra-
ditional resource management approaches [51]. Hence, a large focus, and priority should be
drawn to these to make services more reliable. In other words, serving the workload should
take up the minimal amount of resources that will be well utilized to maintain a desired QoS

level.

Performance Modeling of Dynamic Workloads and Applications: As said before
dealing with the dynamic nature of the applications’ workloads is key to achieving high
system performance [62]. In the literature, most of the existing models for capturing the
requirements in resources of IoT applications are empirical and most commonly highlight a
specific performance metric such as response time, and energy consumption [53],[51]. Dealing
with the dynamic workload, the various requirements of different IoT applications, and the
unmodelled behavior of resources’ state, are not trivial tasks to handle. Hence, relying
on these simple may lead to either performance degradation or not optimal utilization of
resources. As a result, one must design multi-input multi-output performance models easily
applicable to a large subset of applications to capture such dynamics. In such a way novel
controllers can be realized for regulating the aforementioned KPIs. To achieve the highly-
anticipated workload characterization and performance prediction the first step is to try to
predict the number of incoming requests in the edge infrastructure [54]. This prediction can
be combined with a resource allocation mechanism since the amount of resources required for
the task execution is directly proportional to the amount of traffic (i.e., the request rate). To
this extent, a key enabler of scaling resources according to the workload traffic is identifying

the maximum number of requests that the provisioned resources can process.

Designing Practical Approximate Computation Offloading Strategies: In recent
years complex applications are emerging, targeting among others to bring Edge Intelligence
to IoT devices, mobile agents, and robotics [b5],[66]. Especially, Industry 4.0 applications
especially rely on mobile robotic agents that execute many complex tasks that have strict
safety and time requirements, e.g., algorithms related to image processing, planning, local-
ization, mapping, and autonomous learning. These algorithms are computing- and memory-
intensive and the resources of robots and IoT devices are not sufficient to build efficient,
safe, and autonomous robot operations [p7]. Consequently, new problems arise and one
must carefully decide deployment strategies - where to place a workload, connection policies

- when to use the edge nodes, heterogeneity - how to deal with different types of nodes,
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the accuracy of complex algorithms - how much to save response time while the loss in
accuracy of a complex algorithm is acceptable. The execution of compute-intensive com-
ponents of IoT applications in edge computing infrastructures involves complex application
partitioning and application quality selection at different granularity levels and component
migration to the edge server node. Furthermore, suitable as it may seem, solely utilizing
remote computational resources might not be enough; a number of unwanted phenomena
potentially take place in the transmission and processing of the information, such as network
latency, variable QoS, and downtime. For these reasons, for example, autonomous mobile
agents (e.g., robots, unmanned vehicles) often have some capacity for local processing when
targeting low-latency responses and during periods where network access is unavailable or
unreliable. Consequently, a major challenge, from a control design, estimation, and network
optimization point of view is to combine local fast but possibly accuracy-limited algorithms

and remote, precise but computationally intensive ones in an efficient way.

e Co-Design Closed Loop Controllers in the context of 3C: Finally, having said all
that, a key challenge in designing controllers for the optimal behavior of CPS is to provide
some guarantees on closed-loop performance [43]. Especially, in modern manufacturing, the
current trend is to remove IToT (e.g., mobile robots, actuators, etc.) from confined spaces
and allow them to roam freely around the production floor, improving collaboration and
collaboration with humans, thus increasing productivity and efficiency. Open challenges in
this area include the development of adaptive multi-robot/machine controllers, the detec-
tion, modeling, prediction, and forecasting of human-robot interactions, and the design of
distributed control and planning algorithms that provide flexible and safe working environ-
ments. Because most IToT applications such as warehouse robotics, telesurgery, industrial
automation, and real-time data processing, are mission-critical and require real-time com-
munication and processing to function effectively in a closed loop, the IToT requires the
joint design of control, computing, and communication (3C). However, most of the existing
IToT research focuses on just one aspect of the 3Cs. Such an independent design approach,
ignoring the close interaction between the 3Cs, has poor overall and system performance,
and consumes significant wireless and computational resources. To achieve safe reliable and
high-performance control with low latency in industrial environments the emerging approach
of co-design is mandatory. Towards successful closed-loop operations, the co-design of Con-
trol, Communication, and Computing (3C) is required to provide reliable, low-latency, and
high-performance control. Thus, an approach is to design a local controller that takes feed-
back from the remote controller. Then, one must derive the conditions under which such a
hybrid scheme might offer stability assurances and be beneficial. To this end, the controller
synthesis should provide formal closed-loop guarantees and stabilize the overall performance

leading to safe and optimal behaviors.
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1.2 Contributions

This thesis tries to tackle some of the aforementioned problems that arise in edge computing

and computational offloading of CPS. Our main focus lay on optimizing the performance of CPS

optimally utilizing offloading policies and carefully designing resource management strategies. The

contributions to the above topics can be summarized in the following:

24

1. Modeling the Performance Dynamics: New-generation resource management solutions

require sophisticated performance modeling abstractions to capture the various dynamics of
the application requirements, resources’ state, and users’ demands. A major novelty of this
thesis is the introduction of resource profiles (or flavors) to achieve all of the above. Resource
profiles express the relationship between the allocated resources and the maximum request of
incoming requests of a specific application that the resources can serve while keeping a cer-
tain QoS level. The advantage of the resource profiles design is three-fold. First, a resource
profile is actually a feasible operating point and facilitates the dynamic resource allocation
process by giving knowledge regarding the number of instances required for the virtualized
resources. Secondly, the combination of these resource profiles with controllers can enable
fine-grained scaling approaches for time- or mission-critical applications. Third, we optimize
the performance of the underlying resources solving the aspect of under/over-provisioning
while paving the way for tackling resource heterogeneity, as will be shown in the following
sections. In this thesis, we experimented with two different modeling methodologies to ex-
tract the resource profiles. On the one hand, we used System Theory, which has the capacity
to include several performance metrics (i.e., state variables) and resources as control param-
eters (input variables) and describe their relationship under various operating conditions and
QoS guarantees. On the other hand, we used simple ML algorithms that leverage information
from (i) the scheduling and resource allocation solution, (ii) the monitored KPIs, and (iii)
the workload prediction algorithm to estimate the essential number of replicas for meeting
the workload demand. The key enabler to both approaches is modeling the workload, i.e.,
estimating the number of incoming requests for the application leveraging time-series fore-
casting methods. The proposed designs aim to be easily re-configurable solutions that tackle

both the proactive and reactive aspects of the resource management problem.

. Joint Resource Management and Task Scheduling in EC: Maximizing the perfor-

mance of modern applications requires timely resource management of the virtualized re-
sources in EC. However, proactively deploying resources for meeting specific application
requirements subject to a dynamic workload profile of incoming requests is extremely chal-
lenging. To this end, another major novelty of this thesis is that the fundamental problems
of task scheduling and resource autoscaling are jointly addressed. Consequently, together
with the offloading decision, a dynamic resource allocation and admission control mechanism
is proposed in this thesis, which is called Task Scheduling and Scaling Mechanism. This

mechanism is responsible for the distribution of offloaded requests among the application
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instances, alongside the admission control (i.e., accepting or rejecting the offloaded requests
according to resource availability) and dynamic resource allocation for each application (i.e.,
deciding the number of replicas for each resource profile). Again, a workload profile esti-
mator and the dynamic modeling of the resources and overall status of the network/servers
provide the foundation upon which the resource allocation algorithm works. Specifically, the
Task Scheduling and Scaling Mechanism is introduced for the resource management of the
constrained resources of an edge datacenter, utilizing the aforementioned resource profiles
to dynamically adjust the number of deployed resources and assign the incoming requests
of an application to them while keeping certain QoS levels. The proposed algorithm is de-
signed to be practicable, and guarantee feasibility and performance specifications, such as
adaptability to rapid changes in the workload and resource availability. This preliminary
mechanism is then enriched by exploiting stability guarantees derived from queuing theory
to provide a decentralized mechanism for the task scheduling and resource allocation prob-
lem, trying to build a holistic scalable architecture. The proposed event-triggered scheme
facilitates the proactive scaling of resources subject to a dynamic workload profile via a novel,
intuitively conceived locally identifiable triggering condition. This research addresses the so
far untouched challenge, of designing controllers that address a mixture of these unwanted
phenomena by changing in an event-based nature the provisioning of the resources to the
control algorithm, taking also into consideration various KPIs in both proactive and reactive

manner.

3. A Switching Offloading Mechanism in the context of 3C: In all the settings of the next
chapters, we assume that devices seek additional computing resources at an edge server. As a
result, in this thesis, we design optimal offloading policies for CPS. Initially, the focus is placed
on pure wireless communication network quality for mobile users. A two-step mechanism to
support and realize the offloading decision is devised, considering both users’ contextual
information and the availability of the edge resources. More specifically, mobile users offload
their LBS requests taking into consideration their position and the signal strength of the
connection with a wireless access point to minimize the communication overhead. Also, the
edge infrastructure may reject a request (i.e., the user has to execute it locally) if the available
resources are not sufficient to keep a certain QoS level. Following in the next chapters of
the thesis, a similar switching offloading mechanism is realized to assist in optimizing the
offloading of computing-intensive algorithms in IToT, i.e. a mobile robot. To further alleviate
the computational strain from the resource-constrained robot, we implement two different
versions of these algorithms following the approximate computing paradigm namely; (i) a
local (on the device), fast must not sufficiently accurate, and (ii) a remote (on the edge
server), precise but expensive in terms of resources and /or time. Hence, by adopting switching
offloading policies which consider the uncertainty of the local’s algorithms we are able to
build a framework that assists a mobile robot in a simple navigation mission, i.e., reaching

a waypoint from a starting position. Remotely executing these computing-intensive tasks is
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only performed in case offloading is beneficial i.e. when the communication overhead is low
and the available resources of the edge server are adequate to perform the tasks. Moreover,
embracing the concept of 3C, the switching offloading mechanisms also consider input from
a control perspective namely; the need for a more accurate estimation of the mobile robot,
the proximity to obstacles, and the difficulty of the navigation, to guarantee safe navigation.

Consequently, this mechanism facilitates optimal offloading for CPS.

. A Resource-Aware Estimation and Control Framework for Edge Robotics: Re-

specting the need for stability guarantees and closed-loop controllers for CPS, we extend
the modeling for the navigation of a mobile robot. A novel resource-aware estimation and
control framework for edge robotics is realized, which jointly tackles the problem of conver-
gence in the trajectory navigation of a unicycle robot, and the problem of efficiently using
communication and computing resources is presented. Utilizing a utility function that in-
corporates the dynamics from respective control, communication, and available computing
resources, we build a framework to handle two fundamental problems: a) the synthesis of
controllers that dictate the motion of the unicycle robot in this path planning problem and
b) an offloading strategy to compensate the uncertainty of the local estimation techniques
with the more accurate remote ones while finding the balance between navigation accuracy
and mission duration. More importantly, the proposed framework guarantees convergence to
the target position independent of the various parameters chosen, in contrast to the periodic
offloading schemes. The whole approach is easily adjustable to the needs of different mission

characteristics.

. Evaluation of proposed frameworks with Relevant to Architectures and Stan-

dards: Extensive numerical results are presented, which are obtained via real experimen-
tation or simulations in order to capture the effectiveness and efficiency of the proposed
frameworks. Especially, for every real experimentation that will be presented in this thesis,
we chose to follow the wide-adopted solutions, namely the European Telecommunications
Standards Institute (ETSI) MEC standards [58] and implement them with commercial or
open-source resource orchestration tools, that enable scalability, interoperability [59], and
transparent development of the applications [60] over heterogeneous hardware and software
technologies [61], i.e., NFV orchestration and widely used software tools (e.g., OpenStack
[62], Kubernetes [63]).

In the following, Chapter 2 introduces some preliminary notions and concepts pertaining to
the adopted scientific methodologies by this thesis. Then, each chapter focuses on one of the
aforementioned settings and use case scenarios, presenting the related work in this respective
field and introducing the developed solutions together with extended numerical evaluations

of their effectiveness and efficiency.



Chapter 2

Background

In this chapter, the essential mathematical background necessary to understand the methods that
are used in the following work will be presented. Any additional information required will be

provided in the main part of the thesis, whenever it is needed.

2.1 Basic Definitions of Modeling and Control Theory

2.1.1 Linear Time Invariant State Space Models

A state space model of a system is the mathematical description of the relationship between the
cause and the effect or the inputs and the outputs of the system [64]. In this thesis, discrete time

state space models are solely utilised. The general form of a discrete time state space model is

2k +1) = f(a(k), u(k)), f : R" x R™ — R", (2.1)

where x(k) € R, u(k) € R™ are the state and the input vector respectively and k& € N. The most
widely used state space models are the linear time invariant (LTI) state space models, where the
function f(z(k),u(k)) of (El]) is linearly dependent on z(k) and u(k),

z(k+1) = Az(k) + Bu(k), (2.2)
y(k) = Cz(k) + Du(k). (2.3)

Sy

Here, A € R™*™ and B € R™™*™ are constant, time invariant matrices that describe the system’s

dynamics and y(k) € R is the system’s output vector.
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2.1.2 Stability

In modern control theory, the notion of stability is strongly connected with the dynamic behavior
of a system. Many different kinds of stability are defined, i.e. input-output stability or stability of
an equilibrium point. In general, a stable system means that the state variables of the system are
driven to a specific equilibrium point or inside a desired area and they remain there despite any
insisting or momentary disturbances. In this chapter, focus is put on the stability of an equilibrium

point (z.q, ueq). An equilibrium pointﬂ satisfies the equality

Teqg = AZeq + By (2.4)

The most general type of equilibrium point stability is Lyapunov stability, which guarantees that
the system trajectories will remain close to x4, if they start from a neighborhood in the equilibrium
point’s vicinity [65].

Furthermore, in the following sections, asymptotic stability is adopted, together with the set-
theoretic notions of stability analysis and control design problem, which identify and characterize
subsets of the state space, containing the desired equilibrium state with special properties: posi-
tively invariant sets are introduced here. In the forthcoming paragraphs, without loss of generality,

all the necessary definitions are given assuming that z., = 0.

Definition 1. A sphere By with radius s > 0 and the origin as its center, is denoted as

By ={z e R" :[|z]| < s}, (2.5)
where ||| is any possible norm of vector x.

Definition 2. Assuming a discrete-time system of the following form

z(k+1) = f(x(k)), (2.6)

then the equilibrium point x.q = 0 is locally Lyapunov stable, if and only if Ve > 0,36 = §(e) > 0.
Then,

To € B(S(e) = :L‘(t;l‘o) € B.,Vt > 0. (27)

Definition 3. The zero equilibrium point of (@) is contractive in a region D C R™ if Vag € D

and

lim x(t;z9) = 0. (2.8)

t—o00

The region D is called Domain of Attraction (DoA) of the equilibrium point.

11t should be noted here that, for the rest of this thesis, the terms “equilibrium point”, “operating point” and
“resource profile” will be used interchangeably.
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Definition 4. The zero equilibrium point of (@) is asymptotically stable if and only if it is

Lyapunov stable and contractive,

flggo x(t;20) = 0,20 € Bs) € D, (2.9)
where D is DoA.

In the following definitions, the essential results of the Lyapunov theory (second or direct
Lyapunov method), which connect the stability property with a specific type of functions, are

presented.

Definition 5. Assuming a continuous function V(z),V : D — R, where D contains the origin.
Then V(x) is positive (semi)definite in D if

V(z) > (2)0,Va € D\{0}, (2.10)
V(0) = 0. (2.11)

Definition 6. Function V(x) is negative (semi)definite if =V (x) is positive (semi)definite.

Definition 7. For discrete time systems (@), the total difference of function V(z),V : R™ - R,
respectively to system (@) is

AV(z)Ed) = V(f(@)) = V(2). (2.12)
Then, the Lyapunov theorem for discrete time system is formulated as,

Theorem 1. ([64, [65]) Assuming a positive definite function V(x),V : D — R, then

o If the total difference AV (z)Ed) of () is negative semidefinite Vox € D, the system is
locally Lyapunov stable.

o If the total difference AV (x)Ed) of () is negative definite Vo € D, the system is locally
asymptotically stable.

The function V' (z), which satisfies the above theorem, is called Lyapunov Function (LF). From
the previous analysis, the stability problem is equal to finding a positive definite function that
is non-increasing or decreasing along the trajectories of the system (@) Finding an LF, allows
for defining sets with special properties respective to the equilibrium point. For example, if there
exists an LF V(x) that guarantees the stability or asymptotic stability in a region D and the sets
R(V;y)={x e R": V(z) <~} C D are close and contain the zero equilibrium point, then these
sets consist an estimation of the DoA. The essential definitions follow.

The most important benefits of the Lyapunov theory are the characterization of the stability of

the equilibrium point and the possibility of defining sets with interesting properties. For example, if
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an LF can be found, which ensures the asymptotic stability of the equilibrium point of a constrained
system z(t) € S, C R", then any trajectory that begins from a point inside R(V;v) C S, will be

driven to the equilibrium point, without violating the system constraints.

2.2 Basic Definitions of Queuing Theory

We define a request as an individual demand for computing resources provided by a computing
node. A computing node is defined as the physical (or virtual) computing environment, consisting
of hardware, software, and network resources, whereby a request is executed. A queue is defined
as the waiting mechanism whereby a request arrives at a node and is temporarily put on hold until
it is selected for service from among other requests that are waiting. Here, we consider queues
consistent with the First Come First Served (FCFS) selection principle.

A queuing system [66], [67] is defined as the dynamic relationship that is developed between a
stream of request arrivals and a flow of request departures from a computing device, respectively,
in the presence of a queue. From a mathematical perspective, a queue acts as an integrator of
the difference between arrival and departure rates. A simple queuing system is consistent with
the following notation. Denoting by X (¢) and Y (¢) the arrivals and departures from a queue,
respectively, in the interval [0,¢], the number of queued requests at time ¢, Q(t), is defined as the
difference between arrivals and departures in intervals [0,¢]. Note that exact knowledge of X (t)
and Y (t) is difficult in real applications.

Furthermore, in the following chapters, we consider a set of n computing nodes represented by
a multi-queue system, where each node is modeled by a queue combined with a computing node.
We assume that a workload A from an application arrives at the system and the central batch
queue. The workload then must be scheduled or dispatched to n nodes according to an admission
control policy u;(t),7 = 1,...,n, with each node representing a virtualized computing unit. We
denote the number of queued requests that have not yet been admitted at time ¢ by §(¢), and the
number of admitted requests waiting to be selected for service by the i*" node at time t by w;(t).
The service rate (processing) of the i'” node is denoted by 7;,i = 1,...,n. The entire system is

depicted in Fig. EI

2.3 Basic Definitions of Set-Theoretic Estimation

In the following chapters, we investigate the problem of Set-Theoretic Estimation for mobile robots.

We first need to find the Reachable Sets. Consider a dynamic system of the form

w(t) = f(x(t), u(t)) (2.13)

or of the form
z(t+1) = f(2(t), u(t)) (2.14)
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Figure 2.1: A multi-queue system.

where u(t) € U. The following classical definition of reachability set is reported.

Definition 8. Reachability set. Given the set P, the reachability set Rr(P) from P in time T < +
is the set of all vectors x for which there exists x(0) € P and u(t) € U such that x(T) = .

Reachable sets are useful to describe the effects of a bounded disturbance on a dynamical system
or to describe the range of effectiveness of a bounded control. Unfortunately, the computation of
reachable sets is, in general, very hard even in the discrete-time case. In the case of simple systems,
can be approximately computed.

Now, let us formulate the problem of Set Estimation in a general framework. Here we mainly

consider discrete-time systems, although the concepts we present apply to continuous-time as well.
ot +1) = f(x(t),ut),d(t)) (2.15)

y(t) = g(x(t), w(t) (2.16)

where we assume d(t) € D and w(t) € W, with D and W are convex and compact subset of
R™. The control u(t) € U is always assumed to be known in the present context, for example,
determined by a respective control algorithm).
Together with the information given by equations ()—( ) we assume to have a priori
information regarding the initial state:
z(0) € X,. (2.17)

Now we introduce two operators from set to set. Given a set X C R", define the set of all

reachable states in one step for all possible d(t) € D given the control action u(t) € U, according

to equation ()

Reach|X, D](u) = z = f(z,u,d),x € X,d € D. (2.18)

Given a guess about the state in t, the previous equation propagates this information at ¢ + 1.
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Clearly, in this way, the information about the actual state spreads. However, by means of ()7
we can cut out a portion of the new guess region that is not compatible with measurements. Let

us introduce the set of all the states compatible with measurements as:

Comp[W](y) = x : g(x,w) =y, for some w € W. (2.19)

Besides, using (P )7() we can describe, the estimation set. Let us formally define the

concept.

Definition 9. Estimation region: The set X(t) is an estimation region (set) at time t given the
information (),( 0) and () over a prescribed horizon 0,1,...,t, if the condition x(t) €
X(t) is assured for allw € W and d € D.

Now we present a common procedure to compute a Non-conservative state-membership esti-
mation. For the dynamic system described by (P ),(), given the initial estimation () let
X (k|k) be the set of estimated states at step k which are output compatible:

X (k|k) = X (k) 0 Comp[W](y(k))
Then set t = k and perform the following steps.
1. Given the current value of the control u(t), propagate this set forward

Z(t + 1|k) := Reach[X (t|k), D](u(t)).

2. Compute the new estimation set as the intersection with the compatible set

X(t+1lk) = ZZ(t + 1|k) N Comp[W](y(t + 1)).

3. Set t =t + 1 and go to Step 1.

The difficulty of iterating the method is apparent as we may encounter non-convex sets and com-

putations.

2.4 Semidefinite Relaxation of Quadratic Optimization Prob-

lems

In this Section, we will introduce the semidefinite relaxation (SDR) technique. In particular,
this technique can be applied to many nonconvex quadratically constrained quadratic programs
(QCQPs). Let us write the problem of interest, namely, the real-valued homogeneous QCQP: The
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QCQP Problem is defined as follows:

min xT Cx (2.20a)

XER™

st. xTAx2,b; i=1,...,m (2.20b)
where £;, represent either 7 < 7,7 > ” or ” = ” and the matrices C,Aq,...,Am € S™ are all

positive semidefinite, where S™ denotes the set of all real symmetric n x n matrices and b; € R.

A crucial first step in deriving an SDR of is to observe that

xTCx = Tr(xTCx) = Tr(CxxT) (2.21)
xTA;x = Tr(xTA;x) = Tr(A;xxT) (2.22)

We define a new variable X = xxT, where X is symmetric and noting that X = xx7T is equivalent
to X being a rank one PSD matrix, we obtain the equivalent to () formulation:

)?élgln Tr(CX) (2.23a)
st Tr(AsX) 2,6 i=1,...,m. (2.23b)
X >0 (2.23¢)
rank(X) = 1. (2.23d)

The Tr() operator is the sum of elements of the main diagonal. The Rank operator refers to the

number of linearly independent rows or columns of a matrix.

Then, if we drop the rank(X) = 1 constraint then we get the relaxed problem:

i 24
nin Tr(CX) (2.24a)
st Tr(A;X)2;b; i=1,...,m. (2.24b)

X > 0. (2.24c¢)

Using convex optimization (e.g., Matlab CVX) we can obtain a solution.

Let X* be the optimal solution to () then if X* is of rank one then we have the optimal
solution for () Otherwise, we need a vector X that is feasible for ()

Let X € 8™ be an arbitrary symmetric positive semidefinite matrix. Consider a random vector
£ € R™ drawn by the Gaussian distribution & ~ A(0,X). Then we want to optimize the expected

value:

. T
xeg}},l)lczoEgNN(o’X){g C¢ (2.25a)

st. Beon{€TAs}, i=1,...,m, (2.25b)
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this stochastic interpretation can generate approximate solutions to () Given a solution X
we can generate & ~ N (0,X), A solutions and construct a QCQP-feasible point with a mapping
function, e.g., sgn(€y). Then from the computed feasible solutions, we choose the best.

This thesis will also provide more explanations on modeling and control theory-related concepts

whenever needed.
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Chapter 3

A Scalable Edge Computing
Architecture Enabling Smart
Offloading for Location-based

Services

3.1 General Setting

As mentioned in Chapter E], the ever-increasing amount of data produced, along with the emergence
of next-generation computationally intensive applications, requires new service delivery models.
Such models should capitalize on the Edge Computing (EC) paradigm for supporting the data
offloading process, by considering the user’s contextual information in the offloading decision along
with the infrastructure resource allocation operations, towards meeting the stringent performance
specifications. Despite the plethora of research works that have adopted and exploited the MEC
paradigm, there are still important challenges to be addressed, pertinent to the realization of
Location-based Services for a Smart City environment.

In this chapter, a two-level Edge Computing architecture is proposed to offer computing re-
sources for the remote execution of an LBS. At the Device layer, an initial offloading decision is
performed taking into consideration the estimated position and quality of the wireless connection
of each user. At the Edge layer, a resource profiling mechanism maps the incoming workload to
EC computing resources under specific performance requirements of the LBS. Dealing with the
dynamic workload, a scaling mechanism simultaneously takes the offloading decision and allocates
only the necessary resources based on the resource profiles and the estimation of a workload pre-
diction technique. For the evaluation of the proposed architecture, a smart touristic application

scenario was realized on a real large-scale 5G testbed, following the principles of NF'V orchestration.
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3.2 Related Work

This section presents the most relative studies of the literature to our proposed EC solution for
LBS. The following studies are classified based on three interdependent pillars; (i) Edge Computing,

(ii) Computation Offloading, and (iii) Location Estimation.
(i) Edge Computing

Puliafito et al. [68] presented a detailed survey for Fog Computing platforms for ToT-based
applications. In [69], a network slicing orchestration system was proposed for federated data
centers. The orchestration is based on Open Source MANO [[7(0], which is aligned with ETSI NFV
standard. Based on G/G/m queuing model, a heuristic scaling algorithm regulated the mean
overall processing time of the incoming slice orchestration requests. However, no further details
are given on how the network slice placement problem is addressed. MESON [71] focuses on
communication between slices deployed on edge data centers. The cross-slice communication aims
to alleviate the congestion of the core network, minimize the utilization of cloud resources and
meet the requirement of time-sensitive LBS.

Leivadeas et al. [72] proposed a meta-heuristic approach for the placement of network slices in
cloud and edge infrastructure aiming at the minimization of the deployment cost and the end-to-
end network delay. This approach considered that the resource demands of the slices are static and
it can be applied only for their initial placement. Sonmez et al. [73] proposed a fuzzy workload
orchestrator for various EC scenarios. For each offloaded request, a set of fuzzy rules decided
the destination computational unit within an hierarchical EC architecture. However, the authors
empirically defined the fuzzy rules sets, which might not be applicable for services with different
workload characteristics. In [74], the authors addressed jointly the problems of network selection
and service placement for MEC infrastructure. To reduce the complexity of the general problem,
they decomposed it into a series of sub-problems and solved them in an iterative fashion. However,
the proposed QoS model included only network parameters ignoring the processing delay of the
service.

Zenith et al. [75] proposed resource sharing contracts between edge infrastructure providers
and service providers. Specifically, an auction-based contract establishment and resource allocation
mechanism was introduced, focusing on ensuring the utility-maximization for both entities and
the latency constraints. However, the authors did not provide any details on how the tasks were
distributed among the containers of the established contracts. Wang et.al. [76] studied the problem
of VM placement along with the workload assignment for mobile cloud applications in MEC. An
MILP method was designed to minimize hardware consumption in order to deploy VMs, while
satisfying diverse latency requirements of different applications. In [7], the authors proposed
a novel solution to determine both the optimal number of the VMs to spawn, as well as their
placement. For VM spawning, a Mixed Integer Linear Program (MILP) was formulated, while a
game theoretic approach was employed (i.e. Coalition Formation Games), in order to treat the

latter problem.
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(i) Computation Offloading

The offloading decision is critical for guaranteeing the high QoS of LBS. In the literature,
most of the proposed studies focus on a single or group of performance criteria, i.e., latency or
energy, to decide whether the offloading is profitable or not. This paragraph illustrates the most
recent relative studies to our work. The interested reader can refer to [[7g8] for a comprehensive
detailed review of older studies on computation offloading. In [79] a mobility-aware offloading
mechanism (referred to as MAGA) was proposed, based on frequent moving patterns of the users
and a genetic algorithm. MAGA mechanism focused on partial task offloading to EC servers.
However, the dynamic resource allocation of these resources is not considered. Tang et al. [8(] and
Apostolopoulos et al. [81] proposed the adoption of Prospect Theory to design user behavior-aware
MEC offloading frameworks. In both works, the communication and the computation models for
the users were provided and Prospect Theory-based offloading games are formulated taking into
account, user risks, as well as weighting and framing effects. In [82], the authors proposed a task
offloading framework for Software Defined Ultra-Dense Networks that focused on the reduction of
the task duration and the energy saving. The offloading problem was split in two sub-problems;(i)
task placement problem and (ii) resource allocation. Lyu et al. [83] presented a collaborative
Cloud-MEC-IoT architecture and proposed a request modelling scheme and an admission control
framework to address the scalability problem of these platforms. Although the authors considered

heterogeneous edge resources, the computation model was not dynamic.
(i@i) Location Estimation

In the context of indoor localization, many approaches can be found in the literature that
addresses different scenarios and accuracy requirements. In [84], the authors proposed a mechanism
that takes advantage of the information by the WiFi signals and calculates the position of a
moving user with the fingerprinting technique. The mean estimation error of this mechanism
is about 0.85m, showing the advantages of the weighted K-Nearest Neighbor algorithm. Kang
et al. [85] proposed a method to track pedestrian movement in an indoor environment under
the existence of sensing inaccuracy. Similar to our work, they used a smartphone equipped with
accelerometer, magnetometer, and gyroscope sensors and exploited the characteristics of human
motion to estimate the position of a user. The proposed method reduces the influence of the
cumulative errors of the dead reckoning technique. In [86], exploiting Machine Learning techniques,
a tracking system was proposed, estimating again the position of a user, who moves in an indoor
place and interacts with a wireless sensor network. The classification of speed and heading of the
trajectory of the pedestrian was implemented offline supervised by Neural Networks. A different
approach to handle the challenges of indoor localization in a robotic scenario in the Industry 4.0
context was presented in [87]. The single vision-based method is landmark assisted, exploiting
natural features of the landmarks and the core principles of projective geometry, for the self-
localization of an indoor autonomous mobile robot agent. The results of the proposed algorithm

showed a significant accuracy in close range. However, as most of the vision-based methodologies,
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this method is heavily dependent on ambient conditions (e.g., light conditions). In a similar
vein, authors in [88], realized a novel unsupervised learning framework requiring video frames, to
extract pose estimation and introduce a Simultaneous Localization and Mapping (SLAM) system,
that could be also applicable in an indoor environment.

Most of the aforementioned studies usually proposed solutions addressing only one of the above
research problems in isolation, ignoring the rest dominant parameters, thus failing to allow the
design of a holistic solution that achieves both high performance of LBS and optimal utilization of
EC resources. To exactly fill this gap, in this article we propose an EC architecture for LBS that
considers the user’s contextual information on the offloading decision and the resource allocation
of the edge resources. Towards this direction, the proposed framework can meet the performance

requirements of both LBS and EC infrastructure.

3.3 Contributions & Outline

In this Chapter, we develop a two-layer architecture to support smart offloading of a location
based service from IoT or mobile devices to an EC infrastructure. The proposed architecture has
been particularly designed to accelerate the execution of an object identification service for mobile
users. However, it is generic and applicable to several types of EC environments and smart city
applications. In the particular smart city scenario under consideration in this work, the visitors of a
crowded touristic area use their camera-equipped devices to take snapshots or short-duration videos
of a Point of Interest (Pol) (e.g., exhibits of a museum) in order to receive additional information
about them. Since image recognition is a computational-intensive and energy-consuming task, a
cluster of proximate edge servers offer the essential computing resources to meet the strict time
requirements of massive users. Furthermore, a localization technique is realized and evaluated. We
assume that users are active in a crowded touristic area; hence, the shared bandwidth and foremost
the interference of signals plays an important role in the overhead of transmission of the offloaded
requests. As a result, to address this dynamic behavior, the offloading decision of a users’ request
takes into consideration the users’ position in addition to the available resources of the edge servers

at each time. The main contributions of this chapter are summarized, as follows:

e A resource profiling mechanism interprets the performance requirements of the application
to computing resources on the EC side. This mechanism enables the modular design and
allocation of the EC resources in order to meet the varying offloading demand. The resource
profiling of the LBS is based on linear models from System Theory, which effectively capture
the system dynamics of the service, and determines the essential resources for serving various

amounts of offloaded requests.

e A two-step mechanism to support and realize the offloading decision is devised, considering
both users’ contextual information and the availability of the edge resources. Towards this

direction, the offloading decision becomes a key-enabler for maintaining high performance
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results, benefiting both the infrastructure provider and the users.

¢ An Edge Computing architecture to support the deployment, orchestration and management
of LBS is introduced. Following the principles of 5G directives, an NF'V-based deployment of
the architecture is presented, using state-of-the-art software tools for the orchestration and

management of the infrastructure.

o A real-world evaluation over an open 5G infrastructure is conducted to verify the validity and
applicability of the proposed methodology. Also, the proposed resource profiling mechanism
and the workload estimation approach are compared against well-established counterpart

methodologies in the literature [89, 90].

3.4 System Architecture

As mentioned before, in the smart city scenario under consideration in this setting, visitors use
an LBS to retrieve information about Pols in a crowded touristic area. The LBS can be executed
either on the user’s mobile device or on the EC servers. Accordingly, the proposed EC architecture
consists of two layers: namely the Device layer and the Edge layer.

At the Device layer, portable IoT devices, e.g., Raspberry Pis and mobile phones, equipped with
sensors and camera modules provide location information and media content in order to identify
Pols (e.g., museum exhibits) and retrieve information about them through an image recognition
service. Since image processing is a computationally-intensive task, the users forward their requests
to a cluster of edge servers for further processing in order to save energy and get the response in
a timely manner. At the Edge layer, a control mechanism is responsible for scaling the resources
of the instances of the virtualized image processing service and distributing the admitted requests
among them. However, as specific may the above scenario seems, as generic and versatile the
proposed architecture is, and it can be applied in any smart city application. To further elaborate
on the generic essence of this work, we have identified the following use-case requirements and

challenges.

e Every smart city application has specific dominant parameters that affect its performance.
Thus, it is essential to build a profile of the application to include all important features.
In this work, we focus on the user’s location and propose a generic resource profiling of
the application. The profiling mechanism provides accurate performance modeling under
varying conditions and application requirements and facilitates the design of effective resource
allocation strategies. It is an interpretation mechanism that translates the application’s QoS
requirements to EC computing resources and facilitate the interoperability in the case of

heterogeneous resources.

¢ A successful offloading decision of mMTC applications must consider both the user’s contex-
tual information and the availability of EC resources. With this capacity, the user should de-

cide whether the offloading is beneficial based on the location and the network/communication
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parameters (e.g., signal strength). Especially in crowded places, communication related as-
pects such as the transmission time of a request, may present a significant overhead in the
overall response time. Additionally, for applications of multiple users, the EC infrastructure
provider should accurately estimate the dynamic workload demand and admit the number of
requests that can be served with a guaranteed level of performance. Hence, we propose a two-
step offloading decision that takes into account both the user and the provider’s operating

conditions and perspectives.

e The focus of this chapter is placed on the challenging scenarios where the edge computing
infrastructure is receiving a great amount of incoming workload of offloaded tasks. This
workload also fluctuates during the day, for example following the traffic of visitors at the
place of interest. Hence, the scalability of EC infrastructure is a prerequisite for meeting
the performance requirements and the optimal resource utilization. Our proposed dynamic
resource allocation mechanism leverages the application’s resource profile and allocates only
the necessary resources in order to maximize the number of offloaded requests with response

time guarantee.

In this study, the response time is defined as the sum of the transmission and processing time
to serve an offloaded request. Figure @ illustrates an overview of all levels of the proposed
architecture. At the bottom level, the mobile device estimates the location of the user and originally
decides the local or remote execution of the generated request. At the upper level, the Controller
component realizes the intelligent functionalities of the proposed architecture, which includes the
resource profiling, the workload prediction and the scaling mechanism along with the necessary
monitoring service. Furthermore, the Virtual Machines (VMs) with specific computing resources
host the image recognition service. The proposed application is considered to be stateless with
stringent performance requirements. In the following sections, the individual components of the
architecture are described in more detail along with the intelligence of the mechanisms provided

at each layer.

3.4.1 Device Layer

At the Device layer, two fundamental mechanisms co-exist, providing the user’s contextual infor-

mation and the initial offloading decision.

3.4.1.1 Location Estimator

To estimate the user’s position, a step detection algorithm has been developed. The users’ motion
is measured by inertial measurement unit (IMU) sensors and the estimation is performed by dead
reckoning technique. This mechanism is classified in the category of Inertial based Systems, where
there is no need for external information by the physical infrastructure, and the position of the user

is estimated relative to a known starting point. This location estimation method is applicable in
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Figure 3.1: An overview of the EC architecture for LBS.

any end-device equipped with the appropriate IMU sensor. As thoroughly examined in [91], a step
detection algorithm is applied using an accelerometer based on the mechanics of human motion,
while the heading of the user is calculated by a gyroscope sensor. Consequently, given a starting
position, the step and heading mechanism grants users the capability to locate themselves in an
indoor environment and share this information with the infrastructure for an optimal offloading
decision. Hence, in the scope of this work, the Location Estimator plays a significant role in the

workflow of the offloaded requests, as shown in the next subsection.

3.4.1.2 Offloading Decision Mechanism

One of the main objectives of this chapter is the development of a smart dynamic offloading mecha-
nism that is based on contextual information and aims to satisfy both the QoS requirements of the
users and optimal utilization of resources of the underlying infrastructure. Therefore, we propose
a two-step offloading mechanism, involving both the Device and Edge layer of the architecture.
More specifically, whenever a new request is generated, the offloading decision is based on two
parameters; (a) the position of the user, and (b) the current measurement of the wireless signal
strength. On the one hand, we assume that the signal coverage is fluctuating in the territory of

this scenario. As a result, one’s position affects the quality of the wireless connection. Moreover,
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to facilitate automated offloading, the touristic area is divided into sections where offloading is
permitted based on offline metrics about the quality of the connection. Subsequently, a map is
constructed based on these metrics, hereinafter referred to as “offloading map”. On the other hand,
in crowded areas, signal interference is high due to the shared medium of the wireless connection
among the users. Considering that the transmission power of the antenna is bounded, the shared
bandwidth results in a maximum number of users, who can offload their requests with satisfying
transmission rate. Hence, the measured signal strength is adopted as an indication of the quality
of the wireless transmission rate, which heavily affects the performance of the system.

At the Device Layer, we assume a predefined signal strength threshold that the user must satisfy
in order to offload a request. If both the position and signal strength constraints are met, then
the device offloads its request for further processing at the Edge layer, where the final offloading
decision is taken. As a result, the user’s offloading decision is performed in both a proactive and
reactive manner, exploiting contextual information of the user’s status in terms of position and
connection quality. In case of a rejected request during this offloading decision phase, the image

recognition service is executed locally on the mobile device.

3.4.2 Edge Layer

The workload generated by the mobile users is directed to the Controller of the Edge layer through
a Wireless Access Point. As mentioned previously, the Controller is responsible for the allocation of
resources to the deployed VMs, which incorporates the second step of the offloading decision, and
the load balancing of the requests to the VMs. Initially, the monitoring service collects the necessary
data for the incoming requests, the performance of running VMs and the utilization of the EC
resources. The monitoring data is used by the rest components of the Controller. In particular, the
Resource Profiling component provides an offline training tool based on System Theory to extract
specific resource profiles of running VMs. A resource profile interprets the QoS requirements of
the service (i.e., response time) to EC computing resources (i.e., vCPUs, memory). These profiles
enable the Scaling Component (SC) of our approach. To better manage and orchestrate the EC
infrastructure, time is divided into discrete time intervals. At the beginning of a time interval,
based on Kalman Filtering approach and monitoring data, the Workload Predictor provides an
estimation of the expected number of requests within the next time interval. This estimation
and the computed resource profiles are used by the SC to determine the number and resources of
running VMs that host the object recognition application. Hence, to guarantee the QoS of the
the users, the SC accepts only up to a limit of incoming requests at each interval, derived from
the profiles of the operating VMs, while rejecting those exceeding it. Thus, the SC takes the final
offloading decision considering the overall performance of the EC infrastructure. Leveraging this
mechanism, the SC assures that for each request that is accepted for remote execution, the users’
QoS criteria are met, and for the remaining requests, users execute the object-recognition service
locally on their devices. Last but not least, within each time interval, the SC distributes each

accepted request to the corresponding operating VMs, via a REST-API operating at the latter.
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The activated VMs host the image recognition-based applications, which are trained off-line and
identify the candidate Pols.

3.4.2.1 Resource Profiling Component

In general, the resource profiling mechanism quantifies the relation between the application’s re-
quirements, the incoming requests and the computing resources at the EC side. Towards this
direction, the Resource Profiling component build various resource profiles of an application that
correspond to different operating conditions. In our scenario, the image processing service is CPU-
intensive, thus, for the rest of the chapter, the resource the profiling mechanism refers to vCPUs.
To extract the resource profiles, we adopt switching linear systems that can describe the perfor-
mance of an application under different operational conditions. For different numbers of allocated
vCPUs to a VM and varying incoming requests, we define a discrete linear system of the following

form,

x(t+1) = ax(t) + Pult)

where z(t), named as state variable, is the average response time in time interval ¢ and wu(¢),
named as input variable, is the admitted requests in time interval ¢. In such a way, we describe the
performance of the image recognition service under dynamic workload conditions. The Recursive
Least Square algorithm [92] is exploited to calculate an estimation for the parameters o and 3.
The main objective of the Resource Profiling component is to maximize the offloaded requests
and optimally allocate them the available computing resources. Towards this objective, for each
linear system and given the desired average response time x., we extract feasible resource profiles,
which maximizes the admitted requests and satisfies input constraints, by solving the following

optimization problem,

Inmxz\4rg%§m,uM Ue (3.1a)
subject to

Te = aZe + bug (3.1b)
Tm S e S TM (3.1¢)
Um S Ue S U (3.1d)

First of all, the resource profile must be an equilibrium point of the linear system as defined by
the first constraint. The second constraint implies that there is a minimum (u,,) and the maximum
value (ups) for the offloaded requests. Similarly, the last constraint refers to the state variables and
means that the average response time varies between the minimum (z,,) and the maximum values

(xar). In such a way, the resource profiles actually translate the QoS requirements of the object
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recognition-based service to EC computing resources. Within the scope of this work, the resource
profiles actually correspond to a VM with specific computing resources that serves a predefined
number (u,) of offloaded requests with a predefined average response time per interval (z.). The
value of z. can be selected as a percentage of the maximum acceptable response time, which is
implied by a Service Level Agreement (SLA) and it represents the strictness of the underlying
QoS constraints. In our use case, the average response time of the resource profiles are set for
demonstration only purposes, at the half of the maximum acceptable response time by the user.
The benefits of above resource profiles’ design are manifold. Initially, it is a generic process that
is applicable for any type of IoT-based application and edge/cloud infrastructure. The utilization
of switched linear systems allows to model any operating condition and the design of the resource
profiles according to the specific QoS requirements of the LBS. Contrary to queue models [90, 93]
that are valid only in steady state, the linear systems can capture transient phenomena and do not
provide only static information such as mean service and arrival rate. Additionally, although out
of the scope of this chapter, the linear systems enable the design of feedback controllers, which can
guarantee valuable system properties such as stability and reachability apart from the satisfaction
of the QoS constraints. The latter cannot be accomplished with queue models. Finally, resource
profiles enables the interoperability of heterogeneous infrastructure. In the case of edge-to-edge or
edge-to-cloud collaboration, the computation of resource profiles for the different types of hardware
simplifies the load distribution between sites, because the number of exchanged requests can be

automatically translated into resources of each site through the resource profiles.

3.4.2.2 Workload Predictor

Due to the mobility of the users, the amount of offloaded requests changes significantly. In order
to enable optimal scaling and resource allocation, an accurate workload prediction methodology
is necessary to estimate future incoming requests. For this purpose, we adopt Kalman Filtering
[94], which is a well-known estimation methodology for dynamic systems. We further assume that
the offloaded requests can be modeled as a system with process and measurement uncertainties,

as follows,

L(t+1) = L(t) + w(?) (3.2)
Z(t) = L(t) + v(t) (3.3)

where L is the number of offloaded requests of the image recognition service at time interval t.
At interval ¢t + 1, the value of the workload is defined as the sum of the current value and the
process noise w, which models the generation of requests by the users. The covariance matrix
of the process noise is defined as ). The variable Z denotes the measurement of the offloaded
request and equals the actual number of requests L plus a measurement noise value v(¢), which
follows a normal distribution with zero mean, while R is its covariance matrix. The estimation of

the request at the next time interval L~ can be computed by applying the following Kalman filter
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equations.

L= (k) =L(k—1) 3.4a

P (k)=P (k-1 +Q (3.4b)
_ P (k)

K(k) P h)+ B (3.4c)

L(k) = L™ (k) + K(k)(Z(k) — L™ (k)) 3.4d

P(k) = (1 - K(k))P~ (k) (3.4e)

The term L~ is the update state value based on the measured value of Z and the extrapolated
state value of the previous step. The term K is called Kalman gain and is a number between zero
and one which expresses the importance of the measurement. The term P is the error covariance.
In every step, we use the first equation to estimate the forthcoming requests for the next interval
based on the previous extrapolated values. The estimation of the incoming request is used by the

SC for the scaling decision.

3.4.2.3 Scaling Component

Based on the resource profiles of the application and the estimation of the offloaded requests, the
SC aims to meet the dynamic workload demands and avoid over- or under-provisioning of EC
resources. We formulate a mixed integer linear optimization problem (MILP), which minimizes
the amount of the allocated EC resources. We define n binary variables ¢;,i = 1,...,n that
correspond to the n different resource profiles of a VM. Furthermore, for each ¢;, we define the
weight w;, i = 1,...,n, which is proportional to the number of the vCPUs, ¢, dedicated to a specific

VM flavor. The optimization problem is formulated as follows:

n

ngn{Z(wici)} (3.5a)

i=1
subject to:

D (cw) =L, i=1,...,n (3.5b)
i=1

¢ =0,1, Vie[0,...,n], (3.5¢)
d e <TV (3.5d)
i=1

where the first constraint indicates that the estimated offloaded requests L~ must be served by

the activated VMs in the following time interval. The second constraint indicates that a VM with
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Figure 3.2: System Orchestration overview.

specific flavor can be either running or closed. This constraint implies that multiple instances of a
VM with specific resource profile are not allowed in the same server. The last constraints guarantees
that the resources of the running VMs do not exceed the total amount of available EC resources
(TV) in terms of vCPUs. As a result, solving this optimization problem at each time interval,
the SC ensures that the predicted workload will be served based on the corresponding resource
demands with the minimum allocated resources. Nevertheless the overall cost of the flavors to be
implemented is minimized. It is worth mentioning that the resource profiling mechanism allows to

solve the problem for both cases of homogeneous and heterogeneous resources.

3.5 System Orchestration and Implementation

The aforementioned architecture was implemented in Bristol’s University 5G testbed [@], which
provides NFV orchestration and management solutions, bearing in mind that a real-world expe-
rience evaluation is of imperative importance when testing a system architecture. The System
Orchestration overview is illustrated in Figure @ Open Source MANOEI (OSM) operates as an
NFV management and orchestration (MANO) tool, in the context of the NFV MANO reference
architecture, as defined by the ETSI NFV Standard. Thus, independently of the underlying Virtual

Infrastructure Managers (VIM), OSM allows performing resource and service orchestration. In the

Thttps://osm.etsi.org/
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proposed orchestration mechanism, OSM interacts with OpenstackE, which operates as the VIM.
Openstack is a well-known open-source software for realizing Infrastructure as a Service (IaaS),
structured by a stack of software tools used to build and manage cloud computing platforms for
public and private clouds. Moreover, it is responsible for controlling and managing the Network
Function Virtualized Infrastructure (NFVI) resources.

The proposed system orchestration has a twofold aim; to meet the system architecture re-
quirements, and to provide a scalable virtualization solution, enabling the basic aspects of a
next-generation LBS-enabled architecture. Hence, the respective services are deployed as Vir-
tual Network Functions (VNFs). Subsequently, two different VNFs have been deployed; namely
the Controller, and the LBS-enabled object recognition application. The Controller VNF imple-
ments the intelligence mechanisms of the proposed Edge architecture as thoroughly presented in
Section 7 while the Object Recognition application is used for the identification of Pols in
the Bristol’s Millennium Square. Both VNFs are managed and orchestrated by OSM as depicted
in Figure @ Similar to the system’s architecture, the NFV implementation follows a top-down
design. At the top layer lies the Controller VNF', which dictates the decisions needed for the scaling
of the operating application-VNFs and the load balancing of the incoming workload, while, at the
bottom layer, three VNFs are facilitating with the object recognition application. Moreover, the
Network Service (NS) of the architecture is defined, to deploy an automated service chain between
those VNFs. Furthermore, the NS is broken down into two parts, namely; data and management
network, for the connection of VNFs, following the standards of NFV and SDN .

In this section, we present the necessary procedure for the realization of the system orchestra-
tion. Initially, we created the appropriate system images comprised of an operating system and the
corresponding services. The functionalities of the Controller are deployed as the first system image,
while the second one involves the object recognition service alongside with the REST-API service.
These two images have been onboarded in the Openstack of Bristol’s 5G testbed. Furthermore,
the appropriate VNF Descriptor (VNFD) files for both images are realized. These descriptors con-
tain all the necessary information for the VIM to instantiate Virtual Deployment Units (VDUs),
which are the VMs that host the network functions. To be more specific, these descriptors de-
fine the flavors of virtual resources (vCPUs, RAM and storage) and virtual network connection
points between the VDUs. Similarly, the Network Service Descriptor (NSD) specifies the Net-
work Service (NS), which is the top-level structure that includes all the VNFs and implements
the network topology of the experiment, associating respectively the connection points defined in
VNFDs. Those descriptors have to be onboarded in OSM too. After this onboarding phase, OSM
instantiates the NS and consequently the VNFs. Additionally, OSM dictates Openstack to realize
the corresponding VDUs and the virtual network of the experiment. In our case, four VDUs are
instantiated in Bristol’s Openstack compute node. As explained in Section , three VDUs
of different flavors were deployed hosting the object recognition service. Based on them, the SC

decides at the beginning of each interval the running VDUs and directs the incoming traffic of

2https:/ /www.openstack.org/
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offloaded requests accordingly, solving the optimization problem in Section .

3.6 Experimental Evaluation

In this section, the experimental set-up and corresponding results of the proposed EC framework
realization and deployment are presented and discussed in detail. The proposed framework was
deployed in a real large-scale experimental facility of University of Bristol 5G testbed [95], that
exploited OpenStack and OSM for NFV orchestration. To highlight the validity of the proposed
location-aware EC architecture, a smart touristic application for crowded indoor areas was de-
ployed. The considered experimental set-up provided realistic conditions to evaluate the proposed
EC architecture for LBS from the perspective of: (i) location estimation accuracy, (ii) success of
the offloading decision and the application performance, and (iii) effectiveness of the scaling mech-
anism, (iv) a comparative evaluation with well established studies [89, 90]. Before proceeding with
the illustration and analysis of the the obtained results in terms of the aforementioned directions,

a detailed description of the experimental set-up and considered scenario is provided.

3.6.1 Experimental Set-up and Scenario

In the experimental scenario under consideration, the visitors of Millennium Square of Bristol
University testbed were scattered in a crowded touristic area, where several Pols exist. Leveraging
an object-recognition service, the visitors were able to retrieve interesting information about these
Pols. Google-powered TensorFlow [96] framework was deployed as the object-recognition service.
Tensorflow is an open-source machine learning platform that can be easily retrained to classify
the Pols. For the retraining phase, a data set containing real pictures of the Pols was used to
build an object detection model for our LBS. At the Device layer, the visitors were emulated
by Raspberry Pi devices equipped with the IMU sensor SparkFun MPU-9250 IMU Breakouta,
which contains a 3-axis gyroscope, a 3-axis accelerometer, and a 3-axis magnetometer. The Pi
devices offloaded requests to the proximate edge computing infrastructure using a wireless local
area network (WLAN) via an AC400 Nokia access point. Additionally, a laptop generated a large
number of requests in order to create a dynamic realistic workload. As explained in Section @,
the Edge layer of the proposed architecture deployment was achieved exploiting the OpenStack
and OSM for NFV orchestration, of the utilized tedbed facility. A powerful Dell PowerEdge T630
server with 32 vCPUs, 64GB RAM and 1TB storage was used to deploy all the necessary VDUs.
Initially, in order to compute various resource profiles of the application we created a measurement
data set and inferred three different types of VDUs. Table @ provides the computing resources
and the number of requests to be served per time interval for each resource profile. For every
flavor, the average response time is set to 5sec. The control time interval was set to 30 sec. At the
beginning of each interval, a workload estimation was computed according to Section and
subsequently the SC determined the combination of the running VDUs.

3https://www.sparkfun.com/products/13762
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Table 3.1: VDU flavors based on the Resource Profiling.

Flavor | vCPUs | RAM | Requests served per Interval | Average Response Time

Small 2 2GB 3 Ssec
Medium 4 4GB 14 bsec
Large 8 8GB 27 bsec

Table 3.2: Maximum error of estimation at each point of the trajectory of the user.

Point Maximum Error of Estimations (m)
0(0,0) 0

A(10,0) 0.08

B(IO,IO) 0.1131

C(10,20) 0.1789

D(18,20) 0.394

E(18,30) 0.4861

3.6.2 Evaluation of User’s Location Estimation

The purpose of this experiment is to demonstrate the accuracy of the location estimation technique.
Figure @ presents a sketch of Millennium Square topology. The wireless access point was located at
point A(10,0) and enabled the users to offload their requests to the EC infrastructure. Furthermore,
Figure @ illustrates the “offloading” map of the Millennium Square. In the green-colored area, the
wireless signal strength was high and the users were encouraged to offload requests, while the signal
strength was poor in the white-colored areas. The strength of the wireless signal was measured
using the Wavemon softwareE, and the areas were divided by setting the threshold for a good quality
signal to the value of —70dB. With respect to the differentiation in terms of signal strength in
these areas, please note that in the specific square in the “white areas,” physical obstacles exist
(e.g., metallic constructions), which cause high interference resulting in wireless “dead zones”.
However, these metrics were performed by a single user while in a real-world scenario, the users’
signal interference may heavily affect signal strength. To address this issue the offloading decision
considers both the location-based classification of a user according to the “offloading map” and the
contemporary signal strength of a user to specify his transmission capability in an online manner.
This procedure is fundamental for the proposed architecture since the object recognition service
is CPU-intensive. In such a way, we ensure that the transmission time is negligible relative to the
processing time of an offloaded request.

In order to evaluate the location estimation accuracy, the user repeatedly (i.e., five times)
followed a path of six already known points, starting from point O and finishing at point E, while
holding a Raspberry PI device mounted with the aforesaid IMU sensor. In Figure @7 for each
point, the real position is marked with a star, while the cross symbol refers to the estimated

position. At each point, the drawn circle represents the maximum estimation error. Additionally,

4https://github.com/uoaerg/wavemon
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Figure 3.3: The “offloading map” and the user trajectory scenario at the Millennium Square of
Bristol’s 5G testbed.

Table @ summarizes the estimation of maximum error at each predefined point. It is obvious that
the location estimation approach is very precise and the error is less than 0.5 meters in all cases,
which is acceptable in our scenario. It is also worthwhile mentioning that the estimation error is

cumulative, thus, the error becomes higher at the last point.

3.6.3 Evaluation of Offloading Decision

Based on the experimental set-up described previously, an experiment of one hour duration, was
conducted to validate the success of the two-step offloading decision mechanism and the perfor-
mance of the LBS on the edge infrastructure. A set of photos captured in Millennium Square were
used to generate requests, whose inter-arrival time follows a Poisson distribution. As depicted
in Figure @, the black-colored line represents the magnitude of requests that were offloaded by
the mobile devices based on the first step of the offloading mechanism. At the beginning of each
time interval, the estimation of these requests (green-colored line) was computed by the Kalman
Filter and was forwarded for further processing by the EC infrastructure. The blue-colored line
corresponds to the number of executed requests on the deployed VDUs after the final offloading
decision on the EC side, while the red-colored line represents the requests that were rejected by the
EC servers and were executed locally on the users’ devices. Two useful remarks can be discussed
here. First, the workload predictor can accurately follow the fluctuation of requests. It fails only

when a sudden change occurs (e.g., at 200sec). Therefore, the number of rejected requests is high
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only at these intervals, and until the prediction is properly and timely adapted, as shown in this
figure. Secondly, 91.37% of total requests were successfully offloaded and executed on the EC side,
while only 8.63% were executed locally on the devices, which evinces the success of the two-step
offloading strategy.

The proposed workload predictor is compared with an autoregressive integrated moving average
(ARIMA) model [89] which is widely used for time-series forecasting. For comparison purposes,
two well-known accuracy metrics are used, namely the percentage average error (PAE) and the
Best Fit Rate (BFR) [97], which are defined respecitvely,

PAE =100/ 21— 98] [yE’“[y_ ]@’“] |
k
El(yr — 9r)?]

BFR = 100% 1-—
emar(l =\ e g,

;0)

The lower the PAE score is the more accurate the predictor is. However the PAE metric is sensitive
to the values of large absolute error. Thus, we utilize the BFR metric which is more robust to the
effect of small set of values. Contrary to PAE, high score of BFR indicates precise estimation.Table
@ shows the score of Kalman-based and ARIMA-based workload predictors. As it shown, the
PAE score is very low for both predictors and ARIMA-based predictor is slightly better than
Kalman-based. On the other hand, the proposed workload predictors achieves significantly higher
BFR score than the ARIMA-based. These remarks indicate that both predictors provide successful
estimation, which is acceptable for the scaling and offloading decisions.

The key performance indicator of the object recognition service is the response time of the
requests. The execution time of a request by the mobile device varies between 30 to 60 sec.
Following the design principles of Section , the extracted resource profiles were selected
to have an average response time of 5sec, half of the maximum acceptance value by the users.
As it is shown in Figure @, the average response time of the offloaded requests throughout the
experiment is 4.75sec (below the aforesaid threshold), subdivided into processing time (with an
average of 4.02sec) and transmission time (with an average of 0.73sec). The average response
time of the offloaded requests is at least five times lower than the local execution, which indicates
that the resource profiling models effectively the performance of the application and motivates its
necessity for properly meeting the QoS requirements. This also demonstrates that the second step
of the offloading decision on the EC side becomes more of a requirement rather than a desire.
Finally, the low transmission time implies that the first step of the offloading decision benefits the

fulfillment of the user’s requirement.

Table 3.3: Comparison of the Workload Predictors.

Accuracy Metric | Kalman-based Predictor (%) | ARIMA-based Predictor (%)
PAE 3.72 0.25
BFR 73.81 63.38
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Figure 3.6: VDU flavors selected to operate at each interval according to the scaling mechanism.

3.6.4 Evaluation of Scaling Mechanism

The evaluation of the scaling mechanism was conducted based on the one-hour experiment de-
scribed in the previous subsection. In particular, Figure @ depicts the selected combination of
operating VDUs at each time interval. Each combination of operating flavors is illustrated with a
distinct color. Having in mind the prediction of requests in Figure @ and corresponding trend, at
the first intervals of the experiment only a few visitors offloaded their requests on the EC infras-
tructure. This workload was handled by a small or medium flavor VDUs. At the 600th simulation
second, more visitors swarmed in the Square interested in Pols, resulting in the gradual increase of
the workload, which peaked at 50 requests per interval at the 1200th second. During this period,
the full functionality of the scaling mechanism is clearly demonstrated. Specifically, to deal with
the rising traffic, the SC determined the appropriate combination of active VDUs in order to avoid
performance degradation. Moreover, even when the maximum number of requests occurred, the
average response time remained below 4secs. When the number of users began to decrease again,
the scaling mechanism adapted timely and released resources from the operating VDUs, to follow
the course. After the 2000th second of the experiment, the amount of requests fluctuates between
20 and 30 per interval. As it is shown, the scaling mechanism efficiently adapted the resources
of running VDUs towards the workload fluctuation. The success of this mechanism is further

strengthened by the performance of each VDU, as explained in detail below.
In Figure @, for each VDU, the average response time of the offloaded requests is depicted in

the respective subfigure. The information derived from these subfigures complements the operation
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Figure 3.7: Processing time of requests at each VDU per time interval

of the scaling mechanism, and elucidates the periods of time that each VDU is active or not. During
the whole experiment, there is only one time interval that the user’s maximum acceptable response
time is violated in the medium VDU. This implies that the scaling decision based on the resource
profiles and the estimation of requests can guarantee the QoS requirements and the success of the

final offloading decision.

3.6.5 Comparison of the Scaling Mechanism

In this section, we present a comparative evaluation of the proposed framework with the work
presented in [90]. Similarly to the proposed EC architecture, this work presented a set of intercon-
nected clusters forming a wireless metropolitan area network. Each cluster of computers; namely
cloudlet, has a static resource provisioning to serve the offloaded requests. The main goal of this
study is to redirect part of the incoming traffic of the overutilized cloudlets toward the underutilized
ones. In [90], the average response time for each cloudlet is calculated by a queueing model. Utiliz-
ing the M/M/c queue model, the maximum offloaded workload served at each cloudlet is bounded
by the corresponding service rate capabilities. The rest is considered rejected and redirected back
to the user to perform local execution of the request. The service rate of a cloudlet is defined as
the average number of requests that can be executed throughout a time interval. Following, the
results of a comparative evaluation between the two methods, are presented. Moreover, to ensure
an unbiased comparison, we deployed, the method presented in [90] in the same manner as the
system orchestration and experiment setup presented in Sections @,@ and we used the exact
same workload of requests for both setups. Following the design, in subsection the thresh-
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Figure 3.8: Comparative Experiment

old of the QoS violations is set at 10sec. In one hour of experimentation, as depicted in Figure
the resource profiles mechanism reported only 2.88% QoS violations contrary to 6.9% of the
queuing theory modeling proposed in [90]. The static placement of the three flavors discussed in
Section has a total of 14 vCPUs. On the other hand, our approach utilized 35% less or an
average of 9 vCPUs, throughout the experiment, as shown in Figure . More specifically when
the offloaded workload can be served the medium flavor VDU, as in the end of this experiment,
the static placement results in a waste of resources that could be used for another application.
Finally, to achieve all of the above, our framework had to reject 9.3% of the incoming requests,
while in [90] 1.21% was rejected. To sum up, a dynamic resource allocation mechanism along with
the resource profiles, are able to guarantee the QoS requirements while the resources utilized are

minimized, sacrificing a small percent of requests rejected.

3.7 Summary

This chapter focused on the introduction, design, and experimental evaluation of a scalable two-
tier Edge Computing architecture to realize location-based services in a smart city context. The
scenario that motivated this work and was used for validation purposes, considers several users
located in the vicinity of a tourist place, moving around looking for Pols, and holding portable
devices. Exploiting media content they opt to get additional information for the Pols through an
object-recognition service. As such, their requests are offloaded via Wi-Fi to an EC infrastructure
in order to reduce power consumption and improve response time.

In particular, we proposed and evaluated a location estimation technique to assist with a smart

offloading decision at the Device Layer, using contextual information of the users’ state (i.e.,
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position and wireless signal strength). Furthermore, a mechanism for scaling and allocating the
resources of the underlying infrastructure is realized to support and accompany the realization of
the final offloading decision at the Edge layer, which depends on resource availability. This EC
architecture is applicable in various MEC environments and mMTC application scenarios. The
overall approach was implemented and evaluated in a real 5G testbed exploiting NF'V orchestration
and widely used software tools (e.g., OpenStack, OSM) for the execution of the experiment. Based
on the obtained detailed experimental evaluation results, the location estimation method proved
very reliable for the smart touristic scenario under consideration. With this valuable estimation,
the two-steps smart offloading decision had a dominant role in the performance of the overall
system and architecture. The scaling mechanism and the resource profiles yielded remarkable
performance gains when compared to relevant well-established research works in the literature,
not only in terms of meeting the user QoS criteria but also in eliminating the under-utilization of

resources. The results of this Chapter are also presented in [9§].
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Chapter 4

Distributed Resource Autoscaling

in Kubernetes Edge Clusters

4.1 General Setting

Maximizing the performance of modern applications requires timely resource management of the
virtualized resources. However, proactively deploying resources for meeting specific application
requirements subject to a dynamic workload profile of incoming requests is extremely challenging.
To this end, the fundamental problems of (i) the scheduling of the incoming requests and (ii)
the appropriate instantiation of resources for hosting the application must be jointly addressed.
Kubernetes [63] is a state-of-the-art resource orchestration platform for containerized applications.
The Horizontal Pod Autoscaler (HPA)[99] is widely used to implement the scaling of resources. The
HPA’s functionality mainly relies on stabilizing the utilization of the deployed resources towards
meeting a target value of a single or a set of performance metrics, e.g., CPU utilization. Therefore,
the HPA scales horizontally the number of deployed containers to meet these targets. However, 5G
applications require more sophisticated scaling techniques to incorporate the dynamic nature of
the incoming workload and the complex operation of modern applications [[L00]. Meeting vital QoS
requirements via dynamic resource scaling is a major challenge primarily due to a set of competing
Key Performance Indicators (KPIs), such as the utilization of deployed resources and the response
time of the underlying application. A key enabler of scaling resources according to the workload
traffic is the identification of the maximum number of requests that can be processed by the
provisioned resources. Moreover, many recent Machine Learning (ML) based studies investigate
extensively the challenging problem of resource management [101]. Nevertheless, the proposed
ML-based solutions usually have a very challenging training phase and their scalability is limited
[102].

In this chapter we extend the work of Chapter E and contrary to the one-sided philosophy of

the HPA that takes into account only performance metrics, we propose a versatile architecture for
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resource management in Kubernetes Edge Clusters (KEC). We consider a scenario where users
offload their requests to a KEC for further processing. Although we evaluate the proposed ar-
chitecture with a web application, our solution can be tailored to the needs of any use case. An
Additive Increase Multiplicative Decrease (AIMD) based scheme is proposed for the task schedul-
ing problem. Our approach to scheduling is inspired by the AIMD algorithm, a celebrated method
for congestion avoidance in the context of network management [103]. The proposed AIMD-based
algorithm has recently been introduced in [104] and provides a stabilizing decentralized solution
for parallel task scheduling and resource allocation of distributed computing systems. Exploiting
the stability guarantees of this novel AIMD-like task scheduling solution, we dynamically redirect
the incoming requests toward the containerized application. To cope with dynamic workloads,
a prediction mechanism allows us to estimate the number of incoming requests. Additionally, a
Machine Learning-based (ML) Application Profiling mechanism is introduced to address the scal-
ing, by co-designing the theoretically-computed service rates obtained from the AIMD algorithm
with the current performance metrics. The proposed solution is compared with the state-of-the-art
autoscaling techniques under a realistic dataset in a small edge infrastructure and the trade-off

between resource utilization and QoS violations is analyzed.

4.2 Related Work

In this Section, we review some of the most notable approaches in the literature for addressing the
challenging research problems of task scheduling and resource management.

Baresi et al. [[L05], introduce a discrete feedback controller for cloud applications. The proposed
controller assigns CPU cores to VMs or containers to meet the required average response time under
the time-varying request rate of incoming requests. The proposed framework suits well with the
concept of web microservices and outperforms Amazon’s autoscaling controller. However, the load
balancing in this work is considered static. Similarly in [98], the authors rely on VM flavors to build
a scaling and load balancing mechanism to serve the incoming workload by adapting the number
of replicas for each VM flavor. They formulate an optimization problem to determine the scaling
decision while guaranteeing the QoS of the application and taking into consideration the available
Edge Cluster resources. In both the previous works, the incoming requests are load-balanced
with a static scheduling policy. Authors in [106] propose a solution for resource management in
the cloud by clustering workload to meet the QoS requirements. They incorporate performance
metrics using a decision tree (K-means algorithm) to determine the scaling decision. They utilize
an imperialist competitive algorithm that assigns the workload to the closest cluster and then
the resource provisioning is dictated by a decision tree algorithm. Therein, unlike our work, the
scaling decision tries to balance the CPU utilization among the deployed resources without having
guarantees for the QoS level.

Additionally, various studies in the literature propose auto-scaling approaches based on Ma-

chine Learning techniques. Igbal et al., [107] tackle the issue of multi-tier application auto-scaling
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based on a supervised learning method. Specifically, they nominate, among others, the Random
Decision Forest classifier to identify the appropriate resource provisioning scheme. The method
features a specific workload, predicted via polynomial regression and the arrival request rate on
the last k intervals on varying VMs that host web-based applications. Authors in [10§], intro-
duce an auto-scaler engine for Kubernetes that takes into account additional parameters compared
to the default HPA. They integrate a parameter that sets a trade-off between over-provisioning
and under-provisioning of the allocated resources for a precise workload, while they propose an
ML-based forecasting approach for predicting the request arrival rate on Web server applications
deployed on Kubernetes. Four distinct ML methods are implemented and compete for the scaling
decision depending on their performance during a specific time window. Rossi et al., [109] present a
Reinforcement Learning approach towards both horizontal and vertical scaling for container-based
applications. Two distinct action models are proposed, where one acts either for horizontal or
vertical scaling, while the other can perform two-dimensional scaling (both horizontal and verti-
cal). However, the cost function used in the models does not contain any information regarding
the incoming workload. Compared to the discussed ML-based approaches, in this chapter we pro-
vide an Application Profiling Mechanism, which uses an ML-based classifier trained with features
gathered from workload estimation and monitoring performance metrics, taking also account of
the theoretical values of the service rates obtained form the AIMD mechanism. Moreover, most of
the aforementioned works provide centralized solutions for the resource management of resources.
Moreover, in most cases, the task scheduling is decoupled from the scaling decision. In addition,
determining the resource scaling decision typically falls in the order of seconds, which also adds

significant overhead to the overall performance and fails to adapt to rapid changes in the workload.

4.3 Contributions & Outline

The key contributions of this chapter are summarized as follows:

¢ A holistic scalable architecture to tackle the joint problem of task scheduling and proactive re-
source management in KEC. We exploit an AIMD-like solution for the scheduling problem of
incoming requests. The proposed event-triggered AIMD scheme facilitates proactive scaling
of resources subject to a dynamic workload profile via a novel, intuitively conceived triggering
locally identifiable condition. This mechanism enables decentralized resource orchestration

at the network edge.

e An Application Profiling Modeling component is introduced that leverages information from
(a) the scheduling and resource allocation solution, (b) the monitored KPIs, and (c) the
workload prediction algorithm to estimate the essential number of replicas for meeting the
workload demand. By collecting a set of distinct resource profiles, all associated with a
stabilising resource allocation solution obtained from the AIMD mechanism, we can optimize

resource utilization without violating the overall system stability. Then, the scaling decision
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is performed using a simple ML technique that allows us to also incorporate the performance
metrics. The proposed design is scalable and easily re-configurable solution for the autoscaling
problem in KECs.

e The proposed architecture is evaluated in a small-scale KEC using a real dataset of a touris-
tic web application. Our numerical results illustrate how to efficiently trade-off between
allocated resources and application performance, highlighting that the proposed framework
significantly outperforms various configurations of well-known autoscaling solutions in terms

of the utilization of resources.

4.4 System Architecture

In this Section, we present the core components of the proposed architecture deployed in the KEC.
We assume that IoT devices generate workload for a specific application that arrives at the edge
layer. We select Kubernetes as the Resource Orchestrator of the virtualized resources. Therefore,
the architecture relies on widely used open-source state-of-the-art software tools for resource man-
agement and monitoring. An example application could be but is not limited to a computationally
intensive algorithm, such as image classification. We should note that in most cases, Kubernetes
is mainly used for web applications that need to perform rapid scaling decisions according to the
ingress traffic. The proposed architecture operates in the same layer as the Resource Orchestrator
and has three main components, namely i) the Load and resource Controller, ii) the Application
Profiling Modeling, and iii) the Workload Estimator, as Figure @ depicts. These components are
responsible for incorporating the dynamics of the resource allocation mechanisms with the ones
of the time-varying workload. In particular, we attempt to propose a holistic solution that simul-
taneously optimizes well-defined metrics related to the infrastructure (computing resources), and
stabilizes the performance of the offloaded application, leading to safe, predictable, and optimal

behaviors. The main functionality of each component can be summarized as follows:

1. Load and Resource Controller: the objectives of this component are (i) task scheduling
and (ii) resource autoscaling. Regarding the first objective, this component is responsible for
dynamic task scheduling of the offloaded requests based on the output of the AIMD algorithm.
Secondly, using information from the Application Performance Modeling component, this
component dictates the resource allocation strategy, aiming at guaranteeing the application’s
performance requirement in terms of QoS metrics and concurrently guaranteeing various

system properties, such as stability.

2. Workload Modeling: this component is responsible for estimating the number of incoming
requests for the containerized application leveraging a time-series forecasting method. The

output of this component is used to take proactively scaling decisions.

3. Application Performance Modeling: this component aims at constructing representative

dynamic models that can be subsequently utilized for dynamic resource allocation operation
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Figure 4.1: The proposed System Architecture for KEC.

of KECs. Based on ML, various models are extracted to sufficiently express the dynamic
relationship between output (QoS) and control variables, respectively, i.e., allocated CPU

resources, admitted workload, and active requests.

Kubernetes is used in this work as a resource orchestration platform. In this ecosystem, (i) a
pod is the smallest deployment unit of computing resources for a containerized application, (ii)
a service is an abstract way to declare applications as a network service, and (iii) deployment
is a declarative way for the instantiation, configuration, and scaling of the pods that serve an
application. Typically, multiple containers co-exist in the same application pod, managed as the
same entity. Without loss of generality, we assume that each pod hosts exactly one container.

Next, we define the application Resource Profiles:

Theorem 2. An application Resource Profile @; is the relationship between the allocated resources
of a pod and the mazximum request rate of incoming requests that the pod serves while keeping a

certain QoS level.

For example, we assume that one container allocated with 1 vCPU and 1 GB of RAM, can
serve on average 2 requests per second without having QoS violations. We let m be the number
of the different resource profiles for a specific application. Therefore, a Kubernetes service and
deployment are realized for all resource profiles; ¢;, ¢ = 1,...,m. We define App Deployment
as the abstract way to refer to the network and the computing resources of each resource profile.

Then, each App Deployment has different available resource limits for the deployed pods. In the
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context of Kubernetes, the resource limits are used to enforce that the instantiated containers of
the pod will operate in predefined regions in terms of CPU and memory. Moreover, for each App
Deployment, r; denotes the number of identical pod replicas that are running. The upper replica
limit is considered to be the same for all deployments and expressed as T,4.- To identify the
resource profiles, extensive offline experimentation has been carried out involving three different
configurations regarding (i) the incoming request rate, (ii) the resource limits, and (iii) the number
of replicas. The aim was to empirically compute the maximum request rate before QoS violations
occur for different sets of resource limits and replicas.

Concerning the monitoring system, we rely on Prometheus [110] for collecting (i) the workload-
, (ii) performance- and (iii) application-, related metrics. The metrics are updated at each time
slot. Moreover, we utilized the Custom Pod Autoscaler (CPA)[111] as the controller that scales
the App Deployments. For each resource profile, a CPA instance is realized to scale in/out the
number of replicas, which varies from zero to 7,,4,. Contrary to CPA, HPA does not support zero
replicas. Hence, CPA enforces the scaling decision of the Load and Resource Controller, checking
for changes in the desired number of replicas at each time slot.

The core intelligence of the proposed framework is provided by the Load and Resource Con-
troller. The incoming requests are load-balanced between the App Deployments according to the
output of the scheduling algorithm, which is deployed on this component. The Workload Estima-
tor takes input from Prometheus to predict the incoming workload. At each time slot, given this
prediction, the performance metrics, and the output of the scheduling algorithm, the Application
Performance Modeling component computes the desired number of replicas for each App Deploy-
ment using an ML model. Then, the Load and Resource Controller exposes the scaling decision
for each App Deployment, via the Custom Metrics Adapter to be fed to the CPA’s Controller unit.
The complete architecture of the proposed solution is illustrated in Figure @ In the following
Sections, the above three components are analyzed in detail.

4.5 Load and Resource Controller

This Section provides all the necessary information for the operations of the Load and Resource
Controller. Initially, an overview of the AIMD-like task scheduling algorithm is described. Then,

the actual implementation of the algorithm for a KEC is presented.

4.5.1 AIMD-like Task Scheduling Algorithm

As Figure shows, a central task queue §(t) is defined as an aggregation point for the incoming
requests with an arrival rate A\(¢) and then served in a First Come First Served policy. An event is
generated whenever this queue empties, which is guaranteed to happen since the admission rates
u;(t) are piecewise increasing functions of time. At the time of the event, i.e., when the queue

empties, the admission rates drop instantaneously. Each request is processed via a multi-queue
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Figure 4.2: A multi-queue system with AIMD policy.

system with multiple processing nodes. Each processing node i = 1, ..., n has a service rate v;(t)
and the queued requests at each node are denoted with w;(¢).

The proposed algorithm has two phases, namely, (a) the Additive Increase (AI) phase and (b)
the Multiplicative Decrease (MD) phase. During the first phase, the admission rates towards the
processing units continuously increase aiming to admit all of the requests and drain the central
queue. Inevitably, an event is triggered, i.e., §(tx) = 0, where k is the number of events. At this
instant, the scheduling algorithm enters the MD phase, which enforces a rapid decrease in the
admission rates, and then reenters the first phase immediately.

The admission rate towards the i*" processing node is defined as:

where ¢ is the current time, ¢, is the time of the k' last event and o; > 0,0 < 3; <1, i=1, ..., n
are tuning AIMD parameters. Specifically, the «; is the growth rate of the admission rate of node %
and f; is the multiplicative decrease factor of the admission rate when an event is generated. Thus,
a request arriving at the aggregation point stalls at the central task queue until it is redirected to
a processing node. The rate of redirecting requests from the central task queue to the processing
nodes at each time is Y. u;(t). It is easy to show that the inter-event period between two events
is defined as: N

T(k) = max(0, Ak) = En:i:% Bius(k)

i1 30

where wu;(k) is the admission rate towards the i* node at time ¢t = t;. Under the scheduling
solution (@)—(@), results from [[L104] indicate that if we consider the following decentralized

resource allocation policy for the service rate of each node at the k** event:

), (4.2)

i(tk) = Biwi(tr) + v/2a:w; (tr), (4.3)

then, the overall systems is stable, in the sense that performance metrics, such as execution and
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response times, are bounded as more requests are added to the system. QoS requirements can
be attained by an efficient tuning of the AIMD parameters, see e.g., [112]. Moreover, individual
service rates are adjusted only when an event occurs via the decentralised feedback rule (@) which
requires only local information, namely, the local admission rate u; and queue length w;. To sum
up, requests arriving at the first queue are not served instantaneously by a processing node having
a slight increase in the total response time, however, they are placed in subsequent local queues in
a way guaranteeing the stability of the overall system. We should note that the AIMD parameters
can be selected individually for each processing node and remain constant. Thus, Eq. (@) is a
decentralized feedback resource allocation controller, scalable and locally configurable. Moreover,
in [[L04] it is shown that T'(k) also converges after a few steps of the algorithm. For the interested

reader, a survey on AIMD-like algorithms is presented in [113].

4.5.2 Integration with Kubernetes

In this section, we provide information about the integration in Kubernetes of the Load and
Resource Controller component that exploits the AIMD-like task scheduling policy and resource
allocation.

To develop the AIMD algorithm several open-source software tools and technologies are used.
In what follows we briefly explain the functionalities, as we believe it is important for understanding
the rest of the chapter. In Figure @ the main components are presented. The ingress traffic for
a specific application hits the exposed service of a Flask Rest API. This API is the aggregation
point that also performs the task scheduling policy. To implement the dynamic task scheduling
policy of the AIMD algorithm, we selected Python Celery, which is a software that suits well
with Flask and the main functionality is to create workers to implement asynchronous tasks. The
workers communicate via redis, a messaging broker, monitoring several events, e.g., the arrival
of a request, completion of a task, etc. The Queue Worker implements the central task queue
d(t). Celery can implement a rate limit for each worker, thus, the Queue Worker redirects tasks
with a rate of Y ! u;(t) at each time slot. Moreover, the Beat Worker is triggered every time slot
to update the admission rates and enforce the new rate limit to the Queue Worker. Hence, the
requests may hold in the aggregation point before being redirected to the processing nodes due
to the rate limit. We should note that the rate limit is a common practice at the production
level to enforce billing policies for the incoming traffic. The dynamic task scheduling policy serves
as a stabilizer for the processing nodes giving them time to process the requests and instantiate
new resources accordingly. All configuration and monitoring of these procedures are stored in a
Postgresql relational database.

As mentioned above, we consider ¢,,,7 = 1,...m, distinct resource profiles with different pro-
cessing capabilities as the processing nodes. For each resource profile, a separate Celery Worker is
created to redirect the HTTP traffic from the Queue Worker to the corresponding Application Pod
that serves the virtualized instance of the application. We consider that if a request is redirected

by a Celery Worker towards the " application pod then it belongs to the w; queue. Subsequently,
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Figure 4.3: AIMD integration with Kubernetes.

we dynamically load balance the incoming workload on the instantiated pods.

The proposed architecture is scalable and operates in a distributed manner as for each comput-
ing node, no knowledge of the state of other nodes is needed. We should also mention that in the
case of multiple applications is also possible having multiple aggregation points for the incoming
workload. However, a missing capability is to interpret, and subsequently enforce the computed
theoretical service rates to each processing node, in other words, decide the number of replicas
for each resource profile ¢; to guarantee at least a service rate of ;(k). In the next Section, we
provide a solution to this challenging problem.

In the following Sections, we present the last two components of the proposed system architec-
ture i.e., (a) the Workload Estimator, and (b) the Application Profiling Modeling.

4.6 Workload Estimator

To timely adjust the service rate of the deployed resources, it is of high importance to predict the
admission rates. Asthe AIMD algorithm dynamically changes the admitted workload u;(t) towards
the pods, the Workload Estimator tries to estimate the number of requests that will be admitted
since the next event under the dynamic workload. This is important as continuously applying
different service rates to the pods, i.e., scaling out/in the number of replicas may lead to per-
formance deterioration. Hence, we deploy an autoregressive integrated moving average (ARIMA)
model [] Such predictive techniques are very common for time-series forecasting. The model
is trained using offline information and retrains online as the workload varies. This information is
then used from the Application Profiling Modeling component to deploy the desirable number of

replicas for each resource profile.
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4.7 Application Profiling Modeling

The Application Profiling Modeling is based on machine learning (ML) techniques, which essen-
tially involve the classification of distinct combinations of computing resources concerning the
application’s service rate. The classification reflects the number of replicas r; of a resource profile
i, leveraging various metrics retrieved from the core components of the proposed framework. Tak-
ing into consideration the workflow followed by the Load and Resource Controller, separate ML
models-classifiers are implemented for each resource profile. Subsequently, the training process of
distinct models demands separate data that characterize the respective resource profile ¢;. Thus,
hereby, a description of the data collection process is initially given.

Data Generation: The appropriate scaling decision is directly related to the satisfaction of
the QoS constraints. Considering the discussed architecture, several features can be taken into
account to characterize the performance of a pod and of course, the dynamic conditions regarding
the pod’s resource utilization, the service and admission rates occurred by the task scheduling
solution. To acquire the data that contain mandatory metrics regarding the scaling decision, we
conducted offline experiments, utilizing the components of the proposed architecture for isolated
resource profiles. In detail, per experiment, only one resource profile is used for the corresponding
application. Different configuration schemes of (i) the incoming request rate, (ii) the resource limits,
and (iii) the number of replicas were applied to identify settings that meet the QoS constraints for
the underlying application. Subsequently, the collection of data, is categorized in the components
of the architecture as depicted in Table @ The data are filtered before the processing phase to
contain only valid training samples in terms of QoS guarantees based on the average response time
of the application occurring from node 7. The average response time of the requests in the last
inter-event period in node 7 is denoted as art;. Moreover, we utilize the ARIMA-based Workload
Predictor to get an estimation regarding the admission rate for each resource profile, denoted by

u? ed " This feature contributes to the Application Profiling Modeling component to consider a

pred

characterization of the workload in a specific time window. Specifically, u;

. is determined by a

real
)

specific range of previously gathered u values.

Dataset Pre-processing: The collected data from the aforementioned experiments are raw and
therefore not suitable for training machine learning models. The retrieved features are on a different
scale. To achieve faster training and improved classification accuracy, we perform feature scaling
with normalization by utilizing the MinMawScalerﬂ. Normalization of the features leads to values
that range between 0 and 1, and, so each feature contributes equally to the classification process,
especially to distance-based classification algorithms. Depending on the configuration of each
experiment, the distribution of samples across the known classes (i.e., number of replicas) might be
biased or skewed. Data imbalances can affect classification predictions when they are not properly
managed. Thus, balancing the dataset is mandatory before proceeding. One way to address this

issue is to generate new samples in the class which is under-represented. The most naive strategy

Lhttps://scikit-learn.org/stable/modules/generated /sklearn.preprocessing.
MinMaxScaler.html
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Table 4.1: Dataset’s Features Specifications.

Feature \ Component \ Specification
i AIMD Algorithm The service rate of each node.
W; AIMD Algorithm The queued requests at each node.
Uu; AIMD Algorithm The admission rate to each node.
yreal Performance Metric Thfe actu.al admission rate to each node during
g a time window.
yPred Predicted Metric The' admission rate predicted by the Workload
v Estimator for each node.
art, Performance Metric The average response time obtained by each
node.
r Performance Metric The number of replicas for the underlying re-
source profile ;.

Application
pod
N
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< Algorithm Metrics
% |
84| i Wi, wil | [[w™ed, art, ;]
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Figure 4.4: Data Generation Workflow for the Application Profiling Modeling,.

is to generate new samples by randomly sampling with the replacement of the currently available
samples. The RandomOwverSampler offers such a scheme, and we utilized this technique from
the sklearn python library. Another aspect of the pre-processing phase is the feature importance
computation, as well as the correlation between them. So, we calculate the feature importance using
Random Forest Algorithm [115], to identify the features that reflect more information regarding our
classification problem while reducing the dataset’s dimensions. Nevertheless, the dimensionality
reduction of the feature space will lead to a faster training process in general and specifically faster

prediction. In our case, the selected features after the normalization are the (i) ul®®, (i) ~, (iii)
w;, and (iv) u?".
ML-based Application Profiling: The Application Profiling Modeling component undertakes

the process of providing the CPA with the value of r;, at each event, leveraging the aforementioned

real

selected features, i.e., w;, vi, u;®", u

rred - Considering the fact that the sample points of the
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Table 4.2: Classifiers’ Accuracy on Test Dataset

. Accurac
Classifiers Small | Mediuni, | Large
Support Vector Machine 0.51 0.55 0.66
Logistic Regression 0.44 0.57 0.60
Random Forest 0.75 0.87 0.83
k-Nearest Neighbors 0.72 0.80 0.79
Random Forest - optimized 0.76 0.88 0.87
k-Nearest Neighbors - optimized | 0.76 0.90 0.87

dataset are labeled, as the class index is the number of replicas r;, we attempt to train and
evaluate several supervised learning algorithms to produce the profiles for each ;. In precise,
the following algorithms were trained and evaluated: Logistic Regression (LR) [116], k-Nearest
Neighbors (kNN) [117], Random Forest (RF) [115] and Support Vector Machines (SVM) [118§].
We perform benchmarks to nominate the algorithm that will be used in the Application Profiling
mechanism. As Table @ shows, three different resource profiles are used. For each resource profiles,
we generate a training and an evaluation dataset. Relying on the aforementioned pre-processing
techniques, dataset preparation is performed, prior to the training phase. The ratio between
training and test sample points is 70% to 30% of the initial dataset. Initially, the ML-algorithms
are trained with their default hyperparameter settings. The performance of the algorithms is
evaluated based on their accuracy score on the test set. Table @ illustrates the accuracy of
the ML algorithms for each resource profile. In general, the kNN and RF methods achieve the
highest accuracy score compared to the rest classifiers. Thus, we perform optimization for these two
algorithms via hyperparameter tuning, using grid search technique, where multiple hyperparameter
configurations are tested. This procedure significantly increased the accuracy of the optimized kNN
and RF algorithms. However, generating a large dataset to further increase or test the accuracy of
the proposed ML models is very challenging. In particular, in our case, the performance metrics
heavily rely on the infrastructure capabilities, the type of requests and the application. On the
other hand, working with small-scale datasets may lead to overfitting the ML models. As a result,
we select the kNN algorithm as it is an instance-based learning algorithm with fast training phase,
and it involves only storing feature vectors and class labels of the training samples. Also, it
suits multi-class problems like our and its non-parametric nature is appropriate for small datasets
since no assumptions on the data distribution is required. We note that the proposed scaling
decision runs in the order of ms, so the overall performance is not disrupted. More details on KNN

hyperparameter configuration are given in Section @

4.8 Experimental Evaluation

This Section presents the experiment setup and the experimental evaluation of the proposed ar-

chitecture with other autoscaling schemes for KECs. We deployed a Kubernetes cluster using 3
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Figure 4.5: Workload Trace used for training and experimentation.

Table 4.3: Resource Profile Setting.

’ Resource Profiles \ Small \ Medium \ Large ‘

CPU cores 1 2 4
RAM (GB) 2 1 8
[, Bi] 04,05 | [1,05] | [2.4,0.5]
Max Req 1.5 3.6 7.8
Rate (req/s)
i 1 2 3

Openstack VMs in two Intel Xeon Silver 4110 servers. We consider three different resource profiles,
m = 3, namely small, medium, and large, following the production standards, see, e.g., Azureﬂ.
The maximum number of replicas selected is 7,4, = 4. The resource limits and AIMD parameters
for each resource profile are presented in Table @ Also, in the same Table, the maximum request
rate that a pod can serve before noticing QoS violations is presented. The selected application
is a simple image classification application that uses OpenCV. We assume that if a request takes
three times more than expected to be processed then we have a QoS violation, and the request is
rejected by enforcing a connection timeout.

Every time slot of 0.1 sec, we scrape the Prometheus metrics and the Beat Worker operates.

For the offline training of the ML-based Application Profiles, we used a workload trace acquired

2https:/ /azure.microsoft.com/en-us/pricing/calculator/
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Figure 4.6: The performance of the proposed DRA method.

from Ferryhopper websiteE, which provides ferry booking services around Europe. Figure @
presents the per minute distribution of HTTP request rate spanning in six days. The data of the
first four days were used to train the Workload Estimator and the Application Profiling Modeling
components, i.e., the ARIMA model and the ML-based Application Profiles. The data of the last
day is used for the evaluation part. The ARIMA model was trained using the autoarima package,
which yielded a model of order (3,1,1).

Regarding the kNN models, used in the application profiling mechanism a hyperparameter
tuning is performed, using 10-fold cross-validation [], which is a typical ML modeling optimiza-
tion technique. The basic hyperparameters of kNN are (i) the k parameter, which determines the
number of neighbors that are taken into account to classify a new sample, (ii) the distance mea-
surement between the sample points (e.g. euclidean), and (iii) the weight for the distance. After
the optimization, the hyperparameters configuration is: (1) for the small resource profile: k = 2,
distance=euclidean and weight=1/distance, (ii) for the medium: k = 1, distance=euclidean and
weight=uniform and (iii) for the big k = 16, distance=manhattan and weight= 1/distance.

We compare the proposed architecture, hereinafter Distributed Resource Autoscaling (DRA),
with four different setups, namely (i) modified HPA (m-HPA), (ii) S-HPA (iii) M-HPA, and (iv)
L-HPA. The m-HPA, on the one hand, utilizes the three resource profiles by load balancing the
incoming requests with a constant ratio. On the other hand, the resource scaling decision is dictated
by an HPA instance for each resource profile by targeting 70% of CPU utilization. The last three
setups deploy only one resource profile at each time, i.e., only small (S-HPA), only medium (M-
HPA), or solely large (L-HPA) resource profiles, respectively. Moreover, the scaling is, again,
performed by HPA by targeting 70% of CPU utilization for the deployed replicas. These setups

3https://www.ferryhopper.com/
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Figure 4.7: The Total CPU cores utilized for each method throughout the experiment.

are all evaluated against a seventy-minutes workload taken from the test data of the Ferryhopper
trace. All HPA instances operate every lsec. The experiments were conducted ten times for each

method, and all the results are averaged.

In Figure @, we illustrate the performance of the proposed DRA method. The first diagram at

the top shows the incoming request rate A(t) and the admission rates u[®*(t), i = 1,2,3, towards

the small, medium, and large resource profile, respectively. at each time slot. As expected, A(t)
is distributed according to the AIMD-based scheduling solution Eq. (@), while the workload
o

share of each resource profile depends on the ratio —= e In particular, the average admission

k3

i=1
rates of the small, medium and large resource profile, respectively, for the entire experiment, are
calculated as 12%, 31% and 57%, which are consistent with the ratio —s“—. The lengths of

i

=1
individual queues of the application pods denoted by w;(t) are depicted in the second diagram.

Evidently, when the workload is peaked, individual queues grow reasonably indicating an increase
in local backlog. The AIMD-based service rates 7;(k) for each resource profile, as obtained from
Eq. (@), are shown in the third diagram from the top. Recall that ~;(k) is a strictly increasing
function of w;(t) as shown in Eq. (@) This coupling is clearly demonstrated in the second and
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Table 4.4: Results for the five experiments.

Total Average

Setup QoS CPU

Violations cores
DRA 1.17% 13.1
m-HPA 0.52% 16.2
S-HPA 3.64% 14.8
M-HPA 0.93% 14.7
L-HPA 0.2% 14.2

third diagrams. The ML-based scaling decision is shown at the bottom diagram. The number
of deployed CPU cores for each resource profile, is illustrated at each time slot, and the scaling
decision takes into account the behavior of all previously shown metrics. The rest features of the
ML-based profiles are omitted as they do not add any value to the discussion of the results.

In Figure @, the utilized CPU cores needed to serve the incoming requests at each time slot are
illustrated, for all methods. The HPA-based solutions, i.e., S-HPA, M-HPA, and L-HPA utilize on
average 14.8, 14.6, and 14.1 CPU cores respectively, throughout the experiment. The M-HPA and
L-HPA provide negligible QoS violations, i.e., 0.2% and 0.9% respectively, however on the peak of
the workload both need at least 28 CPU cores to operate. This occurs because of the lack of a task
scheduling algorithm that leads to instantiating under-utilized cores. Nevertheless, for the S-HPA
solution, which intuitively could be the most fine-grained scaling solution, we can notice that it has
on average the same performance in terms of CPU cores, however, leading to a significant increase
in lost requests, namely, 3.64% of the total. This is reasonable as the small resource profile can
serve only 2.5 requests per second as shown in Table @ For the m-HPA, we can assume that
under the assistance of the task scheduling policy, the total QoS violations are minimized, however,
the average CPU cores are maximized, leading to 16.1 CPU cores. As one can notice, our method
outperforms all other setups, utilizing on average 12.6 CPU cores to handle the incoming varying
workload, having only 1.8% total QoS violations. Hence, the provided solution outperforms all
others, having at least 8% fewer CPU cores utilized throughout the experiment. It is evident,
that the task scheduling mechanism is key to handle the time-varying workload and optimizing

the utilization of the deployed resources. Table @ summarizes the results of the experiments.

4.9 Summary

This chapter presents a scalable architecture for resource management in KEC. The proposed
method provides a solution to the task scheduling problem. Also, based on the theoretical results
from the proposed AIMD-like algorithm and various performance metrics, we introduce an ML-
based Application Profiling mechanism that decides the number of replicas for the different resource
profiles to proactively and in a decentralized manner, scale the deployed resources to serve the

incoming workload. Our framework outperforms other commonly used solutions for autoscaling,

72



DISTRIBUTED RESOURCE AUTOSCALING 4.9. SUMMARY

as the average CPU resources are at least 7% less, having only a slight increase in QoS violations.

The results of this Chapter are also presented in [120].
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Chapter 5

A switching ofloading mechanism
for path planning and localization

in robotic applications

5.1 General Setting

For optimizing offloading the tradeoffs between computing and communication resources must be
investigated with a focus on control design, estimation, and implementation [565], [121]. Recently, a
specific effort is placed on exploring the offloading opportunities of the decision-making and mon-
itoring algorithms (control and estimation) in the path planning problem for autonomous agents
[29]. To this end, a control-based, computation offloading mechanism for robotic applications
in Edge Computing ecosystems are a convenient way to optimize offloading. Also, following the
paradigm of approximate computing, one may decide to reduce the computations of the specific
algorithm having as a return a slight decrease in the overall accuracy or quality.

In this chapter, we propose a computation offloading mechanism for robotic applications. In
particular, we realize an IoT-enabled localization and path planning framework and verify the
expected gains of computation offloading by utilizing a real Edge Computing setting. To achieve
this, we design and implement local and remote localization and path planning controllers, fol-
lowed by a scheduling mechanism. The offloading mechanisms are treated as switches, leading to
different dynamics of the resulting closed-loop system. Specifically, the algorithms involved in the
localization process are decided to run remotely, rather than locally, when the uncertainty of the
robot’s pose is high and at the same time the network and computing resources status at the Edge
is favorable. On the other hand, path planning is offloaded when the robot navigates in a part of a
map where better planning strategies can be achieved through involved algorithms that can only be

executed remotely. These switches compose a switching system that is adaptive and can operate
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under different scenarios and applications. This architecture perspective, which constitutes the
main contribution of this chapter, offers our framework a degree of contextual awareness; that is
the ability to sense and dynamically adapt to the robot’s environment, implicitly enhancing to an

extent the robustness of its operation, as well as improving the QoS of the supported applications.

5.2 Related Work

Computation offloading in current and next-generation networks is becoming increasingly im-
portant due to the proliferation of the Internet of Things (IoT) real-world applications [122].
These applications introduce a vast number of low-capability, low-energy devices to the network-
ing ecosystem, which regularly need to perform computationally intensive and/or energy-hungry
tasks. However, when latency and energy consumption minimization are required, the limited
resources of the IoT devices prove inadequate [123]. For example, in Industry 4.0 and especially
in collaborative robotics, where humans and robots work together in dynamic environments, com-
putationally heavy algorithms enable ToT devices in sensing and actuating[[124]. Consequently,
large amount of information has to be processed and complex algorithms need to be executed in
real-time.

The increasing availability of networking in the Edge and Cloud supports new approaches, where
processing is performed remotely, with access to extensive computing and memory resources. In
this direction, Edge Computing (EC) alongside Fog Computing (FC)[[125] constitutes a particularly
prominent way of dealing with the aforementioned shortcomings of IoT devices. FC offers an
attractive alternative providing low-latency and high energy-efficient operation, while maximizing
system performance. This paradigm is currently more relevant than ever, especially in the context
of the much-anticipated Industry 4.0 revolution [126] and Industrial IoT (IIoT), where Fog Robotics
(FR) is introduced. FR can be defined as the architecture that distributes computing, storage and
networking functions at the Edge/Cloud continuum in a federated manner[127], i.e. where robots
and automation systems rely on data or code from a network to support their operation.

Suitable as it may seem, solely utilizing remote computational resources is not enough; a number
of unwanted phenomena potentially take place in the transmission and processing of the informa-
tion, such as network latency, variable Quality of Service (QoS), and downtime. For these reasons,
autonomous mobile robots often have some capacity for local processing when targeting low-latency
responses, and during periods where network access is unavailable or unreliable. Consequently, a
major challenge, from a control design, estimation, and network optimization point of view is to
combine local and remote resources in an efficient way.

Open challenges in this area throughout the literature are concerned with developing adaptive
multi-robot /machine control, capturing, modeling, predicting, and anticipating the agent’s interac-
tions, and designing distributed control and path planning algorithms that deliver flexible and safe
working environments. Approaches similar to ours include [12§], where gesture-based semaphore

mirroring with a humanoid robot is split to remotely and locally executed functionality; [129], in
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which the authors identify a three-layered environment (Robot, Edge, and Cloud) to overcome the
challenges of network limits in a Deep Robot Learning application and [130] where Dew Robotics
is introduced; this concept posits that critical computations are executed locally so that the robot
can always react properly, while less critical tasks are moved to the Fog and Cloud, so to exploit the
larger availability in computing, storage, and power supply. However, none of the aforementioned

offloading decision schemes addresses the dynamic nature of the robot’s environment.

5.3 Contributions & Outline

The scenario addressed in this chapter involves a mobile robot equipped with sensing, computing,
and wireless communication capabilities, which makes its way from a starting position to a target
position in an operating ground (e.g., a factory floor), navigating through obstacles. This function-
ality is a key component to realizing autonomous robotic navigation in Industry 4.0 use cases, e.g.,
warehousing and logistic robots which automate the process of storing and moving supply chain
goods. Tracking the robot’s location is essential for robust and safe trajectory planning. However,
a common problem in such a scenario is that the uncertainty in estimating the exact pose (i.e.,
position and orientation) grows over time in motion, due to inaccuracies in sensing, wheel slips,
and hardware failures. Thus, the importance of an accurate, dynamically adjusted localization
technique is evident. The key contributions of this work that differentiate it from the rest of the

literature are summarized as follows:

e A novel computation offloading mechanism for robotic applications that utilizes an Edge

Computing setting to improve the accuracy of both the robot’s localization and trajectory.

¢ An offloading scheme, based on switched systems, that addresses the dynamic nature of the

robot’s movement and deals with the unpredictability in its exact pose over time.

e An innovative position and orientation estimation component that achieves high precision
while using the simplest camera system and the minimum amount of identified natural land-

marks.

5.4 Architecture Overview

The scenario addressed in this work involves a mobile robot equipped with sensing, computing,
and wireless communication capabilities, which makes its way from a starting position to a target
position in an operating ground (e.g. a factory floor), navigating through obstacles. This func-
tionality is a key component to realizing autonomous robotic navigation in Industry 4.0 use cases,
e.g. warehousing and logistic robots which automate the process of storing and moving supply
chain goods. Tracking the robot location is essential for a robust and safe trajectory planning.
However, a common problem in such a scenario is that the uncertainty in estimating the exact

pose (i.e. position and orientation) grows over time in motion, due to inaccuracies in sensing, wheel
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slips, hardware failures, etc., [131]. Thus, the importance of an accurate, dynamically adjusted
localization technique is evident.

In our case self-localization through landmark assisted pose estimation is implemented; the
robots are equipped with a camera module, while in their proximity unique cylindrical beacons
are used as landmarks to assist in the pose estimation process. In the computationally demanding
involved algorithms, two offloading opportunities are revealed in, namely, pose estimation and path
planning. To this purpose, a small-scale network infrastructure is set up, connecting the robot to a
wireless LAN (WLAN) through an Access Point located within the robots’ network range, which in

turn connects via a wired connection (LAN) to a server in the robot’s proximity, the Edge Server.

Locally, the intangible assets include the (i) the Tracking Controller (TC), (ii) the Local
Odometry-Based Estimator (LOE), (iii) the Local Beacon-Based Estimator (LBE), (iv) the Local
Path Planner (LPP) and (v) the Offloading Decision Mechanism (ODM) components, all located
within the robot; component (i) is responsible for carrying out movement-related decisions, (ii),
(iii) and (iv) are the locally executed pose estimation and path planning applications respectively
and (v) encompasses the intelligence of our switching system by monitoring the offloading-related
metrics and realizing the offloading decisions. On the remote side, containerized counterparts of
the path planning and pose estimation applications are co-hosted on the Edge Server; these are
namely (vi) the Remote Beacon-Based Estimator (RBE) and (vii) the Remote Path Planner (RPP)
which are able to receive offloaded requests from the robot. A more detailed discussion on these
components follows in Sections @, @ and @

In order to outline the sequence of interactions between the main components of the architec-

ture, we showcase a representative scenario in which our solution applies successfully. Fig. EI
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depicts an overview of this scenario. Without loss of generality, we assume that only one robot
operates in the field. Also, its starting pose, the operating space dimensions and the obstacles’ and

beacons’ positions and shapes are considered known a priori.

A typical activity flow of our scenario, initiates with Local Path Planner component calculating
locally a trajectory from the starting position to the target position. This triggers the ODM for
the first time; should a quick analysis on the projected trajectory indicate room for significant
refinement of the selected path, the Remote Path Planner is invoked. This analysis is based on the
trajectory curvature and the degree in which the more elegant remote component is potentially
able to smooth it around obstacles; Section provides more insight on this process. Eventually,
the resulted trajectory dictates the intermediate positions the robot needs to reach. In order to
sequentially perform the transition to the each of them, the Tracking Controller component is

invoked.

After reaching the next position of its trajectory, an uncertainty indicator of the pose estima-
tion is calculated; this indicator is a scalar that grows with time and actually accumulates the error
between the estimated and the reference pose after each move, as explained thoroughly Section
. Here, the second decision occurs; if this indicator measures bellow a predefined threshold,
the robot continues to move based on the feedback coming from the Tracking Controller’s moni-
toring process, i.e. the Local Odometry-Based Estimator, which leverages the robot’s photoelectric
sensors (encoders) attached to each wheel to measure the wheels’ angular velocities during a pe-
riod of time. Else, it invokes the more precise, but computationally heavy, Beacon-Based Pose
Estimator, leveraging information coming from the beacons in the environment. That triggers
the ODM once again; the Edge Server is queried to provide an estimation on the duration of the
potentially offloaded pose estimation task. As described by the mathematical modelling in Section
, this duration is proportional to the availability of the computational resources. Based on
this estimated duration, a decision is made on whether to offload the pose estimation task to the
Remote Beacon-Based Estimator, or execute it locally. The flow ends with the robot checking if

the target position is reached. If not, it reverts to first step.

It is worth highlighting that the tracking controller, as well as the path planning and pose

estimation, are aperiodic. The position of the robot on the operating ground is defined by the
T

state vector z* = {xl 332} . The robot has to move towards the next reference position zief =
(21 rer(ti) Taret(ti)]", generated by the path planning algorithms, to approach the target position.
Fig. @ gives a brief insight on the timing sequence in which the rest of the sections will refer to.
Let subscript ¢ correspond to the step during which the robot reaches the next reference position
in k; actuation steps, while simultaneously tracking its pose. In particular, at time ¢? the robot
is in the position z'. When the next reference position xfg]} is close, the uncertainty about the
current estimation is calculated. Thus, the time duration 7}' corresponds to the time spent for
localization. When the local odometry-based estimator is used, this time is equal to zero, while the
beacon-based estimation algorithm is time-consuming. The time duration T? corresponds to the

path planning algorithm running time either remote or local, which generates the next reference
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Figure 5.2: The timing sequence in the proposed scenario.

position. Similarly, the time to execute the local path planning algorithm is equal to zero.

5.5 System Dynamics

5.5.1 Robot dynamics

The differential drive robot used in this study has two wheels that can turn at different rates,
allowing motion by changing the orientation and the position (z1,x2) either separately or simulta-

neously. For the robot dynamics, the 2D coordinates, i.e. position, and the orientation of the robot
T

are denoted by the state variables z1, zo and z3. Hence we consider z = [zl 2o 23} = {xT 0} T.
The robot is controlled by the angular velocities wgr and wy,, accounting for the right and left wheel
respectively. The robot dynamics is defined by the following continuous time system, based on the
work in [132], using the aforesaid state-space representation. Specifically, we have for any ¢ > 0,

4(t) = %(wL(t) + wr(t)) cos z3(t), (5.1)
io(t) = %(wL(t) + wr(t)) sin z3(t), (5.2)
2a(t) = T (wi(t) — wa(D)), (5.3)

where [, 7 are the distance between the two wheels and the radius of each wheel respectively. The
odometry measurements wy, (t{),wR(tz) are taken at each time instant t{, 1=0,1,...,5=0,...,k;
of the timing sequence introduced in Section p.4. The corresponding discretized system using Euler
forward method is:

2167 = S (8]) + or(t]) cos 2(E) (6 — ) + 2 (), (5.4)
22(6) = S(@r(t]) + or(t)sin Z() (6] — ) + 22(8), (5.5)
2a(t) = Tn(t]) - Br())(E T — ) + 2(t). (5.6)

5.5.2 Tracking controller

As previously mentioned, the robot moves towards the next reference position xief to reach the
target position. For this actuation phase, given the specific robot dynamics, we propose a tracking
controller executed locally on the robot, by fixing the control inputs wr,, wg to be either equal or
opposite. Therefore, the control input is w, while |[w| =|wy| =|wg|. As a result, we restrict the
motion of the robot to a straight line, i.e. “translational motion”, or a rotation around the center
of the wheel axle, i.e. “rotational motion”, respectively. This control structure is chosen as it is
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Figure 5.3: The hybrid automaton of our system.
efficient for tracking purposes, leading to a simple structure of the closed-loop system. Specifically,
the closed-loop dynamics for the translational and rotational motion are

(w(t)) cos z3(t),
(w(t)) sin z3(t), (5.7)

21(t)

SlTran .

N
)
—
o~
=
Il
O Iz IS

S5 1 % za(t) = (5.8)

where Si"" is used for the translational motion and S3°" when the robot needs to rotate. Let

. Z tj ref(ti . . .
R(t]) = A Z.) e i(t:) be the distance between the robot’s current estimation and the
ZQ(tz) ZQ,ref(ti
2

reference position and let ¢(t/) = Z3(t) — tan~* % be the angle between the robot’s
current estimation of orientation and the line conn;ctiﬁg the robot and the reference position.
Here, % accounts for the estimation of its current pose calculated by Equations (@) - (@) at the
time period of the actuation ¢ = t{, 3=0,1,...,k;.

The closed-loop system with the tracking controller can be modeled by a discrete-event systems,

see, e.g., [133], as shown in Fig. @, where the control input can be calculated as follows:

LiR(t), #(t)) <ex AR(t)) > e1, Translational,
w(t]) = { Lag(t), () > e2 A R(#)) > 1, Rotational,
0, R(tf) < e, Stop.

The quantities €1, €2 are positive constants, while the gains Ly, Ly are constant control parameters.
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The reference position is reached when the estimation of its position is close, and in particular
is inside a ball of radius €; close to the reference, i.e., centered at B(mf,ef,z(tg)) ={z e R®:
|z — Z(t])|| < e1}. The effect of the uncertainty is taken into account explicitly in the offloading

decision that follows.

5.6 Localization and Path Planning

In what follows, we present the algorithms chosen for localization and path planning, with a varying

degree of complexity and accuracy, that are implemented locally and remotely accordingly.

5.6.1 Localization

The localization problem is equivalent to the pose estimation problem in our setting. Two algo-
rithms of different complexity are implemented, namely, (i) an odometry-based one, and (ii) a
camera-based estimation. The first estimation algorithm is light enough to run efficiently on the
robotic platform. Roughly, the robot’s on-board wheel encoder readings are fed to the motion
model (@) - (@) While this is a lightweight and fairly accurate localization technique when it
comes to short trajectories, odometry is known to be prone to accumulative errors [[134].

The second localization technique is the computationally heavier beacon-based estimator. De-
tails on the technical parts of the algorithm and its software and hardware implementation can be
found in [135]. Roughly, the technique is based on a bilateration method using principles of pro-
jective geometry. Distance calculation is based on feature extraction from pictures depicting the
landmarks, with the localization algorithm relying on a minimum of two strategically positioned
landmarks. To address this requirement, the attached camera scans the area in front of the robot,
capturing pictures and analyzing them until two landmarks are detected. Hence, computationally
intensive, real-time image processing is required to achieve highly accurate results. Relevant works
include [136] and [[137].

5.6.2 Path Planning

Many works exist in the literature addressing the path planning problem; realistic robot navigation
and smooth trajectory planning is a major challenge [138], [139]. Planning algorithms generate a
trajectory consisting of intermediate reference positions to reach the final target position. In this
work, we select and adapt graph-based methods of varying complexity, see, e.g., [132, Chapter 8].
As a result, the algorithms described below, take as input a graph that represents the real-space
grid space along with the target positions, the obstacles, and the starting position. This grid has
a predefined cell size, that depends on the length of the robot. Each cell corresponds to a possible
reference position. In our case, the obstacles are rectangular-shaped, in the sense of simplicity,

however, arbitrarily shaped obstacles could also be included.
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On the one hand, a lightweight implementation of the A* algorithm [[140] acts as the Local Path
Planner. Similar to [141], four directions of movement are allowed in the grid. The cells containing
obstacles are not connected with the neighboring cells. The A* algorithm returns a sequence of
positions to reach the target position, according to a heuristic cost function; in our case this is
the Manhattan Distance. The implementation is suitable for a robot with minimal computational

resources providing a solid and quick solution, however the generated trajectory is not smooth.

The computationally intensive algorithm acting as the Remote Path Planner is deployed on the
Edge Server. Similar to [142], the main process of the proposed algorithm is to locate a possible
move towards a node that is closer to the target given the aforesaid graph. To this purpose, a
multiple sources single destination problem is solved, utilising Dijkstra’s shortest path algorithm,
which calculates a path from each node towards the target position, offline. These precalculated
paths, along with the total cost to reach the desired destination, are stored in a database on the
server’s startup. When the Remote Path Planner is invoked, given the current location of the
robot, a neighbor pruning is performed similarly to [143]. A node of the graph is considered to be
a neighbor of the current position if (i) the distance between them is less than twice the specified
cell size and (ii) no obstacle is in the line of sight of the current position to that node. Consequently,
to retrieve the set of possible neighbors, it is sufficient to search for the avoidance of line clipping
(intersection) between the line connecting the current position to each of the adjacent cells and
the set of obstacles present in the real-space grid. The optimal path is chosen by comparing all
possible neighbors. In particular, the cost to reach each one of them from the current position is
added to the cost from each neighbor to reach the desired target. In this way, the algorithm allows

“shortcuts’ to the neighboring nodes, while any-angle trajectories are feasible.

5.7 Switching System

In this section, we present the switching mechanisms that are realizing the Offloading Decision
Mechanism of our framework. We assume that starting from a position g = [#1(0) 22(0)]T, the
closed-loop system converges asymptotically to a reference position Zpef = [Z1 ref(ti) :c27ref(t,-)]T
when exact measurements are available, i.e., when Z(¢) = z(t). We identify two offloading oppor-
tunities related to the pose estimation and the path planning problem. In Fig. @ the proposed
switching system is presented. In particular, switches S§; and S; relate to the estimation procedure,

and switch S3 concerns the path planning part.

5.7.1 Sensor selection (Switch 1)

The measurements of the onboard sensors are imperfect, thus the pose estimation error is accu-
mulated. When the error becomes too large, the more precise, yet more computationally intensive
remote localization algorithm is invoked. In order to decide when to offload, we introduce the
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Figure 5.4: The block diagram of the switching system. Component abbreviations and colors follow
the pattern introduced in Section p.4.

variable d(-) that describes the uncertainty in estimation. We set

ST = 6(t)) + bo + bid(t),

j=1,...,k;, i € N, where § is the deviation between the measurements of the states Z, computed
by the Equations (@) - (@) and the model-based estimations Z, i.e.

where %(t]) consists of:

5(th) =

H(t) — 5(t)

)

(07 = G we (t]) +wa(t])) cos 55 (8 (1 — 1) + 21 (¢)),
%) = g(wL(tf) +wr(t]))sin () (1 — ) + Z(t]),
£(071) = Fwn(t]) —wr()) (6 — 6]) + 23(2)),
which are the model-based estimation of the dynamics at time instants t{ ,7=1,...,k; and wr,wg

are the outputs of the tracking controller. At the time tJ, the model-based estimation is equal to

a known initial position, i.e. #1(t]) = #Y. As a result, ¢ linearly depends on the deviation and gets

bigger as the robot actuates, especially when the actual motion of the robot differs from what the

model dictates.

The offloading mechanism, aiming to reset the uncertainty, is triggered when § becomes too
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large, namely larger than a prespecified threshold §*, i.e.,

OFF, if §(t¥") < 6%,
ON, else,

Si(ty') =

where k; refers to the time instant, when the robot’s position, calculated by Equations (@)
and (@), is close to the next reference position Trerx. Moreover, ON corresponds to using the
beacon-based localization and OFF to proceeding based on the local odometry estimation. In the
scope of this work, we assume that the uncertainty becomes equal to zero when the beacon-based
localization is used. Hence, when Sy (t¥) = ON, then 6(t?,1) = 0, which means we get a valid

measurement of the states z. Otherwise, 6(t9,,) = 5(15?).

5.7.2 Estimation Offloading (Switch 2)

Switch Sy decides whether the localization algorithm will be executed locally on the microcon-
troller mounted on the robot, or remotely on the Edge Server. Although the execution of such a
computationally heavy algorithm on a battery-powered IoT device is energy-consuming, it may be
preferable in some cases as offloading might result to larger response times due to lack of available

resources on the remote server and network congestion.

5.7.2.1 Resource modelling and estimation

We assume that the resources of the localization service on the Edge Server are managed by the
resource orchestrator of the infrastructure provider and we can only estimate the allocated resources
through measurements. Thus, we model the resource allocation strategy on the Edge Server as a
linear dynamical system subject to process and measurements uncertainty disturbances

c((k+ 1)Ts) = c(kTs) + w(kTs),
2(kTs) = c(kTs) + v(kTs),

where ¢ accounts for the virtual CPU cores of the container, z is the measurement of ¢ and Ty is
a constant sampling time. The terms w, v are the process and measurement noise respectively,
both following a normal distribution. Based on previous measurements, we compute a current
estimation of the virtual CPU cores allocated to the container, ¢, by applying a Kalman Filter

[144], which is a computationally light prediction method.

5.7.2.2 Processing time estimation

Having acquired the estimation of the available remote virtual CPU cores ¢, the estimated pro-
cessing time of the beacon-based localization algorithm can be calculated. To this purpose, the

processing time, t,, is modeled as a linear relationship of the available resources, ¢, = a¢ +b. The
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coefficients a,b are calculated using the least squares fitting method, on a set of pairs (¢,,¢) pro-
duced offline while experimenting with a dataset of pictures. Moreover, we consider the wireless

network induced delay t,e¢ to be constant as a standard network delay in a WLAN network.

5.7.2.3 Localization Offloading

The processing time is related directly to the CPU availability. The local beacon-based localization
has an average time t;,. to be executed based on the robot’s resources. Hence, Switch Sy is
formulated as:

ON, if tp + tnet < tioc,
OFF, else,

where k; refers to the time instant that the robot must decide whether to offload or not the
beacon-based localization algorithm. Moreover, ON corresponds to the remote execution of the

self-localization algorithm and OFF to the local execution.

5.7.3 Path Planning Offloading (Switch 3)

Two path planning algorithms are implemented. By default, the computationally light A* algo-
rithm presented in Section ,provides a reference trajectory on the robot. However, whenever
a prediction cost indicates a possible amelioration by choosing a more refined path, the remote
path planning algorithm is invoked. Both algorithms take as input the current estimation of the
position and the reference position and generate a reference trajectory.

The offloading decision for the path planning depends on a cost consisting of two parts; the
first part estimates the closeness of the generated reference trajectory to obstacles and the second
part evaluates the curvature of the trajectory. Both terms follow theoretical aspects from standard
works, e.g., [145]. We define the function D(z) that quantifies the “density” of obstacles according
to the estimation of the current position Z, either computed by the beacon-based localization or
the local odometry measurements.

D)= > exp(—|e—zonsl),
2obs €Xobs
and Xgps is the set of positions that correspond to the centers of the cells that are unreachable,
e.g., occupied by an obstacle.
Let {#(7) };=1,....,m be the part of the path sequence consisting of the first M positions, generated
by the local path planning algorithm.

The local path planning algorithm takes as input the current position estimation a?:(tf) at
t =T + T} and creates a reference trajectory sequence {#(i)}i—o.1... ar, with #(0) = 2(t¥ + 7).

85



5.8. EXPERIMENTS AND EVALUATION SWITCHING OFFLOADING

We define:

Toeal @ (" + T})) =
M-—1
S (H:Y;(i—&-l) —i'(i)H) -

as a cost describing the curvature of the reference local trajectory. The offloading strategy can be

(M) - £(0)||,

formulated as:
Sy(th + 1) =

OFF, if D(#(t¥ + T}1)) — Jocal (15 + T}1)) < J*,
ON, else,

where ¥ + T} indicates the time instant after the actuation and pose estimation. The constant
J* accounts for the degree of difficulty of the next moves in terms of proximity to obstacles and
curvature of the trajectory. When S5 in ON, the remote path planning provides the next step
to reach the target position. Otherwise, the robot relies on the local path planning trajectory.
It should be mentioned that, contrary to Switch 2, here, we do not include the CPU availability
in the offloading decision, as we noticed that the remote path planner chosen is mainly memory

intensive.

5.8 Experiments and Evaluation

The experiments were conducted in an operating space of 2.5x2.5 meters, divided by 25x25 cells,
with a cell size of 10x10cm. The robot chosen was the commercially available AlphaBotE7 equipped
with a Raspberry Pi 3 device as the control unit. The length of the AlphaBot is 22cm and the
radius of each wheel is 6.6cm. The coloured beacons were placed at the periphery of the grid
for the localization procedure described in Section @ The rectangular-shaped obstacles were
placed as depicted with grey colour in Fig. @ The map is considered known. The Access Point
used was a MikroTik wireless SOHO AP, providing up to 100Mbs LAN connection, Single Band
(2.4GHz). The Edge Server deployed on the NETMODE, testbed part of FedllFIREE initiative,
was equipped an Intel Atom CPU, up to 1Gbit Ethernet port and 8GB of RAM. The services
provided by the edge server were deployed as Docker containers. For each Docker container,
one can set constraints, to limit a given container’s access to the host machine’s CPU cores, by
provisioning a percentage of them as the virtual cores of the containers. Thus, containers can be
assigned with partial virtual CPUs using decimal values. Using a collection of pictures from the

actual experimentation room, from different positions and viewing angles, a dataset was created

Thttps://www.waveshare.com/wiki/AlphaBot
2https://www.fed4fire.eu/testbeds/netmode/
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Figure 5.5: The experiment setup and the trajectories produced by the three experiments.

Average Time per picture (sec), t, | Virtual Allocated Cores, é
241 0.25
1.06 0.5
0.56 0.75
0.39 1
0.30 1.25
0.26 1.5

Table 5.1: The average time for remote beacon-based estimation per virtual allocated core to the
container.

to estimate the time duration of the remote beacon-based localization. In Table @, the values of
the set of pairs (p, ¢), introduced in Section , are presented. Using the least squares fitting
method we calculated the coefficients a = —1.34 and b = 1.675. Hence, the estimated processing
time of the remote beacon-based localization is given by ¢, = —1.34¢ 4+ 1.675. Provisioning over
1.5 cores resulted in similar computation time, thus, the maximum CPU allocation was set to that
value. In our experiments, the allocated cores of the containerized application were updated every
10sec, following a Normal Distribution with a mean value of 0.75 and 0.5 variance. The following
values were used for the aforesaid constant values: by = 1; by = 0.2; ey = bem ey = 5°, L1 = 0.2,
Ly = 0.6, 0* =6 and J* = 3. Finally, the average network delay of the WLAN was empirically
measured to t,.s = 1sec per offloaded picture and the average time for each picture to be processed

locally on the AlphaBot was t;,. = 3sec.

Three experiments were conducted, namely, local only execution, remote only execution and the

proposed switching offloading scheme. In Table @ the average completion time and the average
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Experiment Average completion time (sec) | Success Rate
Local Only Execution 61 40%
Remote Only Execution 105 100%
Switching System 90 100%

Table 5.2: The average completion time and success rate of 10 experiments for each setting.

success rate for 10 experiments of each setting is presented. For the rest of the evaluation, we will
present the results of the best trials for each setting. Moreover, in Fig. @ the reference trajectories
of these trials for the three experiments, are illustrated, with green colour for local only execution,
red colour for remote only execution and purple colour for the switching system. As outlined in
Section @, the local A* algorithm allows only four directions of movement, while the remote path
planner allows any-angle movements. For better visualization, we uploaded timelapse videosE from
the conducted trials for each setting. In these experiments, the starting position for the AlphaBot
was the already known position A(3,14), while the desired target reference positions were B(10,5)
and C(14,18) in sequence. The scale of uncertainty is illustrated as a percentage of §*, i.e. 4/,
which is the predefined quantity for Switch 1 to be ON.

5.8.1 Experiment A - Local Only Execution

In the first experiment Switches 1 and 3 were ON, throughout the experiment and Switch 2 was
never used. This setting results to a fast, although not precise navigation with §/6* growing
monotonically. The average duration was 61 seconds as the main time consuming process was the
actuation. The amount of successful trials was low. Consequently, without a more sophisticated
localization algorithm and a more precise path planning technique there is no guarantee the target

reference position is reached.

5.8.2 Experiment B - Remote Only Execution

In the second experiment, whenever the uncertainty about AlphaBot’s pose grew over the pre-
defined threshold 6*, beacon-based localization was invoked (Switches 1 and 2 ON) on the Edge
Server. Moreover, the reference trajectory was always generated by the remote path planning al-
gorithm (Switch 3 ON). In this setting, the robot always reached the target positions, as shown in
Table @, although the completion time was heavily affected, as shown in Fig. @ Beacon-based
localization was executed twice during this experiment and, as a result, §/6* became equal to 0.
The setup of the particular experiment underlines the importance of a slower but more precise

navigation.

3https://github.com/Dspatharakis/alphabot-ppl/tree/master/timelapsed-videos

88



SWITCHING OFFLOADING 5.8. EXPERIMENTS AND EVALUATION

Experiment B e
12 : 1

o 10 20 30 40 50 60 70 B0 90 100
Time (sec)

Figure 5.6: Experiment B - Remote Only Execution.
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Figure 5.7: Experiment C - Switching System.

5.8.3 Experiment C - Switching System

As described in Section , Switch 3 decides which path planning algorithm solution the Al-
phaBot will use to generate the next reference position. When, the curvature function of the
trajectory calculated by the A* algorithm and the obstacle density function exceeded the thresh-
old value J*, the remote path planning solution was selected; e.g., from the beginning of the
experiment until the 25th sec of the simulation and from the 43rd sec till the 67th sec, as illus-
trated with green dashed line in Fig. @ In the same figure, with red solid line, §/6* is depicted.
Two times during the experiment the more precise beacon-based estimation was invoked to reset
0/0*. The first estimation attempt, at the 25th sec of the experiment, was executed on the Edge
Server, because S2 was ON. The second one, at the 71st sec of the experiment, was executed locally,
as S2 dictated (OFF), because the estimation of the CPU availability of the Edge Server, provided
by the Kalman Filter, along with the network delay for each picture, at that time, would have
provided worse results than the local execution. This setup provided a very precise and robust
navigation for the robot, leading to a very high success rate of the experiments, achieving a balance

between execution time and trajectory accuracy.
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5.9 Summary

In this study, we introduced a switching offloading mechanism for localization and path planning
applications of mobile robots. The offloading decision for localization is based on pose uncertainty
and the availability of edge resources, while the offloading decision for path planning depends on the
difficulty of the trajectory. The proposed framework achieves more precise navigation than the case
of exclusive local execution of the applications, without paying the price of a slower execution time,
like in the case of remote only execution of the algorithms. Also, it is modular and applicable to
various scenarios, applications and objectives under the robot’s dynamic environment. Our future
work will focus on extending the proposed mechanism to more sophisticated control algorithms,
providing theoretical guarantees for stability and convergence of the proposed robot’s dynamics.
Furthermore, we plan to develop more precise estimation and planning algorithms in multi-robot
scenarios and more sophisticated control algorithms in the co-design setting that will take into
account the available resources on the infrastructure side. The results of this Chapter are also

presented in [146].
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Chapter 6

Resource-aware Estimation and
Control for Edge Robotics: a
Set-based Approach

6.1 General Setting

This chapter focuses again on the case of Edge Robotics [147], which is widely used in 5G industrial
verticals. Following the current trend in service delivery, Edge Robotics leverages the computing
capabilities of Edge Computing to achieve low-latency communication [[146]. In this chapter, the
mobile robot considered is a unicycle, subject to modeling and measurement uncertainties. In
the proposed scenario, the robot must solve a state estimation, also called localization, problem
and subsequently a trajectory tracking problem. Under this setting, an offloading mechanism
is available for transmitting the sensing data of the localization procedure to an edge server for
further processing. Following recent works in the literature, [14€], a set-based estimation approach
is considered, as our main concern is to provide deterministic guarantees on the robot’s estimated
pose and subsequently guarantee convergence towards a target waypoint. Although existing elegant
solutions for control of unicycle robots exist, e.g., [149], [150], incorporating set-based estimation
methods into the controller design to provide real-time navigation, is quite challenging. The
proposed algorithm aims to provide a set-based estimation offloading mechanism in the context
of Edge Robotics. Under this complex scenario, the fundamental trade-off between performance
and consumed resources is investigated, along with the conditions that guarantee the system’s
convergence. All in all, we extend the modeling of Chapter H, and provide closed-loop guarantees

for the convergence of the robot and optimal resource utilization.
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6.2 Related Work

This section presents the most recent related studies in the literature that discuss the deployment
of robotic applications, such as path planning, localization and obstacle avoidance. Depending on
whether local or remote resources are utilized, these studies are classified into two groups; (i) the
onboard sensor-based approaches and (ii) the offloading-based ones.

Due to limited computing resources, the onboard sensor-based approaches aim to provide
lightweight solutions for robotic applications. Bajcsy et al. [L51] proposed a safe navigation
framework for autonomous vehicles moving in a priory unknown static environments under the
assumption that the sensors work perfectly within their ranges. This framework was based on
Hamilton Jacobi reachability analysis. Due to the computationally expensive nature of this analy-
sis, the authors proposed an algorithm that uses only new measurements to update the safety set
and can be executed in an online fashion. On the other hand, the authors in [[152] focused on the
path planning of autonomous vehicles that are able to maneuver on the road. The path planning
problem was formulated as a nonlinear optimization problem and two Model Predictive Control
solutions were designed for the lane selection and collision avoidance problems respectively. Miller
et al. [[153] proposed a controller synthesis algorithm for path planning in dynamic and partially
unknown environments. The proposed vehicle system consisted of three subsystems: (i) a per-
ception subsystem that provided a free space prediction around the vehicle, (ii) a plant-controller
subsystem that guided the vehicle to specific waypoints and (iii) the planner subsystem that pro-
duced safe reference trajectories using Mixed Integer Linear Programming. Finally, the authors in
[154] proposed a multi-robot collaborative localization framework, where followers assisted the self-
localization of the leaders in a time-varying measurement topology. A binomial regulation function
was used to describe the loss or resurgence of an observation. Then, a centralized extended Kalman
filter was implemented for estimation purposes.

The offloading-based studies leverage the network and computing capabilities of edge servers
to execute remotely navigation or localization algorithms. The authors in [[155], similar to this
work, presented a two-layer architecture for the realization of a visual-based Simultaneous Local-
ization And Mapping application (SLAM) for tracking. They proposed a lightweight version of the
computationally-intensive visual SLAM algorithm that is more suitable for resource-constrained
mobile devices. On the other hand, a more precise variation of the visual SLAM is deployed on an
edge server in proximity. The mobile devices transfer keyframes of a video for further processing at
the edge side, only when necessary, i.e., when the feature points between two consecutive images
are not similar. The offloading decision also considers the network conditions.

Chinchali et al. [156] proposed network offloading for Cloud Robotics. The offloading problem
was formulated as a Markov Decision Process (MDP), where an autonomous system updated the
offloading decision at every time interval. Then, Deep Reinforcement Learning (DRL) was used for
solving the offloading problem taking into account the diverse network conditions and the trade-
off between local and remote computation. On the other hand, the authors in [157] focused on

data representation for task-centric communication rather than addressing the decision making
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problem of when to offload. Based on DRL, a robot encoder compressed and transmitted concise
representations instead of raw data, while a server decoder generated a reconstructed estimation
of the raw sensory input. Then, one of the pre-trained task modules was used to predict object
locations and classes. Spatharakis et al. [[146] proposed a switching offloading mechanism for robot
path planning and localization. In that work, both services could be executed either locally, on
the mobile robot, or remotely on an edge server. The offloading problem was formulated as a
switching model that balanced the trade-off between navigation accuracy and mission duration.
The offloading decision took into account both the robot pose uncertainties and the resource
availability at the server side. In a different manner, the authors in [[158] proposed a symbiotic
robotic network for task offloading in the factory floor. Based on their vicinity, the robots formed
clusters where members could offload tasks to each other. Additionally, a reward-based feedback
task offloading mechanism was proposed to support delay-sensitive applications. Based on these
rewards, each node had a social repute score which was used to select the appropriate node to
offload the tasks and for the election of the cluster head.

6.3 Contributions & Outline

In a smart factory environment, the robots are equipped with sensors that can provide estimations
of the robot’s pose (i.e., two-dimensional location and orientation) [[159]. Although employing on-
board sensor-based localization yields quick results, they are known to be prone to accumulative
errors, especially when it comes to long trajectories [160]. Thus, more sophisticated yet computa-
tionally intensive techniques are usually required to increase the localization accuracy. However,
as discussed in [147], mobile robotic agents have limited computing capabilities. To overcome these
limitations, an Edge Computing infrastructure in the robots’ proximity can be leveraged to under-
take the computationally intensive localization tasks. The communication between the robots and
the servers can be performed through wireless access points located also on the operating floor,
while 5G connectivity can be applied as well if available.

Aiming to analyze the above trade-offs and propose novel control co-design strategies that guar-
antee the correct behavior of such a system, this chapter presents a control co-design methodology
for mobile robot navigation. Specifically, we consider a unicycle operating on a smart factory floor
in an Industry 4.0 application, able to move independently without following predefined trajec-
tories. The robot, equipped with cameras and odometry sensors, navigates from a starting to a
target position, to complete a given mission (e.g., an automated storage/retrieval). In this con-
text, the trade-off between the accuracy of the navigation and the mission duration is investigated,
according to the mission’s characteristics.

The main contributions of our work that differentiate it from the rest of the literature, are

summarized as follows:

1. A 3C co-design for CPS is introduced where a unicycle-type mobile robot utilize both on-

board and remote resources to execute the computationally intensive tasks of an Industry 4.0
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application that requires navigation in a factory floor. Two fundamental problems are jointly
tackled: (i) the synthesis of controllers that dictate the motion of the unicycle robot in this
path planning problem and (ii) an offloading strategy to compensate the uncertainty of the
local estimation techniques with the more accurate remote ones, while finding the balance
between navigation accuracy and mission duration. In the context of event-triggered con-
trol and following well-acknowledged works, e.g., [161] and [[162], we introduce a framework
that incorporates the network and computation availability together with stability-preserving

conditions. To the best of our knowledge, this is the first work that introduces such a solution.

. Novel controllers are designed to satisfy the mission’s hard constraint, i.e., to ensure the

convergence of the mobile robot’s navigation to a target set. A unicycle kinematic model
is assumed for the robot’s dynamics, while its movement is broken down into two parts,
i.e., rotational and translational. We note that, although there are works in the literature
providing elegant robust controllers in the presence of uncertainties, e.g., [L50],[163], our
proposed method allows us to deal with three distinct challenges, namely, (i) uncertain-
ties/disturbances acting on the dynamics of the third state, (ii) efficiently applying set-based
estimation using odometry measurements, (iii) guaranteeing convergence of the closed-loop
system to a target waypoint. To further alleviate the computational strain from the resource-
constrained platform, approximate computations are employed to locally estimate the robot’s
pose. Subsequently, stabilizing state feedback control mechanisms are applied to both move-

ments, to guarantee convergence to the target region.

. A utility function-based decision making process is properly formulated to undertake the

computational offloading strategy. This strategy dictates which of the two different available
localization techniques are used; an error-prone, for example, odometry-based localization,
executed locally on the robot and the accurate vision-based localization method that requires
a significant amount of computing resources and is executed on the edge server. Apart
from the navigation’s quality, which is acquired by the controllers’ outputs, this process also
takes into consideration the networking and edge computing resource availability to regulate
the trade-off between navigation accuracy and mission duration, based on the performance

requirements of the deployed application.

. A series of experiments are performed to evaluate the performance of the proposed CPS in

terms of navigation precision and mission duration. The evaluation indicates that the desir-
able solution concerning the preference of the two localization algorithms is a mixed strategy
employing both of them. Using exclusively a locally produced estimation, is not sufficient to
provide high enough accuracy, while constantly seeking for a more precise estimation from the
remotely executed algorithm adds significant overhead in mission duration. Furthermore, a
detailed comparative evaluation with alternative offloading schemes demonstrates our frame-

work’s benefits, as well as its adaptability to the application’s specific requirements.
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6.4 Problem Definition

Formally introducing the overall problem, let 2 € R? be the pose (states) and u € R? the control
actions. Let us denote by X; C R3 the estimation set for z(¢) for each time instant ¢. Specifically,
AX; contains all the possible states the robot can reach starting from an initial state z(0) = xo €
R3, with an initial uncertainty X(0) = X, € R3. The problem of estimating a conservative
approximation of X is a rather challenging computational problem for general dynamics and
constrained environments [164, Chapter 10]. In our setting, we assume that two localization
algorithms are available; (i) a fast, locally-executed one, providing an unreliable estimation while
moving and (ii) a time-consuming, however more precise one, executed remotely on an edge server.
Furthermore, we consider we have the option of invoking either of the two algorithms above; in
fact, the challenge addressed in this chapter is to provide a stabilizing tracking controller and
the corresponding offloading decision mechanism. We let x(t) be a switching signal that denotes
which estimation algorithm is used at each time instant. Then, the twofold problem lies on the

specification of:

a. the robot’s respective control actions u(t), under the current estimation set, such that the
robot reaches and remains after finite time e-close to the target position z*, i.e., there exists
a ty such that ||z(t) — a*|| <, for all t >t and

b. the offloading control action O(t) = h(q,), where g, denotes a utility function that incorpo-
rates the current navigation quality, network conditions and the edge computing resources

availability.

Under this setting, a CPS is formulated by the mobile robot and the edge infrastructure, which
collaborate to satisfy the requirements of a navigation application.

In the context of this chapter, the target position is dictated by an external path planning
algorithm, for example as in [146], under a smart industry application. Moreover, this consideration
allows us to ignore the case of obstacles located in the factory floor, as the path planning algorithm

provides a safe trajectory. Table @ summarizes the key notation used throughout the chapter.

6.5 Dynamics and Approximation Analysis

In this section, we introduce our proposed method to estimate the robot’s pose under specific
robot dynamics and uncertainties, a problem which is considered to be challenging throughout the
literature [164].

6.5.1 System Dynamics

As mentioned before, for the robot’s movement, we consider the unicycle kinematic model, also

equivalent via an affine transformation to the differential drive dynamics. This model assumes
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Table 6.1: Summary of the key notation.

’ Symbol ‘Interpretation

x1(t), x2(t) | Robot’s position at time ¢
x3(t) Robot’s orientation at time ¢
up(t),uz(t) | Control actions at time ¢
T* Target position
T Time period - sampling time
o(t) Model switching signal
k(1) Offloading switching signal
o(t) Heading error - disturbance at time ¢
D Heading error domain
yi(t),y5(t) | Measurements at time ¢
wiq(t), wa(t) | Robot sensors’ errors at time ¢
W Measurement errors domain
X, Initial Estimation Set
X Estimation set at time ¢
Xl Estimation set of position at time ¢
X} Estimation set of orientation at time ¢
X Overapproximated Estimation set at time ¢
Vol(X) Volume of X, set at time ¢
Z4 One-step Reachable set at time ¢
Z Overapproximated One-step Reachable set at time ¢
Cy Compatibility set at time ¢
d(-,-) Euclidean distance between two points
V() Distance from a set to a point
b(-,-) Orientation-target orientation incline
M Set of states where translation motion is allowed
€ Acceptable distance from target position
g Goal set
P (t) Representative point of X; at time ¢
el (d) Transmission time of offloaded task at time ¢
€comp(t) Computation time of offloaded task at time ¢
qo(t) Utility function value at time ¢
O(t) Offloading strategy at time ¢
c1,Co Coefficients of the Utility function

96



EDGE ROBOTICS FRAMEWORK  6.5. DYNAMICS AND APPROXIMATION ANALYSIS

that the robot has two wheels that can rotate at different rates, allowing motion by changing the
orientation and the position either separately or simultaneously. More specifically, the unicycle

kinematics are given as follows, with the respective state space representation

$1(t) = U1 COS SCg(t),
Zo(t) = wuysinzs(t), (6.1)
fifg(t) = U2,

where 1, x5 refer to the position and z3 to the orientation of the robot. We consider the control
actions (u1(t),u2(t)) to be piecewise constant since the implementation of the control action is
digital and the sampling time 7' is considered also constant. Moreover, as noted before, in this
chapter, a path planning algorithm has already provided the target position the robot has to reach

to complete its mission.

One celebrated approach in the bibliography [165, p. 96] is to manipulate the unicycle model
by breaking down and discretizing the motion to two parts, i.e., rotate/adjust the orientation of

the robot (“rotational motion”) and move forward towards the target (“translational motion”).

Hence, two subsystems are defined. The signal o(¢) : R — {0, 1}, switches between a translation
(S1, o(t) = 0) and a rotation (Sq, o(t) = 1), respectively. The systems with the respective state

space representation are defined as:

@1(t) = ua(t) cos(ws(t)),

Sy an(t) = ua(t)sin(as(t), (6.2)
i3(t) =),
i1(t) =0,

Sy i in(t) =0, (6.3)
da(t) = us(t) + 5(0).

We assume that the effect the rotational motion has on the robot’s position is negligible, while
a bounded, however unknown, heading non-zero error 6(t) € D = [0min, Omaz] is applied to both
motions. We should note here that, for the simplified case of zero disturbance, we utilize directly
the dynamics derived by integrating both parts of Systems (@), (@), as in this case the x3
state is now a constant. The modeling of the controllers and the proof of convergence remain the
same. At each time step, the robot must decide whether to rotate or move forward to a straight
line, by choosing the corresponding model to reach to a target position z*. Further analysis on
the respective controllers is presented in Section @ Regardless, the estimation set A} for the
three states grows from the initial estimation Xy, as the robot moves. As in [164, Chapter 10],
U1 (t)
U9 t
1 =1,2. Then, for the selected piecewise-constant control action and for an unknown but constant

with uz(t) e U; C R,

we propagate this set forward, given the control action wu(t) = [
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disturbance § € D, we solve the two subsystems analytically over one time period T'

zi(t+1) = w1 (t) + S [sin(ws(t + 1)) — sin(ws(1))]
St q @2(t+1) = @a(t) + gt leos(ws (1)) — cos(as(t + 1)) (6.4)
w3t +1) = ws(t) + T8(t),

Il(t+1) :.T1(t),
So:§aa(t+1) =mxa(t), (6.5)
z3(t+1) =wxs(t) + T(u2 +9(t)),

where T is the constant sampling time. We define the following mapping functions gi, g2 which
consist of the dynamics of eq. (@),(@) respectively

x1 + %-[sin(zz + T9) — sin(x3)]

9’ ’5 = 7
g1(z,u,6) xy + %-[cos(zs) — cos(xs + T9)]

g2(z,u,0) = x3 + T(uz + )
The one-step reachable set 2.1 is defined next; that is, the set of states that the robot can reach
from the estimation set X;. To reduce complexity, the calculation of the one-step reachable set

Z41, is decoupled by first computing the one-step reachable set for each state and then calculating
the Cartesian product of these sets 2,11 = Z}3 x Z2, |, where:

23, = {ZER: <E|x3€Xt3,EI5€D:

L JeHTs ot =0 )} 66)
gg(l’;g,u, 5), if O’(t) =1.

and Ztlfl is computed as the Cartesian product of the propagated states z1(t), z2(t), as follows

Zh2 = {z eR?: (3 [wll €eX'? s e} WeD:
T2

g1(z1,u(t),8) ,ifo(t) =0
z = |:{E1:| () =1 } (6.7)

Moreover, as the robot moves, the onboard sensors provide a local pose estimation, y*(¢ + 1).
Typically, these measurements come from odometry calculations and concern distance travelled
and changes in orientation [166, Chapter 5]. Hence, in the context of this chapter, we consider
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that the local estimation is of the following form:

yit+1)| _ |llee(t+1) — 2213 +wi () (6.5)
ya(t+1) x3(t+ 1) — z3(t) + wa(t) ’ .
-

where w = |wy(t) we (t)} are the sensors’ errors for the distance and the shift in orientation

measurements respectively, that are unknown, however, bounded, i.e., w € W C R2. Then, the
compatibility set, C;y1, which includes all the states compatible with the current measurements,
is introduced as,

Ct+1—{v€R3: <3w€W,3x€Xt> :

i+ 1) = oz — 23] ) 0 (6.9)
y5(t+1) —v3 +x3

Finally, to complete the calculation of the estimation set, we compute the intersection set of Cyy1

with 241, Xi41, which comprises of the output compatible states

Xt_;,_l - Ct_;,_l N Zt+1. (610)

6.5.2 Approximation Analysis

The exact calculations for the one-step reachable set and the compatibility set are challenging and
usually computationally intensive [164, Chapter 10]. To alleviate the computational strain from
the resource-constrained robot, we employ approximate computations, thus managing to provide
fast computations of the estimation set. Specifically, we employ parallelotope overapproximations
for the Z;,1 set, computed by eq. (@),(@) and for the Cyy1 set computed by eq. (@)

6.5.2.1 Approximation of the one-step reachable set

For the problem of computing the one-step reachable set for each state (eq. (@),(@))7 a Taylor
Model (TM) approximation is invoked, as in [167]. TMs are used to represent flowpipes, i.e., a set of
states reachable by continuous dynamics from an initial set within a given time interval. As a result,
they can be used to provide guaranteed enclosures to the solutions of ordinary differential equations,
often involving non-linear functions, such as the model into consideration. The interested reader
may refer to [IL68] for further analysis of a TM flowpipe construction for non-linear hybrid systems.
In the scope of this chapter, given the non-linear continuous system defined in eq. (@),(@) and
the current estimation set A}, acting as the initial set at each time, we compute the TM flowpipes
for each state variable, such that a polynomial overapproximation is computed, given the respective
control action u(t). In this way, each overapproximated state variable lies on an interval. Next, to
acquire a guaranteed overapproximation of eq. (@)7 the Cartesian product of the three intervals
of the states is computed. As a result, Z;;1 is overapproximated by a parallelotope in the 3-D
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space, hereinafter, denoted as 2t+1 and computed by

Zip1 = 2o X 21 X 2200 = [P+ 1), 27 (E+ 1)] x
[257° (t + 1), 25 (t + 1)] x [25(t + 1), 25 (¢ + 1)]. (6.11)

The reachable sets for the remaining states are computed similarly. We should note here that
different approximation methods for the calculation of the one-step reachable set can be chosen,
using for example a Bernstein polynomial basis [L69],[170]. Moreover, the exact calculation of
the one-step reachable set is known [171] or can be approximated [172], however for recursive
calculations, the computation time rises. For our work particularly, we selected the TM approx-
imation due to its popularity and the fact that, as the initial set becomes smaller or the order
of the polynomial used for approximation becomes larger [168, Chapter 3.3], the overapproxima-
tion becomes more accurate. On the other hand, shorter sampling time results in more accurate
approximations, increasing, however, the complexity. The proposed technique is computationally
light and complexity-preserving. Hence, it is suitable for calculating the reachable set repeatedly
and providing real-time navigation to the resource-constrained mobile robot. The calculation of
the estimation set (eq. ()), i.e. the intersection of the reachable set with the compatibility set,
is in principle a non-convex problem. As a result, using a fixed-complexity polytope as a template
for the reachable set, alleviates the complexity and reduces computation time, as presented in the

next subsection.

6.5.2.2 Approximation of the estimation set

As stated in [164, Chapter 10], even more challenging is the calculation of the output compatible
states. These states are defined by eq. (@) Hence, an interval for where each state lies can
be found. Again, a parallelotope approximation X is used to provide an overapproximation of
the X set. Specifically, we aim to further reduce the overapproximation acquired with 2t+1, by
investigating the compatibility with the acquired measurements y*(¢ + 1). Thus, we formulate
two optimization problems for each state variable, to find the respective maximum and minimum
values of this interval. As a result, the calculation of the interval approximation of the output
compatible set can be achieved by solving generally nonlinear optimization problems. Specifically,

to find the maximum attainable value for 21, given a measurement 3* € R?, we solve the following:

it e (042
subject to Y} — |[vi:2 — 71.2]/3 € W, (6.12b)
(z1,72) € X2, (6.12¢)

(v1,v2) € ZL%. (6.12d)
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max

From the solution of the above problem, the maximum output-compatible value u*** for the z;
state can be obtained. Similarly, to find the minimum output-compatible value for each state,
an equivalent optimization problem with different cost functions and the same constraint set, is
solved. All such problems are quadratically constrained linear programs. It should be noted that,
the output compatible values for z1,zo states must be positive, as we consider that the operating
ground corresponds to the first quadrant of a Cartesian plane. Since W; = [w™n", wPX] with

witt € R, wit® > (0 being an interval, relation () is equivalent to:

v12 — 212/ < yF — wi™™, (6.13)

v — 212213 > ¥ — wi™. (6.14)

Ineq. () contributes with a convex constraint and () with a concave constraint respectively,
thus, the total constraint set of the optimization problem is non-convex. As a result, the problem
cannot be easily solved with efficient convex interior-point methods. Nevertheless, an optimal
solution can be found by exploiting the other interval constraints.
First, the solutions for the maximization problem without constraint () and the min-
imization problem without constraint (), are presented. Subsequently, using Proposition
, we showcase that the constraints for each problem are redundant. For example, regarding
Problem (), let us focus on constraint () The general solution of the inequality is:
VY1 — WP — (vg —22)2 + 21 < v1 < /y1 — WP — (vg — 22)2 + x1, therefore the maximum

positive output-compatible value v"** is attained in

max __ . max max
v =mingv; ,Ty +

yr — i — min vy — x2)2 ¢, 6.15
1 1

U262t2+1722€)3t2

where min, . 22,

in intervals. Analogously, for the minimization of vy, () has the following general solution:
vy € (—o0, —\/yl — WP — (vg — x9)2 4 21|V [\/yl — WP — (vg — x9)? 41, 00) and therefore the
minimum positive output-compatible value is given by:

2aE X2 (ve — m2)? can be easily calculated, as both v, 2o have known values

min min _ min
Uy :max{vl , L1 +

\/yf — wirex — max (v2 — 332)2}, (6.16)

U2€ZAE+1,$2€/\A’E

where, similarly, max (vg —2)? can be easily calculated. We should note here that, in the

U2€2t2+1712€2€t2

case where the quantities under the square root are negative for both problems, then they become
infeasible and, thus, the maximum and minimum value of v; becomes equal to the corresponding

value obtained by the one-step reachable set.

Proposition 1. Let v{"®* be a feasible solution of the mazimization problem () without

constraint () contributing to the problem and, similarly, let vI™™ be a feasible solution for
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the respective minimization problem without () respectively. If vI™n < X then the two

constraints are redundant for solving the respective optimization problems.

Proof. Let vinax pmin ZAtlfl be the two feasible solutions of the maximization problem ()
without constraint () and the corresponding minimization problem without constraint (),

respectively. Then, we want to show that v < ¢3% By construction of the TM overapproxi-

min

mation, we know that z}"® < 298X Ag a result, proving v < v}"@* is equivalent to showing that

min * __ p,max __ _ 2 max *x __ p,min __ : _ 2
a4+ Jyr —wy max  (vg—x2)? < P 4+ [yt —wl min  (vg — x2)2.
V€22 | w2 € X7 v €22, | w2 € X}

This is also equivalent of proving that yi — wi®* — max  (vg — x3)? < yb — wiit —
V€27, | @ EX]
min (vy — m2)? which is true as both vy, 2o, w3y, are positive. As a result, the two

U2€zf+1»$262€t2
solutions do not intersect and the respective absent constraints do not contribute to the feasible

solutions. O

Hence, the solution of a non-convex optimization problem reduces to a simple calculation for each
state variable. The minimum and maximum output-compatible values of the x5 state are attained
similarly.

On the other hand, for the output-compatible values of the x3 state, it suffices to solve two
similar linear programs to find the minimum and maximum admissible values. In order to find a

maximum value u5'®*, the following optimization problem must be solved, derived by eq. (@)

H%f‘;fiiﬁfe U3 (6.17a)

subject to w3 — 3 < yi — wH?, (6.17b)

vy — X3 > Yy — wy™, (6.17¢)

wy € W2, (6.17d)

x5 € X7, (6.17e)

vy € 22,1, (6.17f)

where Wy = [wi™, w*] with wi™ € R, w5y > 0. The minimum output-compatible value

ug®* is attained by the respective minimization problem subject to the same constraints. Finally,

having calculated the output-compatible intervals for the three states, e.g., /'\A,’tlJrl € [ufrin yinax]

)

the overapproximated estimation set /“?t+1 is computed as the Cartesian product of the three sets:

)E't+1 = )E‘t1+1 X -)2t2+1 X ‘)Et3+1
= [P, uP™) x [ud™, ud ] x [ud™, ui®]. (6.18)
Thus, in the context of this chapter, the estimation set is a parallelotope in the 3-D space. As it
will be thoroughly examined in the following section, the low complexity of the approximation of
the estimation set leads to simple calculations for deriving controllers for each motion. Moreover,
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6.6. CONTROL DESIGN

Table 6.2: A numerical example of the proposed technique.

i Xti Z§+1 Xti+1 ui(t) | y7 Y5
1| [5.42,5.64] | [5.62,5.84] | [5.62,5.83] | 0.38 0.15 | 0.1
2 | [5.67,6.00] | [5.98,6.32] | [5.98, 6.20]
31 10.98,1.02] | [0.97, 1.03] | [0.97, 1.02]

the volume of the estimation set in the 3-D space is introduced:

Vol () = (uf"™ — uf™) (uf™ — uf"™) (u5"™ - uf™). (6.19)

In Fig. @, an example of our approximation is demonstrated, for the experiment setting intro-
duced in Section @ The blue-dashed line denotes /"?t, while the red-dashed line the overapprox-
imation using the TM technique. Finally, the next estimation set, /f‘t-ﬁ-la is drawn with a green
line. Additionally, for the specific example of translational motion, Table @ presents the actual
overapproximation of our method in numbers. For the calculation of these sets, the following values
are used wiP® = 0.38, Wi = —0.22, WP = —0.008, wP** = 0.002 and § = 0.1. More details

regarding the measurement errors and the disturbance follow in Section @

We can notice that the conservative approximation of the estimation set, while taking into
account the measurements, affects significantly the result, especially in this nonlinear setting.
To sum up, the challenging calculation of the estimation set is handled with overapproximation

techniques due to the TM properties and our approach of computing the output-compatible states.

6.6 Control Design

In the previous section, the solution for calculating a conservative approximation of the estimation
set was agnostic to the control actions. In this section, we propose a stabilizing state feedback
control mechanism, that guarantees convergence to the target region. Let d(z(t),z*) = ||z7.5 —
x1:2(t)||2 be the distance between two points, specifically between a specific point and the target.
The distance between a point and a set is defined as:

V(& ") = max d(z,z*). (6.20)
TEXt
Moreover, let
DXy, z*) :{go ER:(3zreX;:
¢ =5 —tan"" (“"2_“"3>)}, (6.21)
X1 — 2?1

be the set of angles between the robot’s current estimation of orientation and the line connecting
current robot’s position and the target position for X, simply put, the set of angles of incline
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—— New Estimation Set

- TM over-approximation
----- Current Estimation Set
1.03

1.02
1.01 x3
1.00
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Figure 6.1: An example of the overapproximation for the calculation of the next estimation set,
Xiy1-

towards the target. Finally, let M be the set of states where translation is performed,
M= {x ER®: <3u1 ER: lui| < 2V (&, 2%) cos(aM)) } (6.22)

where 6, = max{dmin| > Omaz },

1= /2(6m 2(1 = cos(Tém)),
Sar = max{’Témm + B, m*)‘ ,‘Témaz n @(zﬁ,w*)‘}

The reasoning behind the choice of the M set is presented in Subsection . In order to select
between performing either translational or rotational motion and reduce the overall computational
complexity, only the center of the convex hull of the estimation set is investigated in terms of
whether it belongs in the M set. Hereinafter, the center point of the current estimation set,
Xy, is referred to as the representative point, a"PT(t). As the estimation set is the Cartesian
product of three intervals of the states, the coordinates of the representative point are computed

straightforwardly:

2" P(t) = (2 (8), 25 (1), 25 (1)), (6.23)

where ;" (t) = 4 (@2(t)+ 2" (t)), i € [1,2, 3], is the center of the interval of each state z; € X
The translational motion is selected if 2"°P" € M for any w;, otherwise the rotational motion is
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X"P'() ¢ MUG

X e MNG

S1:0)=0
X e MNG

S, to(t) =1
X*P(t) ¢ MUG

X' e Mn 6

X*P(t) ¢ MUG

VX, x*) < e

Figure 6.2: The control automaton for the robot’s motion.

selected. Moreover, we consider that the robot has reached the target position when X, C g, with
G={zeR®: V(X,z*) <}, (6.24)

where € is an acceptable distance from the target position, for the mission to be assumed successful.
Note that the robot’s orientation when the goal set is reached is not considered important. Since
in the proposed modeling the motion is considered either strictly translational or rotational, one
control input in each case is nonzero. The overall control strategy that includes the state-dependent
switching mechanism can be described by a directed graph of Fig. @, which illustrates the
control automaton. It is noted that the closed-loop system can be described by a linear hybrid
automaton with non-convex guard conditions. Nevertheless, we do not use this formalism in
order to simplify exposition, especially since the convergence proofs that follow are simple enough
not to necessitate the adoption of this powerful modeling approach. Independently of the selected
estimation technique, the robot moves as described in the control automaton; specifically (i) decides
the motion (signal o(t)) according to () for a"°P"(¢), (ii) computes and moves according to the
selected control action, (iii) acquires an estimation of its pose using an estimation technique and
finally (iv) follows the procedure introduced in the previous section to compute the new estimation
set and repeats the process. When the goal set is reached the robot stops. A complete algorithm
of the proposed technique is presented in detail in Subsection .
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6.6.1 Set Controller for Translational Motion

In this subsection, we compute a translational control action that decreases the distance to the
target set, i.e.. V(Xy1,2%) < V(A,2*). The control action u;(t) is computed by the solution of

the following optimization problem,

mili{r)r\lzizc A (6.25a)
subject to  A? > 14 (A3 — 2)\z) cos®(dpr) (6.25b)
A€ (0,1) (6.25¢)

o € (0,2), (6.25d)

where d3; = max{’Témm + @(éﬂ,x*) TOmaz + @(é\fﬁ,x*) }. Then, for the selected Ay that mini-

mize A\, we select the following control action

)

lur| = Aod(2[2", %) cos(Téns), (6.26)

where [ = \/ 2(6,m " 2(1 — cos(d,,)). In this chapter we consider only forward motion for the unicycle
robot; as a result, the positive value of u; is selected. Next, for the selected control action uq (¢),
the approximation of the one-step reachable set Z, is computed using eq. () Also, as stated
in Subsection , the approximated one-step reachable set Z,, has guaranteed enclosures for
the solution of eq. (@) by construction. Let us consider 2}’2, omitting the orientation plane
as the distance function denoted in eq. ()7 is defined in the 2-D space. It should be noted
here that the following condition for the selected control action is investigating using the reachable
set approximation and without taking into account the compatibility set, as this presupposes a
control action that is already applied to the robot. To this purpose, the value of eq. () can be
deduced from the vertices of 23;27 since it is a parallelotope overapproximation. Thus, it suffices
to investigate whether the distance from the vertices of 2’3:2 towards the target decreases for a

given control action. To this purpose, let us denote the vertices of 2t+1 as:

pij(t+1) = [1, 23], (6.27)

where ¢ = 1,2, j = 1,2 indicate the four vertices of 2}‘2. For example, i = 1 denotes z™™1(¢ + 1)
and similarly j = 2 denotes 23"*(t + 1), where 2 (¢ + 1), 2P8%(t + 1) € Z}H and Z0(t + 1),
2P (t 4+ 1) € 22, as in eq. () Consequently,

V(&Xipr, %) = max d(pg;(t+1),z%). (6.28)
4,j€[1,2]

As a result, given the selected control action g (t), the following condition must be investigated to

determine if the translational motion decreases the distance of the Z}m set to the target position

106



EDGE ROBOTICS FRAMEWORK 6.6. CONTROL DESIGN

in one step

max_d(pi;(t+1),2%) < NV(X, ), (6.29)
i,j€[1,2]
where ) € (0,1). If this condition holds, then the robot implements the translational motion
for uy(t), acquires the measurements and proceeds with the calculation of /’?Hl, as described in
Subsection . Otherwise, eq. () is not decreasing and a more precise estimation of the
current location is required to approach the target position. Hence, each time the translational
!

motion is allowed, it suffices to find the maximum A/, . (¢) € (0,1) for all vertices to guarantee

that the distance towards the target is decreasing.

6.6.2 Set Controller for Rotational Motion

When the representative point 7P (¢t + 1) does not belong in M, the robot performs a rotational
motion. During this, the rotational controller acts to ensure that after one actuation step the
translational motion will be allowed. This is essential as naturally the considered function of eq.

() is not decreasing when the rotational motion is performed.

In this section, an interval of angles of incline a € [amin, @max] Of the lines connecting each point
in the estimation set to the target position, is specified. The purpose of this is to find, if exists,
a rotational control action that shifts the robot’s orientation, aiming to satisfy ineq. () for
x"P"(t+1). Since the overapproximated estimation set X, is a parallelotope in the 3-D space, i.e.,
the states x;, i € [1,2, 3] lie in known intervals, then ami, and amax can be specified by calculating
the angles of incline for the lines that connect the vertices of the estimation set, in the 2-D space and
the target position, as illustrated in Fig. @ Consequently, the control action uq(t) is calculated

by solving the following linear problem:

min  max (z3+ 0 —uz — a) (6.30a)

Uz Xa,8
subject to x5 € X2, (6.30b)
@ € [amin, Tmax], (6.30c)
§eD, (6.30d)
Uy € U, (6.30e)

where @i, = min{tan™! (%)} and Gmay = max{tan—! (%)}, where i = 1,2 and
j = 1,2 indicate the four vertices of the estimation set in the 2-D space. For example, i = 1
indicates the minimum value of the interval of x;(¢) and similarly j = 2 indicates the maximum
value for x5(t). Next, for the selected control action us(t), Z441 is computed by, eq. () which

also has guaranteed enclosures for the solution of eq. (f.§) by construction. Similarly to the
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Figure 6.3: An illustrated example of the maximum minimum distance and slope between X; and
the target position.

previous subsection, the compatibility set in not taken into consideration. We define
2P+ 1) = 1P+ 1), 2T+ 1), 2P (E + 1)), (6.31)

where 2] 7" (t+1) = $ (2 (t+ 1)+ 2"(t 4 1)), for i € [1,2, 3], is the center of the interval of each
state z; € ﬁf+1. It should be noted that when a rotation is performed the robot’s position (z1, z2)
is not affected. As a result, the following condition is examined; whether the shift in orientation

endeavors to satisfy ineq. () for the representative point z"¢P" (¢t + 1):

2 repr *
‘ul‘ < Id(zl2p (t+ 1)733 )COS((SJW)7 (632)

where | = \/2(5,”72(1 —cos(T9,,))) and 05y = max{ ’T(Smm + PP (t+ 1), 2*)| | TOmaz + P(2"P"(t + 1), x*)’
}. If 27P7(¢t + 1) belongs in M then the robot performs the rotational motion for us(t), acquires
the measurements and proceeds with the calculation of 2t+1, as described in Subsection .

)

To sum up, after the rotational motion, if z"¢P"(t) belongs in M then the translational motion
is allowed in the next step. Hence, the robot performs the translational motion for uy (t), acquires
a measurement and proceeds with the calculation of /f’tﬂ, as described in Subsection .
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Otherwise, a more precise estimation is necessary to proceed towards the target position. One
must note that, after rotating with ug(t), if 27¢P"(t 4+ 1) is in M, then, due to the parallelotope
overapproximation, it is certain that «"P" (¢ + 1) will be in M, as described in Subsection .

That is why translational motion is allowed in the next step.

6.6.3 Remote Estimation Technique

It should be clear now that if conditions () and () are not satisfied for the translational and
the rotational motion respectively, then the system can no longer converge to the target position
and the switching signal x(t) triggers the precise estimation technique to assist in the navigation

1, ifo(t) =0 and () is not satisfied
or

K(t) = ifo(t)=1 and () is not satisfied, (6.33)

0, otherwise.

Whenever k(t) = 1, the localization algorithm described in [159] is invoked remotely. Briefly, this
estimation technique relies on a bilateration method using principles of projective geometry. The
robot’s equipped camera captures images from the area and offloads them into the proximate edge
server. There, the localization algorithm analyzes the images to detect landmarks and provide a
highly precise estimation regarding the pose of the robot. Thus, this real-time image processing
is resource-intensive and time-consuming, even when executed on an edge server. Hence, both the
transmission overhead of the images via the access point and the remote processing overhead must

be considered to find the right balance between navigation accuracy and mission duration.

In the context of this chapter, the estimation computed by this technique is considered accurate,
without measurement errors. Consequently, after invoking the remote estimation technique, the
exact pose of the robot is considered known. This allows us to compute a fine-grained control
approach and prove the convergence of the proposed technique. We should note here that, the
choice of the selected remote estimation technique is made to showcase a general setting in edge
robotics in which computationally intensive algorithms are not to be executed on the robot, but
rather to be offloaded on an edge server. Many works exist in the bibliography such as [173],[174]
that provide very precise estimations regarding the robot’s pose. Moreover, such landmark-based
techniques are broadly utilized for indoor localization in the context of Industry 4.0. [175]. It
should be emphasized, that the scope of this chapter is to introduce an offloading strategy between
different estimation techniques, seeking a trade-off between mission duration and accuracy and not

seeking the best between different methods.
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6.6.4 Convergence when Constantly Invoking Remote Estimation

In this section, we show that the proposed technique converges to the target position after finite
time, when the remote estimation technique is exclusively invoked. Let us assume that at time ¢ =
t* the remote estimation technique provides a precise estimation to the robot, thus the estimation
set is minimized to a point X+ = {z"}, as illustrated in Fig. @ Then, it is straightforward to
compute the Z;;1 set using eq. (@) and (@)

The robot initially aligns the orientation accordingly and then proceeds with the translational
motion. Another benefit of the precise estimation is that the set-based controller, proposed in
Problem (30), considers only one point in order to provide the control action u3. In this way, the
robot manages to rotate, aligning to (AT, as illustrated in Fig. @ Thus, the angle of incline
towards the target is minimized, specifically #(Z;+11,2*) C D. As a result, the orientation of the

A * A *
robot Z?*H lies in the interval [tanf1 <x§;_$2> + 8ppin, tan ™t <w2 _xi) + dmaz]-

—p* A_
Ty —Ty Ty~

Lemma 1. Consider the Subsystem Sa (@) and that the remote estimation technique provides
an accurate estimation =™ at time t = t*. Let u be the control input obtained by the solution of
Problem () applied to (@) at time t*. If |(T + 1)(5m’ < %, then the translational motion is
allowed in the next step, i.e., there exists a control action ui that satisfies ineq. () for Zp41.

Proof. After performing a rotational motion, the robot is still positioned at 1}, i.e., Zk2, = z{l,,
and @(Zp41,2*) C D. Moreover, for the translational motion to be allowed, it suffices that
Zi+11 € M. Subsequently, given that V(2 1,2*) = d(x4, 2*), from ineq. () we get:

lua| < 2d(z™, %) cos(ar), (6.34)

where

= \/2(6m72(1 —c08(T0m)), Om = max{|dmin|,dmaz}

Sas = max{’Témin + B2 ,'Tamz +o(%, )y

Under our assumption that ‘(T—i— 1)(5m| < % and since @(Zs+11,2*) C D, then [ is a positive

constant and 0 < cos(dpr) < 1. As a result, the translational motion is allowed at time t = t* + 1

for all uy that satisfy ineq. () and therefore () O

We note that typically the heading error lies in the fraction of a few degrees [176], thus, the

condition of Lemma E is not particularly conservative since the sampling time 7T is small.

Proposition 2. Suppose that the robot rotates at time t*. Then, there exists a control action uj
such that V(Xip1,2%) < AV( X, x*) fort =t +1, A € (0,1).

Proof. After rotational motion, by eq. () we know that Xy« 11 C Z;« 41, since the compatibility

set is not included in this proof. By Lemma m, at time t = t* 4+ 1, the robot is positioned at
A * A *

1}y, hence the orientation X? lies in the interval |[tan~' (zi:zi) + Smin, tan™! (2%:23) + Omaz) -
1 1 1 1

Moreover, it also holds that @(X;,2*) C D and the translational motion is allowed for all u} that
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X3

Figure 6.4: Convergence example after the rotational motion.

satisfy ineq. () Also, from Subsystem (@), it occurs that the shift in the robot’s orientation,
produced by the heading error during the translational motion, is equal to T'§. Then, © is the set
of angles that combine ®(X;« 41, 2*) and this shifts in the orientation, as follows:

05, 3(X;,27)) = {19 €ER: (aa €D,3p € B(Xyes1,a") :
9= T5+ so) } (6.35)

It should be noted that 6 € © C [dynin + T'dmin, dmasz + Tdmaz], since rotational motion is applied
first, i.e., (X 41,2*) C D and d is bounded in D.

Let us also define the circle C'(h,r), centered at the target position z*, h = T(z},z}) and
its radius is the distance from the target position r = (AT) = d(z1,,2*). If the robot after

translational motion is located inside this circle then the distance in one step, is decreasing.

Let x1., be a point in the circumference of circle C, as illustrated in Fig. @ By definition,
(AT) chord’s length, d(z#,z"), is equal to 2d(z?, z*) sin(%). We assume that the robot traverses
the (AT") chord by performing a translational motion with a combined error ¢ € ©. Using the
circle’s identities, we get that ¢; = 6, as (AT'T) is an isosceles triangle and, thus, ¥y = 7™ — 26.
This means that for the (AT') length we get that d(z?,z") = 2d(2z4, z*) cos(f).

Next, suppose that 24}, is a point on (AT') that the robot can reach in one step, i.e., 28, € Z1%
for t = t* + 1. Using basic trigonometric identities, we get that the distance between A and the
target point x*, i.e., d(x®,x*), is minimized if A is a point on the perpendicular bisector of (AL,

(2 2")

2

i.e., when its distance from point A is equal to < = d(z?, x*) cos(0). Now, let us assume the

general case where
d(z?, z%) < Xad(x™, 2*) cos(6), (6.36)

where Ay € (0,2). This parametrization guarantees that point A is inside the defined circle. The

coordinates of 2, can be computed by eq. (@) 2 = g1 (24, u1,9). As a result, d(z?, 22) =
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|25y — 24l5||2. Using eq. (@) and involving trigonometric identities ineq. () becomes:

\/(%)2[2 — 2¢08(T4)] < hod(z™, %) cos(0). (6.37)

Satisfaction of ineq. (), which is by assumption true, implies existence of a wu; satisfying ineq.
()7 for X; = 24 and for @ = 6,;. Next, we show that ineq. () implies

V( X1, 2") < AV (X, ) for t =" + 1. (6.38)

To this purpose, let us assume that, V (X, 1, 2*) = d(x®, z*), as point A lies arbitrarily in X; for
t = t* + 1 Exploiting the law of cosines for the (AAT) triangle we know that for ¢t =¢* +1

V(X 27) =V2(Xp,2") + d° (2, 22)
— 2V (X, x*)d(z?, %) cos(0) (6.39)

By replacing eq. () to eq. ()7 then

VX, x¥) + d* (a2, 22) — 2V (X, 2%)d(z?, 22) cos(0)
< NV, x¥) (6.40)

By eq. (), eq. () becomes:

V(X 2*) + NV (X, ) cos” (0) — 2V 3 (Xy, %) Az cos® ()
< NV3( Xy, 2¥), for t =t* + 1. (6.41)

And finally,
14 cos’(0)(A3 — 2X2) < \°. (6.42)

Ineq. () is satisfied for any A2 € (0,2) and A € (0, 1), thus, V(Xy1,2*) < AV (X, z*), for t =
t*+ 1. O

Theorem 3. Consider the system (@), (@) Then, by repeatably, invoking the remote estimation

and performing first rotational motion and then translational motion, the robot converges to the
target set G eq. ()

Proof. By Lemma m, after the remote estimation technique is invoked, the shift is orientation
defined by problem (), guarantees that the translational motion is allowed in the next step,
ie: X(t*+1) € M. Furthermore, by Proposition E, there is guarantee that V(Xiy11,2*) <
AV (X, 2*) for t = t* 4+ 1, namely the distance from the target position is decreasing. The robot
repeats the following process when constantly invoking the remote estimation technique, namely
(i) performing a rotational motion and (ii) proceeds after one time step to the translational motion.
Consequently, for any initial condition Xy such that V(AXp,z*) < ¢, it follows that V(X)) <
)\L%JV(XO,x*) < A= J¢, thus, the robot converges to G as defined in eq. (), in at most
N* > 2L%J steps. O
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Following this simple technique, i.e., initially rotating to fix the heading error and then proceed
to translational motion, it is apparent that the convergence of the proposed technique is guar-
anteed in the case of the robot constantly invokes the remote estimation. As stated before, this
computationally intensive method heavily affects the mission duration of the robot. Thus, while
relying on the theoretical guarantee, next we need to find an offloading strategy to find a balance
between accuracy and mission duration, whilst the dynamic conditions of the network and remote

computation resources, are also considered.

6.7 Computational Offloading Decision Mechanism

In this section, the decision-making mechanism behind the offloading of the computationally inten-
sive tasks of our framework is presented. This mechanism is based on a utility function decision-
making procedure that quantitatively ranks the current conditions, in terms of their associated
resource metrics (i.e., availability of networking and computing resources at the edge and quality
of robot’s navigation) and dynamically assigns tasks to be executed on the edge infrastructure. To
get a reliable estimation of these conditions, network and computing resource profiles are devel-

oped, as described in the following subsections.

6.7.1 Network Profiling

‘q wsac dIn the following, mainly for demonstration purposes, we assume that the wireless access
technique between the robot and the access point is based on IEEE 802.11g. In this network
deployment, a common effect that occurs when a signal travels through a communication channel
is its power level decreases as the distance increases. To estimate this propagation loss, the well-
accepted Log-Distance Path Loss (LDPL) model is utilized [177]. The LDPL model applies to
indoor environments with the presence of obstacles, having a propagation exponent that indicates
whether the environment has more or fewer obstacles, impacting on the computed loss. The

respective path-loss is calculated as follows:
d
PL(d)4p = PL(do)aB + 1()7110910(67)7 d > dy, (6.43)
0

where PL(dy)qp is the path-loss at a reference distance dg = 1m, n is the path-loss exponent
(PLE), which depends on the presence of obstacles in the environment. To set the upper bounds

of the channel capacity we also leverage the signal-to-noise-ratio (SNR) metric,
SNR(d) = Pyg — PL(d)ap — NaB, (6.44)
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where Pyp is the incoming signal to the access point and Nyp is a Gaussian noise. Then, the

channel capacity C' can be calculated using the Shannon—Hartley theorem,
C(d) = Bloga(1+ SNR(d)), (6.45)

where B is the available WLAN bandwidth (in Hz), giving in this way an estimation of the tightest
upper bound on the information rate of data (in bits per second) that can be communicated at
an arbitrarily low error rate using SNR. Having this bound available, an estimation of the task

transmission duration (in seconds) can be calculated as follows:
ey(d) = —= (6.46)

where m is the size of the offloaded data in bytes.

6.7.2 Edge Computing Resources Profiling

Regarding the profiling of the computing resources at the edge, we assume that the allocation of
the resources to the localization service on the server is managed by the resource orchestrator of the
infrastructure provider. Hence, we can only estimate the amount of allocated resources through
measurements. To this end, we model the resource allocation strategy on the edge server as a linear
dynamical system, subject to process and measurement uncertainty disturbances which follow the
standard Kalman Filtering estimation approach [178], a computationally light prediction method.
Briefly, using previous CPU utilization measurements, allows for acquiring a current estimation of
the virtual CPU cores allocated to the container, é(t), dedicated the remote estimation technique.
Subsequently, this allows for estimating the expected computation time (in seconds) of the offloaded
task to the edge server, ecomp(t), by modeling it as a linear relationship of the available resources,
specifically:

€comp(t) = a &(t) + 6. (6.47)

A

The coefficients «, § are calculated using a least-squares fitting method on a set of pairs (ecomp(t), &(t))
produced offline while experimenting with a dataset of pictures from the robot’s camera. The in-
terested reader may also refer to [146] for further information on this process, as it is based on this

previous work.

6.7.3 Utility-based Offloading Strategy

After evaluating the current network and available edge computing resources, we apply the results
in a utility function in order to quantify the trade-off between remote execution time and navigation
performance. Naturally, this utility function incorporates a term, which assesses the quality of the
navigation till the point of the offloading decision making, ¢, which in our case is expressed as

a fraction (rational number) that is the quotient of the volume of the estimation set X, divided
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by the robot’s remaining maximum distance of the estimation set towards the target position,
V()?t, x*), as introduced in Section @ The rationale behind this inclusion lies in the fact that the
smaller the distance is between the robot and the target, the more precise the navigation has to be
in order to approach it e-close, thus the more preferable the offloading. Additionally, in Subsection
, we identified a hard constraint for resorting to remote execution, expressed by the value of
k(t) in eq. (), which also has to be engaged in the offloading decision.

Therefore, taking the above into consideration, the utility function of edge computing processing

for the robot can be defined as:

Vol(X,)

V(R ) —ca-eo(d,t) + k(t) - C, (6.48)

Qo(t) =c1 -
where e,(d, t) = eui(d) +ecomp(t) denotes the total estimated duration of the remote execution. We
should note here that, similarly to other studies [179], in the envisioned application, the duration
of the transmission of the computation results is negligible, as the size of the computation results
(plain text) is much smaller than the size of the input data (image or video). Thus, in our case, the
total duration specifically involves the uplink transmission and the computation execution time.
The ¢1,c2 > 0, € R coefficients are carefully selected after thoroughly experimenting with different
combinations in order to reflect the desired balance of mission duration and accuracy. C' > 0,€ R
represents a very large number.

By carefully examining eq. (.4§), one can notice that the system’s utility increases as the
navigation accuracy decreases, while decreases as the total offloading duration increases and is
maximized when offloading is deemed necessary, i.e., k(t) = 1. Leveraging the above, we define
O(t), a function that dictates whether the task is offloaded to the edge (O(t) = 1) or not (O(t) = 0),

as follows:

1, ifgo(t) > Jrm
oft) = (6.49)

0, otherwise,

where Jry < C is a predefined threshold, the value of which, together with the values of ¢1, ¢y
and C, tunes the sensitivity of our mechanism in triggering the remote execution technique and

depends on the mission’s characteristics.

6.7.4 Convergence of the Proposed Technique and Core Algorithm

To summarize the whole operation of the proposed CPS, as introduced in Section @, the robot’s
motion, dictated by the control automaton of Fig. @, relies at first on local techniques for pose
estimation. On the one hand, the robot performs a translational motion using the respective
controller computed by eq. () and (), only when it is guaranteed that the distance towards

the target position for the whole estimation set decreases. On the other hand, the robot performs
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a rotation using the controller computed by problem ()7 only when it is guaranteed that in
the next step the translational motion is allowed. In both cases, an overapproximation of the
estimation set is calculated, as explained in Subsection . The offloading strategy switches to
the remote estimation according to the system’s utility, given by the utility function () This
utility function dictates the robot to invoke the remote estimation whenever at least one of the
two conditions for convergence, eq. () and (), is not satisfied, or when the communication
conditions and/or the available computing resources result in a fast computation for the precise
remote estimation technique. In this case, given the precise estimation, by Theorem E, the distance
between the robot and the target position decreases. Thus, using a combination of the local and

remote estimation technique, the robot eventually converges to the target position.

Corollary 1. Consider the system (@), (@) and the utility-based offloading strategy defined in
(6.48). Then, the robot converges to the target set G eq. ()

Proof. The proof of Corollary m follows the same reasoning as in Theorem E, with the exception
that the convergence speed is A= max; A (t), as given by eq. () and that the rotation is

invoked at worst every two time instants. O

6.8 Performance Evaluation

In this section, we provide a detailed numerical performance evaluation of the proposed technique,
through modeling and simulation of various scenarios, illustrating the operation, features and
benefits of our approach. Specifically, in Subsection , the detailed configuration of the experi-
mental setup is described. In Subsection , we focus on the control sequence benchmarking. To
this end, we identify two metrics, based on which we evaluate the performance of our mechanism,
namely the a) navigation accuracy and b) mission duration and different offloading strategies are
compared. In Subsection , the utility function is evaluated for different application scenarios,
indicating the easily adapted applicability of the proposed technique. The benchmarking is con-
ducted by simulating the motion of a mobile wheeled robot in Python. For the calculation of X , wWe
utilize Flow*, described in [180] and [181]. Flow™ is a software used for calculating reachable sets
in hybrid automata, together with other dedicated software (e.g., CORAE) [182]. The simulation

code, alongside any related dataset used in this section, is publicly availablea.

6.8.1 Experiment Setup

In order to have a realistic setting, for evaluating the described scenarios, we simulate a square,
20m x 20m sized factory floor where five wireless access points are located. Four of them are

placed in the corners of the floor and the last one is places in its center. As the simulated robot,

Lhttps://swmath.org/software/25659
2https://github.com/Dspatharakis/Replan

116



EDGE ROBOTICS FRAMEWORK 6.8. PERFORMANCE EVALUATION

’ Parameter \ Value ‘

€ 0.2m

D [0.1,0.2] rad

wr [—0.2,0.03] m
wa [—0.06,0.04] rad
o (13,14)

Xo (3,2)

JrH 10

U [0,5] m/s

Uy [0, 27 rad/s

Table 6.3: Simulation parameters.

an AlphaBotE is selected, thus, the local pose estimation is performed by using the robot’s photo-
electric sensors (encoders) attached to each wheel, which provide an estimation about the travelled
distance and the shift in orientation. Moreover, the discretization time is set at 7' = 0.1s. The
remaining key experiment parameters are listed in Table @, unless otherwise explicitly stated.
Additionally, regarding the mission, we consider that the robot starts from a known position Xj
and stops when it reaches e-close to the target position z*; for illustration purposes and in order
to be able to average the following results over multiple repetitions of the experiment, the starting
and final position are kept always the same.

Regarding the networking settings, we assume a signal of power P,p for the uplink, which is
proportional to the distance between the robot and the access point it is connected to and which
has a maximum value of PJy** = 24dB. Moreover, we fix PL(dy) at —20dBm, based on the work
of [[L77], which presents an access point with the same characteristics of ours and the same reference
distance. The path-loss exponent n is set equal to 3.5, a value typical for a factory floor setting
[183]. The size of offloaded data, in MB, follows a uniform distribution with a mean value of 0.075
and variance equal to 0.25. The Gaussian Noise Nyp is set equal to —114dB while the bandwidth
B allocated to the robot at any given time is set to 1M H z.

Finally, regarding the edge computing resources, as mentioned in subsection m and similar to
[146], a least-squares fitting method is used to calculate the coefficients & = —1.34 and 8 = 3.675
for the computation of the remote estimation technique. Also, the allocated cores of the edge
server ¢(t) are updated every 0.5s, following a Normal Distribution with a mean value of 0.75 and

variance equal to 0.5.

6.8.2 Control Sequence Benchmarking

In this scenario, we compare the performance of the following three computational offloading
schemes, in terms of navigation accuracy and mission duration: i) exclusively local estimation,

where the robot never invokes the remote estimation algorithm, ii) exclusively remote estimation,

3https://www.waveshare.com/wiki/AlphaBot
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Figure 6.5: Estimation set propagation for the three offloading schemes.
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Figure 6.6: Decrease of distance V(XAt, x*) for the three offloading schemes.

where the robot constantly invokes the estimation algorithm, i) utility-based offloading decision,
where our proposed mechanism comes into operation. For each of these three cases, a set of 35
experiments is conducted and the results are averaged per time slot for better illustration.

Fig. @ depicts the changes in the estimation set volume (per second), as the robot moves
and offloads tasks. The estimation set is depicted in 2-D, as the robot’s position (and not its
orientation) is sufficient to satisfy the termination condition (eq. ()) Alongside this, Fig. @
shows how quickly the robot reaches e-close to the target in each case. As expected, in case ),
where only local estimations are used, although the robot moves rather quickly as shown in Fig.
, it consistently fails to approach the target as the localization error is accumulated in each
step. This is illustrated in Fig. . There, the vast increase of the size of the estimation set,
due to this accumulated error, indicates that the robot can not converge to the target position. It
must be noted that, in the 35 repetitions of this setting, only once the robot managed to reach
e-close to the target, as shown in Table @ On the other hand, case ii) showcases great precision
in localization, which also reflects at the size of the volume of the estimation set, which is fixed
at the minimum value (point) throughout the mission, as shown in Fig. . However, this
comes with a cost in mission duration which is significantly increased due to the robot uncritically
invoking a time-consuming estimation technique, despite the networking conditions and available

edge computing resources not being always favorable.
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Average Average Success

Offloading Scheme mission offloading
. . Rate
duration triggers
(s)

Exclusively Local 25 0 3%
Exclusively Remote 270 95 100%
Utility-based 33 3 100%
Time-triggered (@ = 5) 95 26 100%
Time-triggered (u = 10) 58 11 100%
Time-triggered (u = 15) 48 7 100%
Time-triggered (u = 35) 35 3 100%
Time-triggered (u = 50) 38 3 95%

Table 6.4: Experiment metrics for each offloading scheme.

After the evaluation of the first two cases, it becomes evident that a balance between the
investigated metrics, i.e., navigation accuracy and mission duration, is of paramount importance
and our method, ), manages to deliver one.

As illustrated in Fig. , in the beginning, where the robot moves quickly using the local
pose estimation, the estimation set increases over time. Then, the utility-based offloading strategy
invokes the remote estimation technique three times, specifically at the 16th, 25th and 29th second
of the experiment. In these moments, a precise estimation of the robot’s pose is provided, thus the
estimation set is minimized to a point. After offloading, the robot moves again faster towards the
target position, as long as the size of the estimation set allows it. In this setting, the average mission
duration is kept to a low 33s, which is only 10% longer in duration than the single successful try
of case 7). We should note here that the coefficients of the utility function of eq. () were fixed
to values that provided a balanced outcome between the evaluation metrics, in order to reflect
a generic mission. In the next subsection, an evaluation on the different values and dynamics
between these coefficients follows.

Finally, along with the three aforementioned offloading schemes we evaluate five different set-
tings of a time-triggered remote estimation, a variation of case 4ii), where the remote estimation
is now triggered periodically every u seconds. Although this time-triggered estimation provides,
in some cases, similar results to our case, it has no convergence guarantees. This is elucidated in
Table @, where the averaged results for the set of 35 experiments, for all the offloading schemes
are presented. As one can notice, our technique is superior to all the other offloading strategies
when it comes to providing a guaranteed convergence to the navigation target, while keeping the

mission duration low.

6.8.3 Offloading Strategy Benchmarking

Having evaluated the overall usefulness of the proposed mechanism, in this section, we investigate

the effect of the coefficients of the utility function, on navigation accuracy and mission duration. To
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Figure 6.7: Time-critical mission.

this end, we tweak the coeflicients of eq. () to steer the offloading strategy towards benefiting
one of the two metrics, depending on the mission requirements. In this context, we identify three
mission-scenarios, differing on which term of the utility function gets promoted and the results this
has on the mission metrics: ) time-critical mission, (e.g., rescue robots), ) navigation-critical
mission, (e.g., autonomous museum tour guides) and i) sparse communication mission (e.g., space
robotics). The first case differs from the exclusively local execution one of the previous subsection,

as we guarantee a 100% mission success rate, i.e., the robot always reaches the target.

For case i), we tweak the coefficients of the utility function to benefit the mission duration.
Consequently, co, which is associated with the total duration of the remote execution of the precise
estimation technique is promoted, while ¢;, which is associated with the quality of the navigation, is
demoted. Hence, the time-consuming remote estimation is invoked either when the total duration
of remote execution is really low, compared to the local estimations, or when the estimation set
has grown vastly, as shown in Fig . In detail, the remote estimation technique is invoked two
times in this experiment, when the volume of X, results in a great deterioration of the quality of
the navigation, as shown in Fig. and at the same time the total duration of remote execution

is minimized. The average mission duration for this setting was 33s.

On the other hand, in case i), to address the need for a more fine-grained navigation, c¢; is
promoted and ¢, is demoted, thus, the estimation set’s volume is not allowed to grow uncontrollably.
This results, as presented in Fig , in invoking the remote estimation technique more frequently,
i.e., 6 times during this experiment. In this case, the quality of navigation is more important
than execution time; this is evident in the 1st, 3rd and 6th offloading trigger, where the network
conditions and available edge resources are not so preferable, but, still the robot chooses to offload
in order to minimize the localization uncertainties. In addition, naturally, the volume of the

estimation set, depicted in Fig. , is relatively compared to the first case, resembling the case
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Figure 6.8: Navigation-critical mission.

of exclusively offloading of Subsection . The average mission duration for this setting is 33%

longer (45s) than case i), as expected.

Finally, in case i), we minimize c;, to simulate a scenario where the robot invokes the remote
estimation algorithm only when it is an absolute necessity. This setting is a special case of case )
to indicate that the mission duration also depends on the increase of the estimation set. Therefore,
as shown in Fig. , in this case we notice only two offloading triggers, namely; the 1st due to
the increase of the estimation set, at the 22nd second of the experiment and the 2nd due to the
k(t) signal trigger at the 33rd second. As presented in Subsection , k(t) becomes equal to 1
either when the distance towards the target is not decreasing or the rotational controller fails to
allow translational motion in the next time instant. As shown in the same figure, regardless of the
current network and computing conditions, the robot seeks a more precise estimation to guarantee
that the target is reached. A last note is that the average mission duration for this setting is 15%
longer than time-critical experiment (38s). So, a conclusion that is drawn is that the bigger the
estimation set, the more it deteriorates the quality of the navigation, under the proposed controller

design.

To sum up, it is noticeable that promoting c; results in more precise yet time-consuming
navigation, as the robot offloads more frequently. On the other hand, when promoting co, the
robot offloads rarely, when absolutely necessary, resulting in quicker but less precise navigation.
Moreover, in the special case, where ¢; is minimized, the robot offloads either when the estimation
set grows vastly, or when the conditions that guarantee convergence are not satisfied. It should
be noted that, while all three configurations manage to achieve a 100% success rate in reaching
the target position, the first one is allowed to roam more freely, relying on its local navigation
capabilities in favor of speed, the second one manages so in a more fine-grained trajectory while

the third one invokes the remote estimation technique only when necessary. To sum up, the utility-
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Figure 6.9: Sparse communication mission.

based offloading decision framework manages to achieve the required balance among the various

mission characteristics, making it suitable in the context of co-design of 3C for a CPS.

6.9 Summary

In this paper, a novel resource-aware estimation and control framework for edge robotics, that
jointly tackles the problem of convergence in trajectory navigation of a unicycle robot and the
problem of efficiently using communication and computing resources, is presented. The conserva-
tive overapproximation techniques introduced alleviate additional computationally intensive tasks
from the resource-constrained robot and provide a quick solution to the challenging problem of cal-
culating the estimation set in the presence of modeling and measurement uncertainties. Moreover,
we propose controllers that guarantee the robot reaches a target position after a finite number of
steps. Finally, a utility-based offloading decision strategy is presented and thoroughly evaluated
to highlight the need of finding a balance between two important metrics, namely navigation ac-
curacy and mission duration. The performance evaluation of the proposed technique suggests that
our solution outperforms other typically used offloading schemes and is easily adjustable to the
needs of different application characteristics. More importantly, the proposed framework guaran-
tees convergence to the target position independent of the various parameters chosen, in contrast
to the periodic offloading schemes. The results of this Chapter are also presented in []
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Chapter 7

A Task Offloading and Batch
Scheduling Framework for

Edge-assisted Inference

7.1 General Setting

The era of modern applications has witnessed the emergence of new computing paradigms that
alleviate the computational burden of complex algorithms from the devices. There are several
scenarios in which conducting the best quality computations provides disproportionate benefits
in terms of performance and energy of the overall system [185]; a fact that paves the way for an
adaptive computing paradigm, namely, Approzimate Computing [41] or Transprecision Computing
Paradigm [186]. The basic idea of this paradigm is to reduce the number of computations an
application must perform, thus, reducing the execution time but producing a potential but ac-
ceptable loss in accuracy. Approximate computing is applied at various levels, including hardware
acceleration (e.g., CPUs, GPUs, etc.) and software (e.g., model compression [3g]).

This Chapter focuses on the case of real-time inference (i.e., image detection) applications
deployed in various scenarios such as AR/VR, mobile robotics, and Smart City applications, among
others [187]. We assume that inference tasks (e.g., images or video stream) generated by low-
power and compute-constrained EDs are processed either locally or offloaded, using a wireless
connection, to the ECs for further processing. The offloaded tasks are first compressed on the
EDs to reduce the transmission time [188]. Accordingly, when an offloaded task arrives at an
EC, it is decoded, and then the inference is executed. Thus, we investigate the trade-off between
the minimization of transmission time (i.e., compression of task size) and the accuracy loss of
the inference. Furthermore, we consider that each EC has an available GPU unit that assists

with the computations. On the EC side, we assume that the offloaded tasks are executed in
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parallel, i.e., in a batch. The batch processing of tasks drastically decreases the overall latency
compared to the sequential execution of the tasks [189]. Moreover, the time the GPU is operating is
reduced, thus minimizing the cost and energy from the EC side. However, for the batch processing
to be optimized, the offloaded tasks must arrive at the EC simultaneously to reduce the total
latency [190].

7.2 Related Work

In this section, we present studies related to the task offloading problem and Edge-assisted real-time

inference.

7.2.1 Task Offloading

Leveraging the Edge Computing capabilities, there are numerous works related to the task offload-
ing problem subject to various metrics (e.g., latency, bandwidth utilization, energy). Here, we
present the most recent studies on SDR-based task offloading for the binary case.

In [191], the authors propose the modeling of a single device that has a set of tasks to execute
and a set of ECs that the tasks can be offloaded. They consider two different cases of resource allo-
cation on the ECs, namely; fixed and elastic CPU frequency, and they solve the QCQP with SDR.
The results indicate that SDR provides near-optimal solutions and outperforms all other baseline
techniques. In Chen et. al. [192], the authors assume only one EC and a set of users. The task is
executed either locally or remotely on the EC. They formulate the Multi-User Multi-Task Offload-
ing algorithm that solves, using SDR, the binary offloading problem and then maps the solution
to a feasible one using stochastic randomization. Mukherjee et. al. [193] design a computation
offloading strategy to minimize a utility function defined as the weighted sum of every device’s
delay and energy consumption, in a UAV scenario. Then, they formulate a binary offloading prob-
lem that is solved with SDR as the problem is a Quadratically Constrained Linear Program. The
SDR solution is then used to train a Deep Neural Network model to find a near-optimal offloading
strategy. Finally, in [194], a joint task offloading and resource allocation problem for mobility
scenarios is presented. The proposed framework utilizes Lyapunov optimization combined with
Semi Definite Program (SDP) to optimize the offloading ratio, power, and CPU frequencies of the
ECs.

7.2.2 Edge-Assisted Inference

This section briefly presents studies that tackle the problem of optimizing inference accuracy in an
Edge-assisted offloading scenario.

In particular, in [[195], the authors propose a framework where each device offloads an inference
task taking into account the network quality. If the channel quality is adequate (in terms of signal

strength) then the task is offloaded to the EC. Otherwise, the tasks (images) are compressed to
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reduce the transmission latency and manage to receive the result within the frame rate. Similarly,
in [196] the decision for offloading is based on the network and the application’s requirements; a
problem is formulated that simultaneously decides the frame rate and frame resolution, the bit-
rate of the video along with the model selected for the inference. The proposed framework focuses
on executing a convolutional neural network (CNN) for real-time augmented reality applications.
Moreover, the authors in [197] utilize a dynamic Region Of Interest (ROI) encoding technique
that adjusts the encoding quality for each subframe of the original picture based on the latest
inference. They introduce a real-time framework with dynamic offloading policies to minimize
latency and maximize accuracy for an AR application. In [I18§], the authors address the issue
of real-time object detection under poor communication conditions. They run a lightweight deep
neural network model on the device to find candidate ROIs and then encode with higher quality the
ROIs by controlling the compression ratio (i.e., bitrate). Then, a fine-grained offloading strategy
is introduced to limit the frequency of offloaded images to the ECs. Specifically, offloading occurs
only when the results of the local inference are inaccurate or significant changes in the motion of
the objects are observed.

In the following we also highlight two research works that try to formulate optimization prob-
lems regarding the maximization of accuracy for Edge-assisted inference. Fresa et. al. [198] propose
an approximation algorithm to maximize the total accuracy for inference tasks subject to latency
constraints of the makespan. The authors use model selection and formulate an NP-hard problem
that is linearized in order to achieve a feasible solution. Also, in [199], an NP-hard problem is for-
mulated to investigate the trade-off between latency and accuracy in a 3-layered architecture. Tasks
can be either executed locally or offloaded to the edge and the cloud layer. The joint optimization
of compression and offloading is similar to ours, however, the offloading decision is approximated
using a heuristic algorithm with a moving average technique. Moreover, the solution provided in
[199] is not compared to the optimal solution. In difference with the above-mentioned works, we
formulate an optimization algorithm that jointly minimizes the average latency and maximizes
the accuracy of the inference process, by computing the optimal values for the compression of the
offloaded tasks and employing them to compute an SDR-based task offloading decision for batch
scheduling.

7.3 Contributions & Outline

Overall, we aim at a task-offloading strategy for batch scheduling that (a) facilitates the collabo-
ration between the EDs and the ECs to reduce the average latency and (b) maintains a certain

quality of the inference process. Our contributions are summarized as follows:

e A two-layer environment is introduced, where EDs produce inference tasks and seek addi-
tional computing resources from the ECs, in an Edge Intelligence scenario. We formulate a
joint optimization problem to maximize the average accuracy and simultaneously minimize

the average latency of Edge-assisted inference. We introduce a framework to approximate
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the solution of the optimization problem by breaking it into two sub-problems: (a) compute

an optimal task compression and (b) decide a task offloading policy for batch scheduling.

o Following the Approximate Computing paradigm, we consider two inference models, namely:
(i) a computationally light for the resource-constrained ED and (ii) a precise one executed
on the GPU-enabled ECs. Thus, we investigate the trade-off between the expected quality
of the inference and the transmission time of tasks. We first compute an optimal compres-
sion strategy subject to a task offloading policy. The solution to the compression problem
introduces some important results which imply that the batch scheduling is optimized when
the tasks arrive simultaneously at the EC, thus, minimizing the total latency of the inference

process.

e The task offloading problem remains challenging as it is a mixed-integer linear program.
We formulate the equivalent Quadratically Constrained Quadratic Problem (QCQP) since
the binary offloading constraints are expressed as quadratic equations [200]. Therefore, we
exploit the power of Semi Definite Relaxation (SDR) to achieve a near-optimal solution
while maintaining polynomial complexity based on the results of the compression problem.
We utilize a randomized method to obtain a feasible solution that converges close to the
optimal solution with low polynomial complexity, as the results indicate. We propose an

algorithm that iteratively solves the two subproblems until convergence.

e We perform an extensive evaluation of the proposed framework via modeling and simula-
tion. The superior performance of the proposed approach is demonstrated in comparative
experiments, as the total cost is at least 50% less than all other benchmark techniques, and
improves even further as the number of tasks increases. Finally, we investigate the effect of all

significant parameters on the overall performance of the framework in a series of experiments.

7.4 System Model and Problem Formulation

We consider a two-layer computing environment, involving a set of homogeneous (in terms of
processing capabilities) EDs that produce tasks A= {1,..., N} and a set of ECs M = {1,... M}
located in the proximity of the devices. Each task ¢ € A/ contains one or more images, or ROIs,
of a similar size (in bytes), which is denoted by d; and is bounded by a maximum data size; i.e.,
d; < d™*®. The images are used for real-time object detection algorithms e.g., using the newest
version of YOLO software [201]. The EDs communicate with the ECs via wireless access points.
A high-level illustration of the systems’ overview is depicted in Fig @ Each ED has to decide
the task scheduling strategy, i.e., whether to execute the inference process locally or offload to

an EC. Hence, we consider two binary offloading decision variables, z;, for i € N and y;;, for
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Figure 7.1: High-level concept of Inference Offloading for GPU-enabled ECs.
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i € N,j € M, to denote the task scheduling:

1, the i*" task is executed locally
T = )
0, the " task is offloaded

1, the i*" task is assigned to EC j
Yij =
0, otherwise 7

We denote the task scheduling matrix as

1 Y1 .- YiMm

TN YN1 --- YNM-

Observe that X is a N x (M + 1)-matrix. To assist the reader, a summary of the key notations
used in the text is provided in Table @

In addition, we consider that each edge server is mounted with a GPU unit to assist with the
image detection process. Following similar works (see [202]), we let the GPUs execute multiple
tasks in parallel to reduce the total computation delay. We denote b;, for j € M, the batch of
parallel executed tasks, following [190]. Moreover, for each EC j € M, we consider a maximum
batch size b]*®. Let b™* = [b*e®, ... b1**] be the (M x 1)-matrix containing the maximum

batch size of each GPU-enabled EC. We also denote s;,7 € A/, the compression ratio of the data
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Table 7.1: Summary of the key notation.

Symbol | Interpretation
N number of EDs

i index of an ED
M number of ECs
j index of an EC
x; local offloading decision
Yij remote offloading decision
X task scheduling matrix
d; data size for task ¢
R;; data rate between ED 4 and EC j
S; compression factor for task 4

g(s, k) | expected accuracy related to compression

b maximum batch size for EC j

L%’a” transmission latency of task i offloaded to EC j
i | computation latency of task i offloaded to EC j

Lyt waiting time at EC j

L; overall latency of task ¢

A(X,s) | average accuracy of all tasks
T(X,s) | average latency of all tasks
Trnaz maximum allowed latency
Anin minimum allowed accuracy
U(X,s) | objective function
A7 scalar weight for latency
Aa scalar weight for accuracy
€ solution convergence threshold

size of the tasks which are offloaded. We further assume that the data size of the tasks is known
beforehand. As mentioned in the introductory section, in the case of offloading, the tasks are
first compressed using the appropriate software (e.g., libjxl [203]) and then sent to a specific EC,
to reduce the communication overhead. Following the Approximate Computing paradigm, we
consider two different inference models to perform the image recognition algorithm, namely; (i) a
computationally light but inaccurate model executed locally on the constrained ED and referred
to as kiee, and (ii) a precise model executed on the ECs, which is denoted by k. This practice
is common when executing inference in computing-constrained EDs [204]. Therefore, in order to
express the relationship between the expected accuracy of a machine learning model and the image

compression of each task, we use the following function, following [205]:

9(s, k) = ay exp(— Pk exp(—ks)) , (7.1)

where k denotes the selected machine learning model and s € (0, 1] is the compression ratio used
for data compression (i.e., s = 0.9 means that the output size of the task is at 90% of the original

size). This function is known in the literature as the Gompertz function and captures the idea
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that as the compression ratio increases there is a significant loss in the accuracy of the inference.
It is easy to see that the concavity of the Gompertz function depends on the parameters a, 3, 7.
Hence, we choose the parameters «, 3,7 in such a way that (a) the concavity of the function is
guaranteed, and (b) the local and remote machine learning models produce different maximum
accuracy. Finally, we denote by s = [s1, ..., sn], the (N x 1)-compression matrix. We now proceed

with defining the accuracy of the system.

1. Accuracy: The average accuracy of all tasks is given by:

AX,s) = % Z (mi ~g(1, kioe) + Z Yij - 9(Ss, k)), (7.2)

ieEN JEM

where ko is the local machine learning model used for the inference and k is the machine learning
model used by the ECs. Clearly, in the case of local execution, compressing the data is redundant,

and therefore the compression ratio is equal to 1.

Let R;; denote the data rate to transmit the images from the i ED to the j'** EC. We assume
that the latency of transferring the response from the EC to the ED is considered negligible as in
[206]. Then, let Lﬁ;a”,Lf;mp be the transmission and computational latency, respectively, when
the task 7 is executed on the EC j. More specifically, we define

sid;

e =22 and L™ = filby), (7.3)
ij

where fr(b;) = &kb; + Cr, where &, i are constants and b = >, 4ij, for all j € M. Driven
by [190], the function fi(b;) is a linear approximation to the computing latency of the inference
for a batch of tasks b;, when executed on a GPU; as showcased also in the results of our prior
work [189]. Furthermore, from our prior work, we know that small deviations in the task size have
an insignificant effect on the latency of batch processing. In the function f;(b;), apart from the
computational latency, we also include the time needed to encode the task on the ED side and
decode it on the EC side. More information regarding the linear approximation of the latency is
presented in Sec. @

However, in this chapter, we consider parallel processing of the tasks at the EC. This means

that each EC starts the processing of the batch when the last of the tasks arrive. As a result, let

it Sidi
Lj*" = max {yij : Rw} (7.4)

be the waiting time of all tasks ¢ € N offloaded at EC j. Evidently, if a task, say i, is offloaded at

the j*" EC satisfies Sé‘?? = L;’“”, then the waiting time for the specific task is zero. Moreover, we
. *J

know that L;-”‘“t > Lf;“" for all tasks offloaded at EC j. We define the makespan of task i € N,

that corresponds to the transmission, waiting time, and computing latency at the j** EC when at
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least one task is offloaded, as follows:

Li — maj\}[{ {L%‘an’L}uait} + L?;mp _ L}uait + ij{’mp (75)

i€
Having defined the accuracy if the system, we now proceed with defining its latency.

2. Latency: The average latency of all tasks is given by:

1 wai com
T(X,s) = & ST (@iLioe(d) + > wis (Lj Ly ,,) ), (7.6)
ieN JEM
where Lioe(d;) = fr,..(di) = &kodi + Cryo., 18 the latency of the local execution. Observe that,
similarly as before, we consider a linear function of the data size, d;, for the local computing time.

As already mentioned, the same processing capabilities are considered for all EDs.

We aim to minimize the tradeoff between the average latency of the tasks produced by the EDs
and the average inference accuracy. To this end, we formulate the total cost as the weighted sum
of the two metrics:

U(X,s) = AMT(X,s) — M A(X,s), (7.7)

where A7, A4 € RT are tunable positive parameters. We subtract the second term in the objective
function aiming to maximize the average accuracy of the tasks. Therefore the joint minimization

problem can be formulated as:

El: mig\Il(X, s) (8)
st. T(X,s) < Thax (7.8a)
AX,s) = Anin (7.8b)
0<s; <L, VieN (7.8¢)
>y SO, Ve M (7.8d)

ieN
i + Z yi; =1, Vie N (7.8e)

JEM

zi,yij € {0,1}, Vi e N, j € M. (7.8f)

The constraint () guarantees that the average completion of the inference of all tasks is upper
bounded by T4z, while constraint () ensures that the average accuracy for all tasks is lower
bounded by A,.;n. Furthermore, () ensures that the compression ratio of the data at the
ED side is greater than 0 and at most equal to 1. Constraint () ensures that the amount of
offloaded tasks to EC j is upper bounded by b7** for all ECs. Constraint () also secures that
each task is executed either on the ED or offloaded to a specific EC. Finally, () describes the
binary character of offloading, i.e., the task is not split into several tasks. Problem £1 is a mixed

integer nonlinear problem that is well-known to be NP-Hard [207].
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7.5 Accuracy Maximization and SDR Relaxation

In this section, we discuss an optimization framework to efficiently find a near-optimal solution to

Problem (@)

7.5.1 Optimization of Inference Accuracy

We first aim to find an optimal solution to the compression ratio of the offloaded tasks given
a feasible task scheduling matrix X. More concretely, we first optimize over the values of s in
Problem (@), while considering the values of X as fixed.

&2 :msin U(X,s) (9)

s.t. (.8d), (.81), (7.8d) (7.92)

Note that Problem (@) can be equivalently written as follows:

mln — Z Z Yij - 08X {yej Zd'e }

16/\/]6/\/1

Z Z Yij - Sz; + Cy+Crp (10)

zeNgeM
d C
s.t. — Z Z ywmax Yoj—— Sede 4+ 2L < Tonax (7.10a)
Ry, AT
ZENJEM
CA
AT Z Z ng 3“ )\ Z Amin (710b)
zeNyeM
0<s; <1,VieN, (7.10c)

where Cr = )‘ﬁ YN Zje/\/t (wiLloc(di) + &k, Dorem ylj) and Cy = —/\WA DN Zje/\/l Aag(1, kiocd)
are independent of s, and may be regarded as constants. in this chapter, we choose the parameters
a, 3,7 in the Gompertz function in such a way to guarantee that we consider only the concave
part of the function that is convex in the negative form. To solve problem (), since a task
scheduling matrix X is known beforehand, we substitute the max operator that indicates the max-
imum transmission latency of all tasks towards each EC, with respective linear constraints [208§].
Moreover, Cp,C 4 are constants subject to the task scheduling matrix and are omitted as they do

not contribute to the solution. Hence the equivalent optimization problem is:
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msin % Z Z Yij (Art; — Aag(si, k)) (11)

iEN jEM

1 Cr

s.t. N Z Z yijtj + )\7 S Tmax (7.11&)

1EN jJEM T

1 Ca

N Z Z Yijg(si, k) + WA > Amin (7.11b)
iEN jEM A

0<s; <L,VieN (7.11c)

iy . )
Yij - ° - <t;,Vie N,Vje M. (7.11d)

)

As a result problem () can be solved efficiently by a convex programming solver in polynomial
time which provides an optimal solution for the compression matrix s and the maximum trans-
mission latency ¢; for all j € M. With respect to an optimal solution, we provide the following

results. For each EC, say j, we define the following two sets of offloaded tasks:

a. Pj={le{l,...N}:s <1,y;; = 1}, which is the set of the tasks with feasible compression

ratio and

b. Q; ={le{l,...N}:s = 1,y;; = 1}, which is the set of tasks with maximum compression

ratio.

Let tp, = maz sédi
J

ij
respectively. It is evident from Problem () that an for optimal solution ¢}, j € M, of Prob-
lem () it holds that either £ = tp, or t; = tg;. Then we proceed with two results that provide

a qualitative description of an optimal solution.

and tg, = m%x g?_ be the maximum transmission times over P; and Q,,
s R

Lemma 2. Lets* = (sj,...,sy) and t},j € M, be an optimal solution to Problem () Then,
for every j € M and every i1,12 € P;, it holds
8;1 dil s¥ di2

=20 (7.12)
R, ; Ri,; '

Proof. Fix a j € M. Suppose, towards arriving at a contradiction, that there exist i;,i2 € P; for
which it holds

* *
Sil di1 N Siz diQ

. (7.13)
Ri; Ry

. Tdi T e)d;
Since s7 < 1, we can find € > 0 such that : 1L > (o5, ,E), 2 and s* +e < 1. Now let s = s* +e,
2 Riq,j Ri,,j 12 12 12

and let s* be the vector obtained from s after replacing the value s7, with sj;, and leaving all
remaining values unchanged. Now observe that the objective function in Problem () decreases;

indeed, note that T'(X, sT) remains the same and, since the Gompertz function is concave, A(X,s™)
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increases. Moreover, the constraints are satisfied. This contradicts the optimality of s* and we

conclude that the transmission rates for all tasks ¢ € P; are equal. The result follows. O
We now provide the analogous statement for Q;.

Lemma 3. Lets* = (s7,...,sy) andt},j € M, be an optimal solution to Problem () Suppose
that for some j € M it holds tg; = tj. Then it also holds

to, = tp, =t} (7.14)

Proof. The proof is similar to Lemma (E), so we only sketch it. Suppose, towards arriving at
*d, X,
a contradiction, that t; = tg; > tp;. Then from Lemma (E) we know that 512171]1 = S}gmz =

tp;, Vi, iz € P;. Now, for every i € P; we can find €; > 0 such that, using the same reasoning as

in Lemma (E), upon replacing s¥ with s = s¥+¢;, the accuracy increases while the latency remains
unchanged. This contradicts the assumption that s7,...s% and ¢} are the optimal solutions, and
the result follows. O

Let us remark that a similar result is obtained in [209], where it is shown that the task offloading
delay is equal for all tasks offloaded at a specific EC. This result is important for the proposed
framework as we consider batch processing of the tasks in the ECs. Moreover, as said previously
the batch processing starts when the last of the tasks arrives at the EC. Consequently, it is evident
that in order to minimize the computing latency at EC j it is enough to minimize the waiting
time L’j”‘”t. Hence, the performance of batch processing can be significantly increased by carefully

compressing the offloaded tasks in such a way as to arrive simultaneously at each specific ECs.

7.5.2 SDR-based Offloading

Considering the optimal solution s7,...s} and t}...t}, of the compression problem (@) let us
formulate the offloading problem derived from Problem (@), by substituting the max operator
with the respective ¢} for j € M

1
£3: min ;xz (/\Tdifkloc + A1y, — Aagi(l, kloc))

1
v Z Z Yij <)\th*- + ArCr; — Aag(s], k;))

iEN jEM
AT
+ 57 Z Z &k, Yij Z Yl (15)
iEN jEM leN

st. (8d), @81, (8d). E3d). Esh (7.15)

Problem £3 is a mixed-integer linear program still challenging to solve. We now proceed with

transforming Problem £3 to an equivalent QCQP problem. To begin with, we replace the binary
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constraints with the following quadratic constraints:

zi(l—2;)=0,VieN
Z/ij(l _yij) =0,VieN,jeM. (16)

We begin with some auxiliary notation. Let us consider the following 1 x (NM + N)-matrix: z =
[T1,. s TN, YLy - YIM - - -, UNTs - - - YNr) L, and consider the following 1 x (N M )-matrices: & =
(54 Chyse s 5+ Chys e e s U Chings - - o Uy G | T and A = A (¢ +Ck, ) —Aag(s1, kar)s - s Ar (85, +
Ckar) — Aag(sn, kar)]". Moreover, we denote ¢ = [€x,,.d1 + Chypes - - - s Ekrdn + Cy,.]”s and @ =
AT (k. di+Cr )= Aa9(L kioe )y -+ o s AT (ko AN +Cryo ) —Aag(1, kioe )]t which are 1 x N-dimension
matrices. Then Problem () can be written as:

£3.2 min 2T Agz + bz (17)
st.2 Aoz +cgz < N -Thaw (7.17a)

—dyz< —N-Apin (7.17b)

A]_Z = ]-N><1 (7170)

Aoz < b (7.17d)

sziag(up)z—ugz =0,p=1,...,NM + N, (7.17e)

A A T
where A3 = WT&W ce WT&VM} y

diag(Ag,)MxM - diag(A;;)MxM
A= : ,

diag(A ...diag(A
A zag( 3)MxM zag( 3)M><M (N M) (N M)

0 0
T N*WM], bo = (@, A",

Oy N A,
O¢x s
ry= T , for/=0,1,...,N —1,

ON—r—1)xM

A, = [INxN Iy ... FN—I} , co=1[0,8]"

A :[ } ,
2 Omxn Tarxm T M (NMTAN)
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dO = [9(17 klOC)7 e 79(17 kloc)ug(sla k1>7 cee 7g(SN7 kM)]T7

and u, is a (NM + N) x 1 unit vector with the p, entry being 1 and all others zero. Con-

straints (7.174),([7.178),[.17d), (F.17d) are equivalent to the constraints (7.8d),([.81), (F.8d),[.8d)

respectively, while Constraints () are equivalent to the binary constraints ()

Let W = ? {le]. Now we further transform the Problem () into homogeneous QCQP

as follows:

£3.3: mvi&l Tr(BoW) (18)
s.t. Tr(BiW) < N - Thas (7.18a)
TrH,W)=1, h=1,....NM+ N (7.18¢)
Tr(J;W) <bPee j=1,...,NM+N (7.18d)
Tr(BsW) =0, p=1,...,NM + N, (7.18¢)
W >0, rank(W)=1, (7.18f)
where Q2 = (NM + N),
A 1lp A =
BO:IOTQO’ B1:10T 2C07
_§b0 0 §C0 0
B. 00,40, —4do 00:x@. 3A1n
2 — —ld T 0 ) h — lA T 0 3
L 2 0 2431L,h
J. — 0Q2><Q2 %Alj B« — diag(up) _%up
i= |1 T J 3= 1..T )
§A2,j 0 —§up 0

and W > 0 indicates that the matrix is positive semi-definite (PSD) and Aq pn, Az j are the ht" and
j*" row vector of matrix Ay and As respectively. Following [210] by dropping the rank(W) = 1
constraint which is the only non-convex constraint, Problem £3.3 becomes the SDR. of £3.2 and
therefore can be solved efficiently using a convex optimization toolbox. The worst case complexity
is (’)(max{m,n}‘*n%log(%)) where n is the dimension of the PSD matrix W, m the number of
constraints and e the solution accuracy. What is still to be defined is how to obtain a feasible
solution.

Let W* be the optimal solution of Problem () without the rank one constraint. If rank(W*) =

*
1 then we can construct the optimal solution of Problem () by W* = lzl ] {Z*T1:| . We call W’
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Algorithm 1: SDR-based Offloading Algorithm.
1: Input N, M, T, Apin, AT, AA,€, 3, sty dg, b
2: Solve Problem (@) without the rank one constraint to get W*.

3: Extract the upper left (NM + N) x (NM + N) sub-matrix to get W',

4: if rank(W*) = 1 then

5.  z* is the diagonal of W’
6:  Construct task scheduling matrix X* from z*
7: else
8 forl=1toL do
9: Draw vector () ~ N(0, W’)
10: Set 1M to %M by sig function.
11: Reshape () € [0,1]MN+N into a candidate task scheduling matrix
X(l) c [07 1]N><(NM+1)
12: for i=1toN do
13: 0" argmaxf(ij
JEM
14: Zig < 0,Vk € M {6*} and Z;+ =1
15: end for

16: end for B
17:  Chose X* by finding the minimum ¥ (X, s*) over L samples.
18: end if

the upper-left (NM + N) x (NM + N) sub-matrix of W*. W’ is also PSD [211]. As z; = {0, 1},
then z; - z; = 2z;. As a result, because W’/ = z*z*T7 we can extract the task scheduling matrix
X* from z*. On the other hand, if rank(W*) # 1 we need to map the optimal solution of the
SDR problem to a nearby feasible solution. For this purpose, we chose to employ a well-known but
efficient Gaussian Randomization method [191]]. Specifically, we generate L random (M N+ N) x 1
vectors u € RVM+N " drawn by a Gaussian distribution with zero mean and covariance the PSD
matrix W', ie., u) ~ N(0,W’),l = 1...L. To maintain the binary characteristics (constraint
()) we map each vector u(l) € RVM+N into a new vector ) € [0, 1]MN+N using the sigmoid
function sig(x) = m, where w > 1. Then, we reshape V) € [0, 1]+ into a candidate
task scheduling matrix XM e [0, 1]VXNM " The largest value for each ED’s offloading combination
of tasks is set to 1 and all others to 0. By this procedure a matrix X is constructed containing
the binary constraints for each ED. We repeat the process seeking to find the minimum over L
iterations. The best task scheduling matrix is chosen as the solution to the offloading problem £3.
In the next Section, we will show that near-optimal solutions can be achieved with a relatively
(compared to the problem’s state space) small number of L vectors. The randomization map-
ping has worst-case complexity O(LNM). We summarize the SDR-based Offloading algorithm in

Algorithm m
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Algorithm 2: SDR-based Offloading with Maximization of Inference Accuracy.
1: Input N, M, Tz, Amina AT, Aa, €, d;, b;nam
2: \Ifold(X,s) = 400
3: while True do
Solve Problem ([f.9) to obtain s*,t*
Given s*,t* solve Problem () to obtain ¥(X,s) with Algortihm ﬁ]
if |Una(X,s) — ¥(X,s)| <ethen
break;
else
\Ilold(X, S) = \I/(X, S)
10: end if
11: end while

Table 7.2: Total inference time per batch size, in seconds, in linear and parallel processing with
YOLOv5

Batch Size Total Inference Time
Linear CPU | Parallel GPU

1 0.774 0.101

3.899 0.377

10 7.615 0.683

20 15.531 1.386

40 33.397 2.707

7.5.3 Overall Algorithm

In this section, we present an overall Algorithm to efficiently solve Problem (@) In summary,
using an iterative alternating optimization [212], we solve the compression Problem (@) to find
optimal compression ratios for all tasks and maximum transmission time for the offloading and
then utilize these values to solve Problem ([f.15) and acquire a near-optimal task scheduling matrix.
We repeat the process until the solution (X, s) converges and can not be further improved by a
small threshold e. A summarized Algorithm is presented in Algorithm E The overall complexity
of the algorithm is O(max{m, n}4n%log(%) + LN M) where n is the dimension of the PSD matrix

W, m the number of constraints, L the number of Gaussian Samples and ¢ the solution accuracy.

7.6 Numerical Evaluation

In this section, we provide a systematic evaluation of the proposed framework. The parameters
we chose are based on [[199] and [189]. More specifically, we repeated the evaluation of the latter
to extract the approximated linear functions regarding the inference pipeline, i.e., compress the
image on the ED, decode and execute inference at the EC. We used the newest version of YOLO
as the inference application [201]. The role of ED plays an Intel NUC equipped with Intel Core
i5-1135G7 and 8 GiB CPU Intel Core i5-1135G7 RAM 8 GiB and Tiny YOLOv5. The GPU-
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Table 7.3: Simulation parameters.

’ Parameter \ Value
d; U(1,2) MB
Rij U(5, 10) MB/S
€ 0.001
Tmax 0.8 s
Anin 0.75
Chyon 0.01
ko 0.76
Ck 0.03
&k 0.06

Gompertz ED

a=0.6,b=5,c=5

Gompertz EC

a=095b=5,c=5

Aa 1

A1 1

L 300
e NCD.)

enabled server is a Lenovo IdeaCente5 equipped with an Nvidia GeForce GTX 1660 SUPER with
6 GiB memory GPU and 16 GiB RAM. We selected to deploy a YOLOV5E| tiny model to the ED
and x-large model on the ED. For the compression and decoding processes, we select the libjxl
[203] library. Based on 200 images of 640 by 640 pixels from the Dota dataset [213], we measured
the average accuracy of the inference using Yolovh, and we selected the Gompertz parameters as
follows (a) for the ED kjo. model (tiny): a = 0.6,b = 5, ¢ = 5 and for the GPU-enabled EC k model
(x-large) a = 0.95,b = 5,¢ = 5. Moreover, using the thunder effort (a libjxl set of parameters for
compression), with a quality factor of 100, we measured that the encoding speed is 22.83 MP /s or
an average of 26 ms for the selected images. Then we measured the inference pipeline (except the
transmission) in case of offloading a batch to the GPU-enabled ED, and the results are presented in
Table E In the case of local execution, we consider that tasks are executed sequentially, and no
encoding-decoding is required. Based on these results, we extract the approximated linear functions
fr(bj) = &kbj + (x to have an estimation of the average latency for a batch of offloaded inference
tasks. For the local inference we compute that ¢y, . = 0.01 ,&,,, = 0.76, while ¢, = 0.03 , &, = 0.06

for the remote inference.

Regarding the rest parameters, the precision of the solution is € = 0.001 while the threshold
for latency and accuracy are Tyae = 0.8 s , Apin = 0.75. The weights of the objective function
are A4 = Ay = 1 the number of Gaussian samples is L = 300 and task size and the data rates are
drawn from a uniform distribution, i.e., d; ~ U(1,2) MB and R;; ~ U(5,10) MB/sec, respectively.
The maximum batch size for EC j is drawn by a Gaussian distribution, i.e., b7** ~ N(ED, 5.
Table @ presents a complete list of simulation parameters and represents all the experiments

'https://github.com/ultralytics/yolov5
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Figure 7.2: Convergence of SDR solution to optimal, for different ECs over the Number of Gaussian
samples L, when N=10.

unless stated explicitly otherwise. The simulation code for the experiments is available here E For

all experiments to get unbiased results we generated the same seeds for the simulation parameters
and averaged the results over 50 experiments.

7.6.1 Convergence of SDR-based Offloading to the Optimal Solution

First, we study the convergence of the SDR-based offloading algorithm to the optimal solution.
We set the number of tasks n = 10 and use the default values for the rest parameters as shown in
Table B Fig. @ shows the Mean Average Error (MAE) between the SDR-based offloading and
the optimal solution to the number of Gaussian Samples L. The optimal solution is acquired with
brute force in each experiment with exponential running time. One can observe that the higher the
number of samples, the better the solution provided by the SDR algorithm. Also, as the number of
servers increases, the solution convergence speed declines, due to the fact that the number of total
variables and constraints to the SDR problem rapidly increases. We chose L = 300 for the rest of
the experiments, as to achieve a marginal difference in the MAE, a much larger L is required. In
particular, to obtain an MAF score of 1.15, L needs to increase from 50 to 300 for m = 5, while to
achieve an MAE of 0.01, L needs to increase from 300 to 500.

2https://github.com/Dspatharakis/approximate
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7.6.2 Algorithm Comparison

Next, we study the performance of the proposed SDR-based Offloading with Optimized Compres-
sion solution (SDR-OC) compared to other baseline methods. Namely; (a) Local Processing (Lo-
cal): all tasks executed on the EDs, (b) Remote Processing Random Compression (RemoteRC):
all requests executed on the ECs with random compression, (¢) Remote Processing Optimized
Compression (RemoteOC): all requests executed on the ECs with optimized compression, (d)
Random Processing Random Compression (RPRC): random offloading of tasks and random com-
pression, (e) Random Processing Optimized Compression (RPOC): random selection for the tasks
and optimized compression, (f) SDR-based Random Compression (SDR-RC): SDR-based offload-
ing and random compression and (g) Convex-Relaxation Optimized Compression (ConvexOC).
Specifically, the ConvexOC method refers to Problem () if we relax the binary constraint, i.e.,
zi,yi; € [0,1],Vi € N,j € M. With this relaxation Problem () becomes Convex and it is
possible to find a solution with the interior point method with a complexity of O(v3°K?), where
v denotes the number of variables and K the number of the bits in the input [214]. However,

ConvexOC which is not feasible for the

the extracted solution of ConvexOC is a solution vector x
initial Problem. As a result, in this case, we repeat a similar randomization process as in the
SDR-OC, to extract a feasible solution. Specifically, for the xConVexOC yector we execute steps
[9-14] of Algorithm m For the methods Local, RemoteRC, RemoteOC, RPRC, and RPOC, in
order to even obtain solutions it is necessary to let the thresholds T},4., = 0.9 and A,,;,, = 0.6
and b7'** = N,Vj € M. For the rest parameters and for the methods SDR-OC, SDR-RC, and
ConvexOC, we select the values as in Table B

For this experiment, we set the number of servers m = 5. In Fig. @ we compare the total
cost ¥(X,s) over the number of tasks N, for the same random seeds for all methods. We should
mention that the lower the cost the better the solution. As expected, for all methods the total
cost increases with the number of requests for fixed ECs. T he proposed method (SDR-OC)
outperforms all others achieving a significant reduction in the total cost. As the number of tasks

increases the margin of reduction is increased. For example, for N = 70, the ratio of total cost

(, WOomvexOC (X 5)  0.192 .
between SDR-OC and ConvexOC is TSOROT(X ) = 0001 2.11 and between SDR-OC and SDR-

WSPR-RC (¥ o) 0.339
RC WSDR-OC(X s) — 0.091

results than those with random compression, see e.g., RemoteRC when compared to RemoteOC or

~ 3.72. Moreover, all methods with optimized compression provide better

RPRC and RPOC. As a result, the optimization of the compression of tasks remarkably boosts the
overall performance. We should also mention that although Ay = A4 = 1, the total cost seems to
be more dependent on the offloading decision than the compression, see e.g., RPOC which provides
in all cases, worse results than SDR-RC.

Another interesting remark is that for N = 40, we note the ratio of total cost between the
RemoteOC method and our approach (SDR-OC) is q’;;;,:t;zc(g S) = 0182 ~ 2.01. Let us consider
that for m = 5, the 40 tasks are equally distributed among the ECs. Hence, the average compu-
tational for the RemoteOC method is approximately L;7™" = fx(8) = 0.5(s). In addition, if we

consider the mean values from the Uniform distribution for the data rates and the task size and set
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Figure 7.3: Comparison of the proposed method to other baseline methods.

compression equal to 1 for all tasks, then the average transmission time Lgan = ;gl}\g ~ 0.2. As
a result, the average latency for one task ¢ offloaded to EC j is L; = 0.7 which is comparable with
the local execution which is Lj,. = 0.76 as (x,,, = 0.01 and &,,, = 0.76. This implies, that for such
a number of requests in the particular scenario, the remote execution of all tasks is optimized. As
expected, the RemoteOC method performance declines as the number of tasks increases because
the batch size execution is not as beneficial as executing some of the tasks locally. Finally, for
N =70, the RPRC method is worse even than Local, whose performance is almost static through-
out the experiments. This, clearly shows that for non-optimized offloading and compression, the

total performance deteriorates as the total system is stressed.

7.6.3 Maximum Batch Size effect on Total Cost

In this experiment, we study the effect of the maximum batch size on ECs on the performance
of the solution. We select three different Gaussian Distributions to draw the %" for each EC,
namely, (a) small batch: b™** ~ N(& I) (b) medium batch: b™** ~ N(Z, ), (c) large
batch: M™% ~ /\/‘(%7 %) We set the number of ECs m = 3 and repeat the experiment for
N ={10,20,30,40}. We should note that for N = 40, the ECs are considered stressed. In Fig @,
the Average Latency, Average Accuracy, and Percentage of Offloaded Tasks are depicted for each
setting. For the small batch, the percentage of offloaded tasks is approximately 60% for all values

of N. For the medium batch, the percentage of offloaded tasks is 76%,81%, 75% and %65 for
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Figure 7.4: Average Latency, Accuracy, and Percentage of Offloaded Tasks for different maximum
batch sizes for the ECs.

N = {10,20,30,40} respectively. Correspondingly for the large batch, the percentages are larger
for small values of N, i.e., 100%,93% for N = 10, N = 20, respectively however, drop to the same
rate of the medium batch, as the number of tasks grows, i.e., %78 and 65% for N = 30, N = 40.
Specifically, having as a baseline the small batch, we remark that the average latency is for N = 10,
17%, and 36% less for the medium and large batch, respectively, and N = 20 is 5% 7.5% and 5%
3%. As the number of tasks increases, N > 30, the average latency is almost equal for all cases
and close to the threshold of T;,,,,. In parallel, the results for the average accuracy follow the same
trend, as for N = 10 and N = 20, we observe an increase of 5%, 8% and 3%, 7% in accuracy for
the medium and the large batch, respectively. However, again when N > 30, the differences are
minimized as previously. As a result, we conclude that the average latency and average accuracy
are strongly connected to the percentage of offloaded tasks and can significantly benefit from
larger values of the maximum batch sizes until the ECs are stressed, where we observe a similar

performance for all settings.

7.6.4 Impact of the weights of the Objective Function

As the total cost is a weighted sum of the average latency and average accuracy as defined in
eqref (@) in this experiment, we study the effects of Ay and A4 parameters. We select three

different cases for the ratio, i.e., (a) latency-sensitive: ;\\—'; = 0.5, (b) balanced: i—? = 0.5 and
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Figure 7.5: Average Latency and Average Accuracy over N for different Number of

(c) accuracy-sensitive: :\\—; = 0.5, that imply different application’s requirements. In Fig. @, the

average accuracy and latency for N = {10, 20, 30,40} and m = 3 are presented. As expected, the
average accuracy slightly drops and the average latency linearly increases to the number of tasks
for all cases. Moreover, as one can notice, for the latency-sensitive application, the average latency
is minimized compared to other cases, resulting though a declining average accuracy that equals
the selected threshold A, = 0.75 for N > 5. For the balanced case A(X, (z)) =~ 0.81 keeping
the latency at a slight increase of 107% on average than the latency-sensitive application. For the
accuracy-sensitive application, we can see that A(X, (x)) ~ 0.87 on average for the different cases
of N which is 1.07% and 116% better than balanced and latency-sensitive respectively. However,
the average latency increases on average 113%, compared to the latency-sensitive application. As

a result, we can achieve different performance requirements by tweaking the values of Ay and A 4.

7.6.5 Effect of Data Rates

For the final experiment, we study the effect of different uniform distributions of the data rate
R;; on the total cost. We set m = 3, and all settings are in the best-effort mode, meaning that
the thresholds Tina4, Amin are not hard constraints in the problem. This is necessary to obtain
solutions for all settings. In Fig. @, one can notice that the system cost is minimized as the

data rates increase, which is expected as the overhead of the transmission time is insignificant
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Figure 7.6: Total Cost for different distributions of data rate R;;.

to the total latency. Specifically for data rates drawn by the following uniform distribution, i.e.,
R =1(0.1,0.5), the total cost significantly increases, and the desired thresholds, i.e., Tjnq. = 0.8
and A, = 0.75, are constantly violated. Moreover, most of the tasks are executed locally, i.e.,
above 55%, as the transmission time heavily affects the total latency. We notice similar resutls for
R =U(1,2). The percentage of offloaded tasks for lower values of N is relatively higher, i.e., 73%
for N = 10, however, drops to the same level as the previous case for N > 30. However, for this
case, the thresholds for T},q., Amin are satisfied for N < 30. On the other hand, for faster data
rates R = U(5,10) and R = U/(10, 20), the total cost is minimized, and the percentage of offloaded
requests is above 90% for both cases for N = [10, 20]. However, as the number of tasks increases,
we observe a decrease in the percentage of offloaded tasks, i.e., on average 70% when N > 30.
Nonetheless, in both cases, the provided solution never exceeds the limits for Th,qz, Amin. As a
result, for a large number of tasks, it is necessary to have faster data rates to keep the percentage

of offloaded tasks high while keeping the overall performance of the system in a desired state.

7.7 Summary

in this chapter, we study the problem of batch scheduling in GPU-enabled ECs with maximizing
inference accuracy in a real-time Edge-assisted inference scenario. We model a joint optimization
problem with a weighted sum function of the average latency and average accuracy of the task

inference. We first optimize the inference accuracy given a scheduling decision and provide signif-
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icant results for the transmission time of offloaded requests in the examined scenario. Based on
the compression problem solution, we employ the SDR, to obtain a solution in polynomial time. A
randomization process maps the solution to a near-optimal solution to the initial problem. Then,
an algorithm solves both problems iteratively until it converges into a solution to the joint opti-
mization problem. Results indicate that the proposed technique outperforms all other benchmark

methods by having a close-to-optimal solution and achieving minimum total cost.
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Chapter 8

Conclusions & Future Work

In this chapter, the main outcomes of this thesis are discussed @ Next, our work-in-progress is
summarized and interesting directions for further research in the future are identified @ Last,

Appendix A lists the publications that the author contributed to during this thesis so far.

8.1 Conclusions

The immense advancement of modern applications along with the stringent requirements for ever-
expanding resources requires new sophisticated approaches in the journey of providing high QoS
and QoE to users. Besides, many contradictive and diverse KPIs exist, and infrastructure providers
and application developers must work together to achieve the desired overall optimal performance
of applications and utilization of resources. Although many new architectural concepts have arisen
in the past few years, there are still many challenges to be addressed to provide seamless operations
and execution of the complex algorithms a CPS may have. The two major challenges are the task
offloading strategies and the accompanied resource management mechanisms. Consequently, in
this study, multiple aspects for solving these two problems have been studied, which will allow the
network edge to become a reliable pool of resources for IoT devices in their quest for executing
computing-intensive applications and transforming the world as we know it. Key problems have
been identified, novel algorithms have been developed and their performance has been evaluated.
Toward dealing with the challenges of the research topics introduced in the introductory chapter,
we employed Control Theory approaches to achieve stability and convergence guarantees for the use
cases addressed in the thesis. Moreover, modeling from Queuing theory and several optimization
problems are studied in the quest of finding a balance between the accuracy of applications and
mission duration for CPS. On the other hand, to maximize the performance of the underlying edge
infrastructures, holistic frameworks were designed to tackle the challenges that arise from real-world
problems and to try to be synchronized with state-of-the-art standardized architectures. Thorough

experimentation was conducted in real-world infrastructure and/or simulation to provide solid
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results regarding the performance benefits when adopting the proposed solutions. The conclusions

to which we arrived throughout the realization of this thesis so far are the following:

¢ Control-Theoretic Approaches can provide powerful tools to support resource
management and offloading in CPS. Due to the need for real-time decisions in task
scheduling and optimal offloading problems control-theoretic approaches are appropriate.
By providing a precise understanding of the behavior of the system, these approaches of-
fer numerous benefits in terms of resource allocation and offloading. Through mathematical
modeling and analysis of system dynamics, these approaches can identify areas of inefficiency
in resource utilization and design control algorithms to regulate the behavior of the system.
These algorithms can dynamically adjust resource allocation based on the system’s current
state and performance objectives, leading to improved efficiency, stability, and robustness.
The control-theoretic approach also provides a framework for balancing the trade-off between
resource utilization and system performance. Overall, in this thesis, we conclude that the uti-
lization of control-theoretic methods in CPS can lead to significant advancements in resource

allocation and offloading optimization.

e Switching Offloading Strategies can be beneficial for both application perfor-
mance and resource utilization. The utilization of switching offloading strategies in
cyber-physical systems (CPS) has the potential to greatly improve the performance and
resource utilization of these systems. By dynamically distributing processing workloads be-
tween the edge and the cloud, the system can effectively leverage the strengths of both
resources, leading to optimized resource utilization and application performance. For exam-
ple, in certain scenarios, offloading processing tasks to the cloud can provide the necessary
computational power and reduce the load on edge devices, leading to improved performance
and resource utilization. Conversely, in other scenarios, keeping processing tasks at the edge
can reduce network congestion and minimize latency, also leading to improved performance
and resource utilization. All in all, switching offloading strategies offer flexible and adaptive
approaches to resource utilization in CPS. By dynamically adjusting the distribution of pro-
cessing workloads, these strategies can help ensure that the system is utilizing its resources
in the most efficient and effective manner, leading to improved performance and resource
utilization. Finally, Approximate Computing is also a powerful paradigm to embrace when
dealing with task offloading in resource-constrained devices and a really interesting research
topic as the problem of decreasing the quality to gain in time or utilization of resources, is

fundamentally an extremely interesting trade-off.

¢ Resource scheduling and dynamic resource allocation are key challenges that
need to be jointly addressed. Maximizing the performance of modern applications re-
quires timely resource management of the virtualized resources. However, proactively deploy-
ing resources for meeting specific application requirements subject to a dynamic workload

of incoming requests is extremely challenging. For example, if resource scheduling is not
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properly implemented, it can lead to bottlenecks in processing, causing delays and decreased
system performance. Similarly, if dynamic resource allocation is not effectively managed, it
can result in suboptimal resource utilization, leading to inefficiencies and reduced system per-
formance. To address these challenges, a comprehensive and integrated approach is required,
where resource scheduling and dynamic allocation are jointly considered and optimized. This
approach can lead to improved resource utilization, reduced system latency, and increased
system stability and robustness. To this end, in this thesis, the fundamental problems of
task scheduling and resource autoscaling were jointly addressed and evaluated resulting in

better performance when compared to other solutions

o Application Profiling is another powerful tool to facilitate fine-grained resource
management solutions but is a very complex task. Appropriately mapping the re-
sources to a dynamic workload and incorporating the dynamics and various performance
criteria was a key challenge in this thesis. By leveraging the Application Profiling Mecha-
nisms, the resource allocation and resource scheduling problems can benefit a lot by providing
simpler, however, stable solutions. Hence, effective and efficient algorithms of low complex-
ity are required, as the training phase of the application profiling may need much time or
plenty of experiments. and while taking into account the constraints of the state and input

variables. Exactly this is what we tried to do in all our works in this thesis.

e The integration of holistic architectures with real-world frameworks rise new
problems and challenges. Finally, many of the research challenges encountered in this
thesis were discovered when trying to integrate the proposed mechanisms with state-of-the-
art frameworks such as Kubernetes and OpenStack. Trying to build holistic architectures
compatible with these frameworks and aligned with the current standards and research trends
of the Academia and the state of practice of the Industry was the driving force throughout
this thesis.

8.2 Future Work

Concluding this thesis, this final section elucidates some of the possible future research directions
that can be followed based on the outcomes of the presented work and the challenges faced during
the research process. While the thesis treats resource allocation and computational offloading
problems that concern some of the most dynamic procedures in the context of CPS, there still
exists much room for further development and innovation.

One interesting direction is the examination of various KPIs from the infrastructure side for
the problem of dynamic resource allocation. Hence, the optimization problem that decides the
number of deployed resources introduced in Chapter E, could be enhanced to concentrate on power
optimization by minimizing the number of active servers. As mentioned previously, edge datacen-

ters have a specific capacity of resources, making the problem of horizontal scaling of the cluster
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(i.e., adding a new server to the cluster) very exciting. For example, trying to offload as many
tasks of a specific application as possible, while keeping the number of active servers low, results in
maximum energy efficiency both for the devices and the edge servers. Moreover, optimizing energy
cost in the device layer namely optimizing the energy consumption of devices either by offloading

or executing tasks locally is also an interesting and challenging problem.

Another interesting work is to include non-deterministic/stochastic approaches that could be
evaluated for estimation and control purposes and machine learning techniques could be integrated
into the mobility prediction approaches to enable addressing errors in the predictions of dynamically
estimated values of the position and number of the involved devices to tackle mobility aspects. It
would be interesting to extend these novel methodologies for the position estimation, to further
improve its accuracy, while including pattern recognition of users’ mobility in the overall designed
architecture. This can be achieved by exploiting Machine Learning techniques and combining them
with more detailed modeling of the signal interference among the users, in order to ultimately offer

a more effective and efficient offloading decision.

Regarding the resource allocation mechanism, future work could focus on further investigating
improvements in the modeling and control of the application-specific VMs and leveraging different
combinatorial optimization criteria to improve the resource management framework, introduced in
Chapters E and H Furthermore, for time-sensitive applications, e.g., augmented or virtual reality
ones, the resource profiles can be used to design feedback controllers that enable scale-up/down

operations on the deployed resources and achieve fine-grained performance regulation.

A combination of the above is also a really challenging topic for future ideas and innovation. As
a result, further investigating the Co-design aspect of resource allocation and offloading is crucial
for optimizing overall performance. Our future work will focus on modifying and extending the
capabilities of state-of-the-art resource orchestrator tools (e.g., Kubernetes) in order to develop
fine-grained dynamic resource scaling mechanisms. Leveraging the work in Application Profiling
to support the creation or modification of instances of containerized applications, and then we will
develop customized resource-allocating mechanisms that support real-time resource scaling and

container migration.

Another very interesting research direction is to focus on further examining offloading capabili-
ties in the context of 3C, as studied in Chapter E especially the integration of planning algorithms
and the adaptation of the offloading decisions based on safety guarantees for the robot’s navigation.
We also plan to investigate more sophisticated techniques to manipulate the unicycle dynamics
and integrate them into the proposed set-based solution. Moreover, we aim to extend our work to
cover the case of multiple robots moving in a common environment and using shared resources,
thus requiring us to adapt our framework to interacting agents in both the resource utilization
problem and the trajectory tracking and path planning problem. Finally, deep learning techniques
will be investigated, for calculating and dynamically adapting the utility function coefficients based

on different application criteria.

In another scenario, in the context of approximate computing for real-time data processing
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as studied in Chapter H, we could adopt more sophisticated communication modeling (e.g., Non-
Orthogonal Multiple Access), which could be approached as another subproblem or again employ
SDR to obtain a solution. Also, to make a decentralized technique for real-time Edge-assisted
inference, it would be very challenging to provide a model of a Reinforcement Learning agent for

each ED, whose reward will depend on the total cost provided by our method.
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EKTETAMENH IIEPIAHVH

Abstract

Extetauévn epidnyn

Mopd tig aEoonuelnTeg BEATIOOELS TOU VAKOD KL TWV VTTOMOYLOTIKMOV SUVATOTITWV
TWV OVOKEVMV TC TELEUTOLA XPOVLL, OL GUYYPOVES EQAPUOYES OTTALTOUV TEPAOTIESG TTOOO-
™TEg ToONKEVONG KoL dSUVOTOTNTEG EMEEEPYOOLOG TOMTAOKWY SLEPYOUOLMDV OF TPOLYILOL-
TLKO YpOVO. ZTIG TEPLOOOTEPES TEPLTTMOELS, OL CVOKEVES Tov ALadikTiov Twv Mpayudtov
(ATIT) elvan GUOKEVEG YOUNATG EVEPYELOKTG KATAVAAMONG (TT.). CLOONTNPEG, GEVOOPES) e
TEPLOPLOUEVEG VTTOLOYLOTIKEG SUVATOTNTEG KOl EVEPYELOKOVG TOPOVG (UITOTAUPLEL) KO SeV
WITopovV va. eyyun0olv TV amartoVuevy) VPNAT atdd00T] YL TIG EPOUPUOYES. AKOUT KoL
OL LOYVPEG GUOKEVEG (TT.. EELTTVOL KIVNTA, POUTOT) BEV WITOPoUV va. eyyunoly TV amal-
TOOUEVT VYNAY 0tdd00T 1/K0L TV EKTANPWOT TV YPOVIKDOV TEPLOPLOUMY, VL0, OUVOETEG
EQPAPUOYEG UE OVAYKEG YLO. YPTYOPY OUTOKPLOT 1] Y10 UeYaAN aKpifela. Qg amotéleoua, M
UETAQPOPTWOT) EPAPUOYDV LE ATTOLTITIKESG VITOLOYLOTLKG SLOEPYOOLES KOL UE UEYANEG EVEP-
YELOKEG OVALYKES, OF LA VTTOMOYLOTLKT] VTTOSOWUY LE TTUPOTAVMD SUVATOTITES, VIO TEPULTEPM
emeEepyaoia eivar 0 BOOLKOG TOPEYOVTAG YLOL TNV VAOTTOLNOT TG VEaG EmoXNG Twv Teyvo-
royuwv IIinpogopukng kot Emkowvawvidv (TTIE). Avth ) AMon, emitpemet ) PeEATIwon g
EUTELPLAG TOV YPNOTI] TAPEYOVTAG XOUNAOTEPO YPOVO OTTOKPLOTG YLOL TLG EPAPUOYES, 0O~
UEVY QELOTTLOTLOL KO BEATLDUEVT] EVEPYELOKT] ALTTOSOON VL0 TIG GUOKEVEG TTOU TPOPOSOTOV-
VIOL L€ WTOTOPL0. ZE £VOL TUTTLKO OEVAPLO UETAPOPTWONG, TO. SESOUEVH LETASLOOVTOL UECM
aAoVPUATOV CUVOECEMY, (TT.)., KLVITNG TNAEPVLAG 1] AoUPUOT®V SIKTO®V) KoL 1] TOLOTTO.
NG AOVPUATNG OVVIEIN G EEQPTATAL OE LEYUAO BaBLO astd TNV LoD TOU ONUETOG, TLG TALPEN-
BoAEg, TNV eYKATAAELPT) TAKETMV Kt GANEG TAPAUETPOVG TTOV OYETILOVTOL UE TO AOVPUOTO
TEPLPBAMLOV, OL OTTOLEG TPETTEL VO AAUBAVOVTaL VITOYN TV oot uetapoptwone. Etot,
€LVOLL ONUOVTLKO 1) VITOBOUN 1] OTTOLC. ELVOLL GLPLEPWUEVT] OTO VO SEXETOL SLEPYOOLEG UTTO TIG
VITOLOYLOTLKG TTEPLOPLOUEVEG OVOKEVEG VO, BPLOKETAL G KOVTLVY OTO0TAOT 0TO SIKTUO e
QUTEG,

IpoxMjoels Ko Kivitpa:

H petagopd g OTOKEVIPMUEVNG VITOMOYLOTLKNG UTTOSOUNG 0TV GKPT| TOU SIKTVOU (EP-
veL SLApopaL TAEOVERTNUATA. (TT.). ETTLKOLVOVICL YAUNANG KOOVOTEPNONG, ETEKTUOLUOTITA),
aAMNG pEPVEL ETTLONG VEEG TTpOoKAN 0Ll Emumhéov, 1) BELTiot) vitootnplEn twv KuBepvo-duoikdv
Svotuatonv (KOT) eEaptator og peydho fabud amod Ty £YKaLpn Top0yT TOU CWoToD TUT-
LOTOG SESOUEVWV OTI) OWOTI VITOAOYLOTLKT] OVTOTNTA. AUTO ELOGYEL VEEG TTPOKATOELG EPEV-
VOG KOL OXESLAOUOU OXETIKA UE TNV ENEEEPYAOLO OESOUEVMV, TLG ATTOPATELS UETAPOPTW-
O1G, TNG OPYLTEKTOVLKNG, KaL TV SUVOULKT KaTavour] topmv. TIpogavde, vidpyel avaykn
va. StepevvnBolv oL BACIKEG ATTALTIOELG KO OL TTLOAVEG EVKOLPLEG YL VO, KOTAOTEL SUvarT)
1 vtooTNpLEN Tov KPE oto dpapa tng Troroylotikng ota Akpo tov Atktov. H onpovtikn
TPOOSOG OTIC TPOGPUTEG TEYVOAOYIKEG TAOELG KOL TO EVOLOPEPOV YLOL EPEVVA QLY UNG TOOO

a0 TOV AKAONUAIKO YDPO 660 Ko atd T BLOUNY VIO, TTEPAKLYOUV TOUG EPEVVITEG VOL TEPO-
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OEYYLOOUV KO Ve, TPoota.fnoovy vo, MIooUV evOLOQEPOVTA Kal TPOKANTIKA TPOPANUGTC.
2t StaTpLP pag, OEAAUE VO EKUETAMAEVTOVIE QLUTT TV EVKOLPLOL KO VO, TTPOTELVOUUE AD-
OELG 0€ OPLOUEVE OUYYPOVA KL EVOLAPEPOVTA TPOPANUATA AOUBAVOVTUG VITOYN TLG OKO-

MOVBEG £PEVVITIKEG TTPOKANOELG:

o ATOQAOELS NETAPOPTMONE TTOV CLPOPOVY Tig 6voKeVES: Ta diktva ATII yapaktnpl-
Tovtal Kuplog wg TayEmg petafailouevo diktua tpdoBaong. Erouévag, oL cuvinkeg
duvopukot Stkthov glvar £vo TOAD SVOKOAO TPOBANUC 0TO TAGLOLO TG UETAQPOPT®-
ONG SLEPYOOLDV. ATIALTELTOL EVOG UIYAVIOUOG MYPNG ATTOPAONG VLol TO TPOBANUA TOV
TPOYPOUUATIONOD TV EPYAOLDV KOL OUYKEKPLUEVO YLOL TO EGV 1] EPYAOLOL TTPETTEL VAL
EKTENEOTEL TOTTLK (OT1) OUOKELT) 1) VO. LETOPOPTMOEL 0€ KAITOLOL OTTOULOKPUOUEVT] VITO-
doun). Mo e0QaMLEVT] ATOPOOT] UETUPOPTWOTG UTOPEL VO, OONYNOEL OE XELPOTEPEVON
™G ATOd00NG TG EPUPUOYNG. BEATLOTOTOLMVTAG TN GUVORLKY ATtO8001], 1) LETAPOP-
TN elva ETMQPEMG UOVO AV elval SLAOECLUN (e, LOVPUATH CUVOECLULOTITO. 1) OTTOLCL
glval aELomotn Ko pe younin kabuotépnon. Extog amd to diktuo, 1 emituyio g pe-
TOPOPTWONG KOl KATA OUVETTELD 1] aTOS00T TWV EQAPUOYDOV EEOPTATOL 0TO TOMEG
GALEG TOPOAUETPOVG TTOU APOPOVV TNV GUOKELY, TT.). TNV KIVIITLKOTITA. TOU XPTOTH KoiL
TNV VITOAEUTOUEVT] EVEPYELQ TG OVOKEVTC. H amdpaon mpoypapuatiopol tmv epya.-
oLV OYETILETOL ETLONG UE TNV KABVOTEPNOT EKTELEONG EPYACLOV, THV KOOVGTEPTION
UETAS00MG KOL TNV KOTOVAAMOT EVEPYELOG TNG CUOKEUTNG,. G ATTOTEAEOILAL, 1] ATTOQAOT
VIO, TNV PETAPOPTMON EVOG ALTNUATOG EQAPUOYNG 1 Oyl ELval 1) TPWTN TPOKANOT] TOU

TPETEL VO AVTLUETOILOTEL.

« Beltioromoinon duayeipions topmv: Autd amoTerel To KUPLO KIVITPO TULOW OITO LUTH|
™ SLoTPLP, KOOMG 1 SLAXELPLON TOV TOPWV VAL 1) BAOLKY TPOKANOT) TTOV TTPETEL VO,
CVTIUETOTLOTEL 0TO TPOTLTTO TG YTOMOYLOTIKNG 0T0 AKkpa Tou AtkTiou, Omov, Q-
OlKd, oL opoL dev elvan agpbovol. 'ETot, TPETEL KAVELG VO AVTLOTOLYLOEL KATUAANAQL
TOV (POPTO EPYAOLAG TWV EPAPUOYDV OTIG KOTAAANAES VTTOSOUES UE TOUG OVTLOTOLYOVG
TOPOUG Ue BAON TIG UTTALTNOELS KAl TNV SLOECLUOTNTA. ZTHV ETTOYN TV TEYVIKMV EL-
KOVIKOTTOINoNG, £LvaL TOAL SLadedouevo yio TG epapuoyeg tov ATl va ektehovvon
o€ elKOVIKEG unyaveg (VM) 1 KOVIELVEP 0TOVG EEVTINPETNTEG 0TO. AKPQ TOV ALKTUOU
(ATA). Ao KipLeg 0TOPAOELG TTPOKVITTOVY ATt TOUG TTAPOYOVG VITOSOUNG TTOU ETTNPE-
GLovv AUEDH TOV YPOVO ATTOKPLONG TV EQPAPLOYDY, KL CUYKEKPLUEVA: (i) Toug vito-
AoyLoTikoug opovg mov Bo. ekywpenBolV OTLG ELKOVIKOTOMUEVEG OVTOTITEG Ko (ii)
OV aplOUd TV avTLYpapwv (PETAKOV) Yo, KGO ELKOVIKOTOIUEVT ovtoTnta. Emi-
TAEOV, KAOMDG TOMES EPAPUOYES T/KOL CUOKEVEG EVOEYETAL VO AVOLNTNOOVV TTPO0DE-
TOUG VITOAOYLOTIKOUG TTOPOUG OTOV 110 EEVTNPETNTY, ELVOL TOM) ONUOVTLKT 1) CLTTOTE-
LEOUOITLKT] KOl SUVOULKT EKYMPNOT TV TOPWV TV QLAoEevoiuevmy epapuoyov. H
TOUTOY POV KaAun Twv arartnoewv Howdtntag g Yanpeoioag (ITTY) kan tov ypn-
OTMV KL TOV TOPOYWV TOV VITOSOUDY, EIVOL Wa UeYOAT TPOKAN0T, KUplwg AOYm
£vOg OUVOAOL avTaYWVIOTIK®OV Baotkmv Astktdv Atddoong (BAA). N mapdaderyua,
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UL, OTPATIYLKY SLAXELPLONG TOPWY TPETEL VO, EYYVATAL TLG OITGLTNOELG OTOS00NG TWV
EQAPUOYDV, EVID TAVTOYPOVO. VO, ELAYLOTOTOLEL TO KOOTOG TV GVOITTUOCOUEVMY TTO-
pwv. Emimhéov, elvar 00vnBeg oL aOyypoveg eQOPUOYES VO ELVOL VITOAOYLOTLK CLITOUL-
TNTKEG KO VO, atoutohv oNUavTtKO aptfud mopwv yio Ty e0pLiut] AELToupyLa TOUG.
Qg £k TOUTOV, OL TTAPOYOL TWV VITOSOUMY GUVIHOMG YPNOLUOTTOLOVY TTPOAMTTTIKEG 1) KOL
AVTLOPOOTIKEG AVOELG VIO VO OVTLUETOTLOOVY TN SUVOLKT] QUOY Tov (OPTOL £PYO.-
olag KaL THV TPOCUPUOYT] TMV TIAPEYOUEVMV TTOPWYV, EVE TAPAKOAOVOOUV SLApopoug
BAA. Axd mv GAAn mhevpd, 1 asoteheopatikn aELomoinon tmv Stadiotumy Topwv
glva o, onpavtky Tpodkinon. Eivar Cotikng onpactag va fehtiotomowm el 1 ypromn
TV TOPWV YLOL VO, eTLTEVYBEL KOADTEPT 0TTOSO0N YLl OAEG TLG AVOTTUYUEVEG EQAPUO-
véc. H Behtiotomoinomn g xpnong mopwv eivor SUoKoAT, KaBhg mpémel va Aghouv
VITOYPT) OL SLCLPOPETIKEG OTTAULTIOELG TWV EPAPUOYDV, OL KUHOUVOUEVES OTTALTIOELG (POP-
TOV £PYQ0LAG KAl OL JTETEPAOUEVOL TOPOL TNG VTodowg. =& OAn T BLpMoypagpia, oL
EPEVVITEG YPNOLUOTOLOVY HOVELD 0Tt T BEMPLOTMV CUOTNUATMV OVAUOVAG YLOL T1)
LOVTELOTTOLNON POPNTHOV GUOKEVMV KoL eEVTINPETNTOV ATA, Hall e Texvikeg Beltt-
OTOTTOLONG YLOL VO, ATTOPACLOOVY T BEATLOTH TTOMTLKT UETAPOPTOONG. AVoTUY(G, OF
OPLOUEVEG TEPUITTMOELG, VTTAPYEL EVOL ONUAVTLIKO UELOVEKTIULOL TTOV WITOPEL VO, 0O YNOEL
0€ YeVIKT) TOEIVON TNG 0ITOS00NG: 1] OTUTLKT] LOVTIELOTTOLON TV TOPWV TOV EEVTN-
PETNTOV ATA 7TOV 081 YEL OE QYPELOLOT TTAPOYN 1) VTTOTOPO0YT TOPWY KUL OE UELWUEV
YPNOLUOTTON O 1] GUENUEVT YPNOLUOTOW| 01 avTioTolyo. TELog, akohovOhvTag T Sia-
SLKaoia TOpoyNg TOPWV, Vobeteital £vag akyopLBuog Tpoypaupatiopol (1 eEwoop-
POTNOT POPTIO) YLOL TNV eMeEePYaOLa KAt T BELTLOTI AVTLOTOLYLON TWV ELOEPYOLE-
VOV EPYOOUDV/EPAPUOYDV (POPTOG EPYUOLHG) OTOVG ELKOVIKOTOWUEVOUS TOpouG. Tt
TOPGSELYIO, EQV LG, ELKOVLKY WY CVT] (P OLUOTTOLELTAL VITEPPOMKA, TOTE D0l TPEMEL
V0. OTTOKAELOTEL TPOOMPLVA ATTO T SEEQUEVT] TTOPWV TTOV CLPLEPDVOVTAL OTNY EKTELEOT)
TV EPYACLOV TWV EQAPUOYDV. QOTO00, O TPOYPUUUOTIONOS EPYAOLOV TEPMAUPAVEL
£7TloNG SLAPOPEG TPOKANOELG OTTWG 1) ETEPOYEVELL TWV OUTNUATWV KL TWV TTOPWV KOl
1 afefardTNTO TOV APLOUOV TWV ELOEPYOUEVWV QTNUATWY, T, 0TTOLC. SeV UTOPOVV VaL
emAuBOUV UE TN (P01 TAPASOOLAKDOV TPOOEYYLOEWVY SLayelpLong mopwv. Qg ek ToU-
Tov, 00 TPETEL VoL 0Ol HEYANT EWPAOT] KL TPOTEPOUOTNTA OF CUTA YLOL VAL YiVOUV
OL VTTNPEDLEG TTLO GELOTMLOTEG KO UE UeYarUTEPT artOd00m. Me dAha hoyia, 1) eEvmnpé-
TIOY) TOV POPTOV £PYAOLOG OO TPETEL VO KATUAAUBAVEL TV ELAYLOTY] TOOOTNTO. TOPWV

7ov Ba ypnowpomomBotv fElTLoTA YL T dteTpon evog embuunTov emutédov ItY.

o Movrehomoinon s 630061 EPAPUOYDY e SUVaIKO @opTo aTnuatov: Onog
AVOPEPONKE TPONYOUUEVIS, 1) EVAOKOMNON UE T SUVOULKT] (U0 TOU POPTOV EPYaL-
OlOG TWV EPAPILOYMV ELVOL TO KAEWDL YLoL TV EMLTEVEN VYNADV EMOO0EWY TOV GLOTI-
HoTog. 21 BBMOYPAPLE, TO TEPLOCOTEPO ATTO TO. VITAPYOVTA LOVTELX YLO. TNV OITO-
TOTWON TOV TALTNOEWV 08 TOPOVG epupuoydv ATIT eivar epuselpikd Kow ouvvnimg

O OAOVVTOL UE LG CUYKEKPLUEVT] LETPTON ATTOS00TG, OTTMG 0 YPOVOG ATTOKPLONG KO
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1 KaTavaAmon evépyerag. H avIlpetdmon Tov Suvapkol goptou epyaoiog, Tmv JToL-
KIMDV QITOLTNOEWY TV SLOQOPETIKMY e@apuoydv ATl kot TG Suokolag wovieho-
TOLNONG TNG CVUTEPLPOPAS KOL TNG KATAOTAONG TOV TTOPMV, ELVOL TTOAD ONUAVTIKEG
TEPLOYEG £pEUVOC. QG ATOTELEOUN, KATTOLOG TIPETEL VO, OYESLACEL LOVTELG QITOS00MG
TOAMOATADMY €L00SWV TOAATAMV eEOSWV TTOU UTOPOVV VAL EPOPUO0TOVV EUKOM OF
£VOL LEYOLO OVVOAO EQPAPUOYMV YLO. VO, ATTOTUTTWOEL (oL TETOLO duvauk. Me autov
TOV TPOTO PITopohV Vo, dSMovpynBohy vEoL eELeYKTES YLoL T POBULOT TWV TPOAVApEP-
0évtmv BAA. Two TV emitevEn ToU XopaKTNPLOUOU TOU (POPTOU EPYOOLOG KAL THV TTPO-
Breym amddoong, To TPMTO Prua elvay TPOoTAOELO TPOPANYNG TOV apLduol TV eL-
0EPYOUEVOV OLTNUATWY. AUTH 1 TPOPAEYY WTOPEL VO OUVOVOIOTEL UE EVOLV WY OVLOUO
KOTOVOUNG TOpmv, KaBdg 1 ToGOTNTA TWV TOPMV TTOU ATTALTOVVTUL YLOL TV EKTEAEDT)
™G EPYAOLAG EIVOL EUOEMG OVAAOYN LE TV TTOOOTITA TG KIVIONG THG EQAPUOYNG. =€
auTOV ToV Badud, Evag Paotkog TOpayYOVTaG VLo TV KAUAK®MOT TWV TOPWY CUIPOVOL
UE TNV KIVIOT) TOU QOPTOV EPYAOLAG ELVAL O EVIOMLOUOG TOU UEYLOTOU aptBuol autn-
UATOV TTOV UTOPOVV VOL ETEEEPYOOTOVV OL TTAPEYOUEVOL TOPOL YLOL EVOL OUYKEKPLUEVO

YPOVIKO SLa.oTnuCL.

o TyedLoopos TPUKTIKMY CTPUTYIKOV UETAPOPTMONS diepyaotdv faon mpooey-
yoTiki)g vroloyotikis: Ta televtaio xpovia ovadvoviat TOATAOKES EQUPUOYES,
7ov otoygbouvy neta&l arhov va v Texvnt Novpoolvn oe ovokevég AtIl, popn-
TE€G OVOKEVEG Ko poumot. Eudukd, ou eqpapuoyég g Bounyaviag 4.0, ou omoleg Po-
olZovtal eldIKA 08 POUTTOT OV EKTEAOVV TTOAAEG OUVOETEG EPYAOLEG TTOU £XOVV ClU-
OTNPEG ATTOLTNOELG AOPAAELOG KOL XPOVOV, T.). OAYOPLOUOVG TTOU OYETILOVTIOL LE TNV
eneEepyaola ELKOVAG, TOV TTPOYPOUUATIONO HOVOUATLON YLOL TV KLVI|OT), TOV EVIOTLOUO
Bomg, T YaPTOYPAPNON TOU YMPOV KoL TNV GuTdVOoUr eKUaONon Yo OA TOL TAPaL-
TAVO. AUTOL OL OAYOPLOUOL ELVOIL VITOROYLOTLKG OUTOLTITIKOL KO YLOL TOUG ETEEEPYQL-
OTEG GANGL KOL YLOL T WV KO OL TTOPOL TV POUTOT Kal Twv ouokevmv ATll dev
ETAPKOVV TTAVTOL YLOL T1) SNULOVPYLOL ATTOTELEOUATIKMV, AOPUAMY KOL GUTOVOLWMY AEL-
tovpyumv. Katd ouvemela, TpokOmtouy vEo TPOBAUGTO KOl TTPETEL KOVELG VO, GITO-
(POOLOEL TPOOEKTLKA TIG OTPOTNYIKEG OVATTUENG UETAPOPTWONG SLEPYAOLADY, TT.Y. TTOV
va ToroBeTNOETE POPTO EPYAOLAG, TLG TOMTIKEG GVVOEGNG, TTOTE VA YPNOLUOTOLOETE
Toug eEUTNPETNTEG ATA, 1) ETEPOYEVELD, 1] KPLBELL TOAMTAOK MWV 0AYOPLOUW®Y, TTMG Vo,
£E0LKOVOUTOETE YPOVO QITOKPLONG UE OTTOSEKTI) ATMAELO 0TIV OKPLPELDL EVOG 0UVOE-
oV oAyoplOuov. Emimhéov, 600 KoL 0V QULVETOL KATAAANAO, 1 XPTOT] OTTOKAELOTLKO
ATTOUUKPUOUEVOY VTOROYLOTLKDV TTOPMV UTOPEL VoL NV elval apket. 'Evag apBuog
AVETLOVUNTOV POLVOUEVWY SUVITTIKA AAUBAVOUY Y (MPO. KOTA T LETAS00T KOL TV ETTE-
Eepyaoia TV TANPOPOPLOY, Omtmg 1 KabuoTtépnon diktvov, N uetafint It koL o
%POVOG SLoKorng Aettovpyiag Aoyw Sidpopwv garvougvov. Ia avtolg Toug Moyoug,
VL0 TTOPASELYILAL, OL AUTOVOUEG KIVITEG OUOKEVEG (TT.). POWITOT, UT) ETOVOPWOUEVT. OYT)-
UOTO) EYOUV GUYVA KOAITOLG, LKOVOTITA YL, TOTILKT] eeEepyacio dTav oToyXelouV o
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ATOKPLOELG YAUNMG KaOUOTEPNONG Ko 08 TTEPLOSOUG OO 1) TPOGPAOT 0TO SIKTVO
dev eival drabeoun 1 avaElomot. Katd ovvemelo, o onuaviky Ipokinot, amxo
VY AIOP) TOU 0%ESLOOUOD, TG EKTLUNONG KaL TNG BEATIOTOTOLONG TOU SIKTVOV ElVaL
0 OUVOVAOUOG TOTILKMV YPNYOPWV GAMG TOAVOG TEPLOPLOUEVNG aKpIBELog alyopld-
LWV KO GTTOUCKPUOUEVWYV, AKPLROV GALG VITOAOYLOTLKG, AITOLTTIKMV GAYoplOuwy ue

OTTOTEAEOUATLKO TPOTTO.

Tuversopis Ts Avatpipiis

Avti) 1 dLoTpLPN TPOOTUOEL VO AVTLUETWITLOEL UEPLKE GTtO TO. TPOUVapEPDEVTA TPO-
BANuaTO TOL TPOKVITTOUV 0TV YITOAOYLOTLKT 0TO GKPO. TOU ALKTUOU KO THV VITOAOYLOTLKY]
HETAQOPTWOT TV diepyaoumv Tov KO, Eotdoaue ot BeATiotomoinon g amddoong
twv KOT ue t BEATLOTY (P10 TOV TOMTIKOV UETAPOPTWONG KL TOV TTPOCEKTIKO OYESLOL-
OUO OTPATIYLKMV SLoelpLong TOpwV. OL CUVELGQOPEG OTA TAPATAV® OEUOTO PTopoV Vo

OVVOYPLOTOVV OTO akOAoLOa:

o Movrehomoinon s Svvapukis amodoons: O ueBodoLoyieg YLO. TV AVILUETOTLON
TOV TPORANUATOG TNG SUVOULKNG SLorELPLONG TTOPWV OTaLToVV eEEMYUEVEG APOLPE-
O€LG LOVTEAOTTOLNONG TG OTTOS00TG YLCL VO, ATTOTUTTDOOVY TiG dLAPOPES SUVOUKES TV
OTTALTIOEMV THG EQAPUOYNG, THV KATAOTOON TWV TOPMV KL TIG OTALTIOELS TMV XP1)-
otMV. Mio ONUOVTIKT] KOWVOTOULO. GUTNG THG SLaTPLBNG ELVOL 1] ELOAYWYT] TOU OpOv
TPOPLL TOPWV VLA TNV ETLTEVEN OAWV TOV TOPUTAV®. Ta TPO@IL TOPMV EKPPATOVY
™ OXE0N HETAED TV KOTOVEUNUEVWY TTOPWV KCL TOU HEYLOTOV 0PLOUOY TMV ELGEPYO-
UEVOY OLTNUATWV (OG OUYKEKPLUEVIG EQAPUOYTG TTOU WITOPOUY Vo, EEVITNPETI|OOVY OL
TOPOL SLoTNPDVTAG Ve OVYKEKPLUEVO ertimedo ITtY. To TAgovEKTNUE TOV 0YESLAOUOD
TPOQPIL TOPWV glvar TPLTAO. TIpdTOV, £Va TPOPLA TOPWV ELVAL OTIV TPAYUATLKOTTC
£VOL EPLKTO ONUELD LOOPPOTTLOG KO SLEVKOADVEL T SUVAULKT] SLASLKOOLO KOTAVOUNG
TOPWV TAPEYOVIAG YVAOT OYETIKA IUE TOV UPLOUO TWV SLOPOPETIKOY KUTUOTAOEWY
(7T UE TNV £VVOLOL TOV APLOUOD TV TTUPTVMV TOU ETEEEPYOOTI) TTOV TTULTOVVTOL YLOL
TOUG ELKOVIKOTTOLNUEVOUG TTOPOUS. ALVTEPOV, 0 CUVOVOOUOG AUTHOV TV TPOPIA TOPWV
UE KATAMNAOUG EALEYKTEG ETITPETTEL TOV OYESLOOUO OAYOPLOUWY YLO. EQUPUOYES KPLOL-
UEG YLaL TO YpOVO 1 TNV akpifera. Tpltov, Ta Tpo@ik TOPpwV BEATLOTOTOLOVY THV OO
AELTOVPYELDL TV TTOPWYV TTOV YPTOULOTTOLEL L EQAPUOYY] UELDVOVTUG TLG TTEPUTTMOELG
JTOU OL JTOPOL ELTE SEV YPOLUOTOLOVVTCL ETCAPKMG ELTE SEV APKOVV YLOL VO TTETVYOVY
TNV AvaCToOUEVT artOd001) TNG EPUPUOYNG. Ze AT TH) SLUTPLPT, TELPOUOTIOTIKOUE
ue 800 diapopetikeg ueBodoloyieg LOVTELOTTOINONG YL TNV EQYWYT TOV TPOPLA TTO-
pwV. ATO T Wl TAEUPA, XPNOLLOTONOaUE TH Oewplo SVOTHUATMY, 1) OTTOL0. £XEL TNV
LKOVOTNTO VO TEPLAOUBAVEL SLagpopeg UETproelg amddoong (dnhadn uetafintég Ko-
TAOTAONG) KL TOVG TOPOVG WG TAPAUETPOUG EAEYXOV (UETAPANTEG LGOSOV) KL VOl
TEPLYPAPEL TN OYEOT TOVG VITO dLAopeg ouvBNkeg Aettoupylag Kar eyyunoetg ItY.
A0 TV GAAT TAEVPA, YPNOLUOTOWOOUE ATTAOVG GAYOPLOUOVG Uy aviKnG wabnong,
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7ov aLomoloty TANPOYopLeg amtd (i) TOV TPOYPUUUATIONO THG KOTAVOUNG TWV TT0-
pwv, (ii) Tovg vro TapakoroOnon BAA kau (iii) Tov alyoptOuo Tpopieyng @optov
£PYOOLOG YLOL TNV EKTLUNON TOU BACLKOD aptOuo ovitypdpv yio to Suvaukd aptuo
ATHUATOV Lo £Qaproyns. O Baotkdg TapayovIag Kat Yo Tig SU0 TpooeyyloeLg elval
1] WOVTELOTTOLNOT TOU (POPTOV EPYAOILAG, dNLOSY 1 EKTIUNOT TOU aPLOUOD TWV ELoEP-
YOUEVWV CUTNUATOV YLOL TNV EQOPUOYY aELOTTOLDVTAG HeBOS0UG TPOPBREYNG Y POVOOEL-

pOV.

o Kowj duygipion mopov kan tpoypoppnationds epyacidv oty vrodow: H peyi-
OTOTTOWO1] TNG ATOSOONG TWV GVYXPOVIV EYOPUOYDY OTTOLTEL EYKOLPT EVOPYTOTPWON
TV ELKOVIKOV TOPWV GTNV VTOSOUTN 0TO GKPO, TOU SIKTVOV. Q0TO00, 1] TPOATTTIKY)
AVOATTUEN TOPMV YLOL TV LKAVOTTOINGT] OUYKEKPLUEVMV OITTALTHOEMV TOV EQPUPUOYDV
KATm ortd Suvouko gopto epyaoiag eivar eEapetikd dvokoho mpofinue. Ia to
OKOTO CUTO, (WO GAAT ONUGVTLKT KOLVOTOWLS, OUTHG TG Statpprg eivon otL T Oe-
UEMDON TPOPAUATO TOU TPOYPOUUATIONOD TWV EPYUOUDV KL TNG OUTOUATNG KAL-
UAKMOTNG TOV TOPWY VTLUETOTLLOVTOL ato kKowvol. Katd cuvémela, patl pe v asmo-
POOT] UETAPOPTWONG, TPOTEVETOL EVOIG SUVOULKOG Y AVIOUOG KATAVOUNG TTOPWY Ka
eLEyov amodoyne. Avtodg 0 U avioudg evor vITtevBuVog Yio. T SLavouT TV UETO-
POPTWUEVV CUTNUATMV UETOED TOV OVILYPAPOV TNG EPAPUOYTG OTOUG ELKOVOTTOW-
UEVOUG TTOPOVG, TAPGAMAC (e TOV EAeYXO0 amodoyng (SMA. amodoyi 1 ardppupn Twv
UETAQPOPTWUEVMV OLTNUATWV GVAAOYO. UE T1 SLaBEoLUOTITO TOPWV) KaiL T SUVOULKT|
KaTovout opmv Yo Kae epapuoyn (dSnhadi, amopaoifovrag Tov aptiud Twv avTt-
YPAPWV Y10 KAOE EQopUoYY Kot TPo@ik TOpwv). Emtiong, £vog poBrerttig Tov (popTou
£PYOOLOG KO 1) SUVOULKT] LOVTELOTTOLNOT] TWV TTOPWV KOL TG OUVOMKNG KOTAOTAONG
TOU SIKTVOV/EEVTNPETNTMV TOPEYOLV TH BAOT TAVW GTHV OTTOLA AELTOVPYEL O OAYO-
pLuog. O TPOTELVOUEVOG OAYOPLOLOG EXEL OYEDLAOTEL MOTE VO, ELVOL TPOKTLKOG KL VO
EYYVATOL TPOSLOLYPAPES KAl ATTOSOOTG, OTMG TPOTAPUOTTLKOTITO, O YPNYOPES OAACL-
YEG OTOV (POPTO £PYOOLOG KAl 0T SLafE0LUOTNTO TWV TOPWV. AUTOG 0 TPADTOG Ny 0L
VIOUOG OT1) GUVEYELD EUTAOUTIZETAL UE TIG EYYUTOELG OTAOEPOTITAG TTOV TPOEPYOVTOL
amd ™ BeWPLEL CVPADVY YLOL TNV KATAOKEVT] EVOG ATOKEVTPOUEVOY WIYAVIOUOD YLOL TO
TPOBANLLCL TOV TPOYPAUUATLOUOD EPYAOLMDV KAL KATAVOUNG TTOPWYV, TPOGTOOMVTAG VO
PTLAEOUUE UL OALOTLKY KO KALUWOKOUUEVT] QLPYLTEKTOVLKY.

o 'Evog S10K0mTIKOg Wy avicuog UETOQOPTWONS TOV EPYUOLDV: ZTA ETOUEVO, KEPA-
oo THG SLaTPLBNG oY OMOVIAOTE UE TNV OYEDLAON BELTIOTMV TTOMTIKMV UETAPOPT®-
ong vy KO, Apyikd, Sivetal Eugoon otny Koy ToldTTa ToU GoUpIatoy SKTioy
ETLKOLVAOVLOG YLOL YPTOTEG KIVITMOV. ZeSLALOVUE EVOL Uy aVIoUO SV0 PNUGTOV YL0 TNV
VITOOTNPLEN KaL TNV VAOTOINOT] TG ITOPOONG UETOPOPTMONG, AAUBAVOVTOG VITdY)
TOO0 TIG TTANPOPOPLEG TTOV AUPOPOVV TIG CUOKEVEG OO0 KOl T SLAOEGLUOTNTA TOV TOPWV
™G VIrodopng ota Akpa Tou Atktiou. TIo GuyKeKPUYLEVA, OL XPTOTEG UETAPOPTHOVOUV
TO QTNUGTE TOVG, AauBavOVTag VIToYT T O£01 TOVG KaL TV LoYD TOU ONUATOG YLC.
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V0, EAOLLOTOTTONOEL 1) XPOVIKT] ETLBAPUVOT| TG ETLKOVViaG. Emtong, 1 vtodoun ota
Axpa TOU ALKTUOU UTOPEL VO ATOPPLYPEL EVOL altnua (SMAadT, 0 XPNOTNG TPETEL VO
TO EKTEAEOEL TOTTLK() EGLV OL SLOOEOLUOL TOPOL BEV ETOPKOVV YLOL VO. SLOTNPNOOUV EVOL
ovyKekpLuevo emitedo ItY. Se ouVEXELD TV ETOUEVOV KEQOAALmV TNG StatpLfng,
VAOTTOLELTAL £VAG TAPOUOLOG SLUKOTTTLIKOG UNYCVIOUOG UETOPOPTWONG YLaL VO, BonOm-
0£L 0T1) BELTLOTOTOLNOT) THG LETOPOPTMOTNG AAYOPIBILMV ATTOLTITLKMV VTTOMOYLOTIKGL [LE
EUOLOT| OE OEVAPLOL POUTTOTIKNG. ZTOY0G ELVOL VO LETPLALGOUIE TNV VITOAOYLOTLKT| TTLEOT
JTOV GITOLTEL O VTOAOYOOUOG TETOLWY OAYOPLOU®Y OTO POUITOT, TO OTTOLO £XEL CVVNOWG
TEPLOPLOUEVOUG TTOPOUG. TAOTOLOVIE AOLTTOV, SLOPOPETIKEG EKOOGELG TWV AAYOPLOUWY
aKOLOUOMVTOG TNV LOEA TG TPOCEYYLOTIKNG VTTOMOYOYLOTLKNG, dSNAadT), Bempolue (i)
uLo. €K8001) OV EKTELELTOL TOTTLKA (0T1) CUOKELT), KOL 1) OTTOLOL ELVAL YPT|YOPN CAAG
dev elvau emapkdg akppng kat (i) po £K800M TOU EKTELELTOL OTOUOKPUOUEVQ (OTNV
vrrodoun ota Akpo Tov ALKTUOV), 1) 070l ELval akpLpNg Uev aAld akpip1 amd dmoyn
TOPWV N/KaL xPOvov. Ze auTd TO TAALOLO, VIOOETOVUE EVAY SLAKOTTIKO WY OvIouo pe-
TAPOPTWONG TTOU AAUBAVOUY VTTOPT TV AfeBAdTNTA TOV TOTKOY alyopiBuwv. ‘Etol
elpaote og 0€om va dnuovpynoovue £vo unyaviowd ou Bonbd £vo Kivntd poustot oe
ULOL GLTTAT) QITOGTOAT) TTAOTYNOTG, SNAGSY VO, PTACEL OF £V TEMKO ONUELD QITO L OLp-
ykn 0¢on. H amopokpuouévi) eKTEAEOT ouTdY Twv alyopibumy ekteleltal wovo oe
TEPLITTWON TTOV 1] UETAPOPTMON ELVOL ETMPEING, SNAadn Otav 1 emBapuvon Tng emt-
KOLWVOVLOLG ELVOL Y CUNAY KaL 0L SLAOEGLUOL TTOPOL TG VITOSOUN G ETTOPKOVY YL, TV EKTE-
Leomn TV gpyooumv. Exumhéov, AauBavoupe vioyy TNV avaykn yio. oKpLBEoTepT mTho-
NYNO1 TOU KWVITOU pOUTtoT, TV eyyUTITo. 08 EUTTOSLOL KO T SUOKOALOL TG TAONYN oG,
wote va Slao@arileTal 1 aogaing mhonynon. Katd ovvémeio, avtdg o unyaviouds
drevkoriver T PEATLOTY peTapopTwon) yio KD,

o IThaico extipmong Kot AEyyov yio popmotikd K®X: Sefouevol Ty ovaykn yio
£YYUNOELG 0TAOEPOTNTAG KOL TV OvayKT) Y10 EAeYKTEG KAELTTOU Bpdyov yio ta KDZ,
ETEKTELVOULE T1] LOVTEAOTTOLION YLCL THV TTAOT YN0 £VOG KIvIiTo popustot. yedidtovue
£vaL vEO TAOLOLO EKTLUNONG TG O£0MG TOU POUTOT KAOMG Kait ELEYXOU TNG KLVIONG, TO
07T0L0 AVTLUETOTLEEL AITO KOLVOU TO FTPOPANUA TG GUYKALONG 0TNY emLOuuNTi) TPOYLC.
TAOTYNONG LE TNV OUTOTEAECUOTIKT] YPTONG TMV TOPMVY ETLKOLVOVIG Kol SLaBEoLumv
TOPWV OTNV ATOUUKPUOUEVT] VTTOd0UT). XPNOLUOTOUDVTAG (LKt GUVAPTNOT TTOU EVOW-
UOTAOVEL T SUVAULKT] TOU POUTTOT, TNG EMLKOLVOVIAG KOLL TOUG UTTOLOYLOTIKOUG TOPOUG,
KOTOOKEVATOUUE £VA. TTAOLOLO YLO. VO XELPLOTOVUE §V0 OeUehmO TPOPANUOTA: O.) T
0UVOEDT) ELEYKTMV TTOV UTAYOPEVOUV TNV KIVOT) TOV POUTOT 08 0uTd TO TPORANU
TAONYNONG KO B.) UL OTPOTNYLKT UETAPOPTMONG YLOL TNV avTLoTAOmwon g afeford-
TNTAG TOV TOTKOV TEYVIKOV eKTIUNONG 001G UE TLG IO AKPLBELG ATTOUOKPUOUEVEG.
Avtdg 10 TAALOLO AerToupylag BPLOKEL TV LOOPPOTLO UETAED TG aKpLBELOG TAOTYN-
oNg KaiL TG SLAPKELAG TNG OVYKEKPLUEVNG 0rtoaTtoNg. To 7o onpovetkod eivar Ot To
TPOTELVOUEVO TAGLOLO £yYVATaL TN OUYKALON ue T B€on 0ToY0, aveEapTTa ol TIg
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SLAPOPEG TAPAUETPOVG TTOV EMLAEYOVIOL, O OVTLOEON UE TC. CUOTNUATA TEPLOSIKNG
uetapoptwone. H O mpootyylon mpocapuoleTol e0KOAA OTIG UVAYKES TWV SLOQO-

PETIKADV YAPAKTNPLOTIKOY KGO TBavol 0evapilov emocToMC.

o AEwoAéynon tpotervouevoy alyopifumv ue yvootés Apyrrekrovikéis Evopynotpo-
ons kot Mpodrvma: AE0AOYNOT TPOTELVOUEVMVY TALOLWV UE SYETLKG e APYLTEKTOVL-
Kkég ko Mpotuma: TTopovolalovial eKTETOUEVO UPLBUNTIKG AITOTEAEGILOTA, TO OTTOLL
TPOKVIATOVY UECW TPAYUOTIKMV TELPAUATIOUODV 1] TPOGOUOLDOEMV TPOKELUEVOU VO
ATOTUTTMWOEL 1) ATOTEAEOUOTIKOTITO, KO 1] ATOS0TIKOTNTO TV TPOTELVOUEVY TTACL-
otwv. Edukd, yio kG0 Tpayuatikd TEoaTioud Tov 00 TepoVoLOOTEL OE aUTY) T
SdtoTpLPn, emhéEape va okohoubnoovpE TIG EVPEWS VIOOETUEVES MOELS, Snhadn Ta
spotuma tov Evpwmoikot Ivetitovtov Tnhemkowvmviakdv [potdmwy (ETSI) ko va.
T EPAUPUOCOVUE UE EUTOPLKA 1) AVOLTOU KOSLKO, EPYALELD, EVOPYNOTPWONG TOPMY,
TTOV EMUTPETOVY EMEKTUCLUOTITC, SIOAELTOUPYLKOTNTA KOl SLAQAVIG GVOITTUEN TV
EQPOPUOYDY OF ETEPOYEVELG TEYVOMOYIEG VALKOU KOL AOYLOWLKOU, TT.). EVPEMG YPTOLULO-

motovueva epyaheio hoyoukol 6wg OpenStack, Kubernetes.

Kegalowo 2

210 Kegpahawo 2 mapovotdfovial oL 0pLouol TV BOOLKMY OTOLYELDY GITO TOUG TOUELG
¢ Oewplog Zvotqudtov Avtopotov ELéyyov kot g Oempiog Zvotnudtwv Avauovic.
H yvrom tou Baotkol padnpotikol VtooTPOUNTOS TTOU SLVETOL TEPLEKTIKA 0TO KEPALALO
QUTO, ELVOL KPLOLUT YLOL TNV KOTavOnon Tov TpofANudTov ol Kat Tmv aAyoplOuwy o

TO.POVOLALOVTAL 0TIV OUVEXELL OTIV TIPOTELVOUEVY SLaTPLpT).
Kegahowo 3

10 KeQAAaLo 3, TPOTELVETOL pLoL apyLtekTovikn Yohoyiotikn Hapuedv (YIT) o emi-
TESWV VIO, VO TPOCPEPEL VITOLOYLOTLKOVG TTOPOUG VIO, TNV OITOUOKPUOUEVT] EKTELEDT] LAG
EQAPUOYNG ue Baomn T O£01 Tov YPNOTY. ZTO EMLITESO TNG CVOKEVNG, EKTEAEITOL LLC, OLP-
YUKY ATTOQOOT UETAPOPTMONG AAUBAVOVTOG UITOYT) THY EKTUOUEVH OE0T KoL TNV TOLOTN T
™G AoVPROTG oVVSEON G KAOE XPNOTN. ZTO EMLITESO TG ATOUAKPVOUEVNG VITOSOUNG, TEPO-
TELVETAL £VOG UNYOVIOUOG SNUOVPYLOG TPOPIA TOPWY TOV CGVTLOTOLLLEL TOV ELOEPYOUEVO
(POPTO EPYAOLAG O VITOLOYLOTIKOUG TTOPOUG UTTO GUYKEKPLUEVEG ATTALTIOELS ATTOS00NG TG
EQPOPUOYNG. AVILUETOTLLOVIOG TO SUVAILKO POPTO EPYAOLAG, EVAG UIYAVIOUOG KAUAK®-
oNg MUBAVEL TAVTOYPOVE TV ATTOPAOT HETOPOPTWONG KOl KUTAVEUEL LOVO TOUG CITUPOL-
TITOUG TOPOUG UE BAOT TA TPOPIA TOPWYV KOL TNV EKTLUNOT WLOG TEXVLKTG TPOPAEYNC pOp-
tov gpyaoiag. Two v aELoAOYNOT TG TPOTELVOUEVIG CLPYLTEKTOVIKTG, VAOTTOLNONKE £Val
EEVITVO GEVAPLO TOUPLOTIKNG EPOPUOYNG OF ULOL TTPOYUOTIKT] UEYOANG KALLOKAG vtodoung
5G. H mpoTetvopevn apyLrteKToviK £XeL OYEL0O0TEL LOLOLTEPX VL0, VOL ETLTAYVUVEL TNV EKTE-
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AEOT WAG VTTNPECLOG GVAYVDPLONG OVILKELUEVAY YLOL XPTOTEG KIVNTMOV. ET0 GUYKEKPLUEVO
0gVapLO £EVTTVIG TTOMG TTOV eEETALETAL OE QUTNY TNV EPYOOLA, OL ETLOKETTTEG OGS TOAVOV-
YVAOTNG TOUPLOTLKNG TEPLOYTIS YPNOLUOTOLOVY TLG CUOKEVEG TOVG TTOU ELVOL EEOTALOUEVEG [LE
KAUEPO YLOL VA TPARNEOUV 0TIy OTUITO 1) BlvTeo Kpng Suapketag evog Enuetov Evaiagpépo-
VTOG (7. ). EKOEUATA EVA LIOVOELD) TTPOKELUEVOU VA AABOVY TPOCHETES TANPOPOPLEG OYETIKA.
He aUTa. AeSOUEVOU OTL 1] AVOYVAOPLOT) ELKOVOG ELVOLL LG EPYALOLE CLTTOLTYTLKT) VTTOMOYLOTIKGL
Ko evepyoBopa, wo. virodoun YT Tpoo@EPEL TOUG ETTALOV VITOLOYLOTLKOVG TTOPOUG YLOL TNV
KA TOV QUOTNPOV amontnoewv xpovov. Emutiéov, vhomoleliton Kou aEL0AOYELTOL UL
TEYVIKY EVTIOTLOUOU O£0mg TwV xpnoTdv. TmoOéTovue OTL 0L YPNOTEG dPACTIPLOTOLOVVTOL
0€ (oL TTOAVOVYVAOTY) TOUPLOTLKY TEPLOYT. £1G €K TOUTOV, TO KOLVO £0POg LHVIG KoL KUPLOG
1 TOPEUBOAY TOV ONUATOV TALLEL ONUOVTLKO PORO 0TIV ETLRAPLVVOT TNG UETAO0NG TOV
UETOQPOPTWUEVMV OLTNUATOV. QG OTOTELECUA, YLO. VO, GVTLUETWITLOTEL AUTIH 1] SUVOULKT] OU-
UITEPLPOPA, 1] ATOPOOT] LETOPOPTWONG EVOG OUTNUATOG XPNOTMV AauBavel vioym T OEon
TV XPNOTOV Kot emmAgéov TV dabeoudtnta topmv tov eEvmmpemtdv YTI. Ol kOpleg
OUVELOQPOPEG AUTOV TOV KEPAAALOV cuvOPLLovToL wg eENG:
o 'Evog umyoviopog SnNuovpylag po@ik tOpmv ovVTLOTOLYLEEL TLG OITCLTHOELS 0TTOd00NG
™G EPAPUOYNG OF VTOAOYLOTIKOUG TTOPOVG 0TV Thevpd TG vrodomng TII. Avtdg o
WY CVIOUOG ETLTPETEL TOV OYEDLAOUO KOL TNV Kartovoun) Twv mopmv g YTI mpokelué-
Vo vo. avtastokplOel ot petaailouevn Tnmnon petagoptwong. To Tpogid Topwv
BaolZeTon o€ Yook poveera astd T Oempla. ZVoTNUATWV, TO 0TTOLC ATOTUTTOVOUV

OTTOTELEOUATLKG, T SUVOULKT TOU GUOTHUOTOG,

o Emwvononke évag unyoviopog d10 oTadimy YL Ty vItooTHPLET KoL THV VAOTTO o) TG
ATOPOONG UETAPOPTMONG, MAUBAVOVTAG VTTOPYN TOOO TLG TANPOPOPLES TOV APOPOVV
TOUG YPNOTEG 000 Ko TN SadeoiudTnTo TV TOpWV TG vodoung YII. Ilpog avtn v
KatehBuvon, 1) amodQaoT] PETAPOPTMONG YIVETAL BAOLKOG TOPAYOVTAG Yic TN SLath-
PNOT TWV GTOTEAEOUATOV VYNADV ETOOOEWV, TPOG OPELOG TOOO TOU TAPOYOV VITO-
dopung 600 KaL TOV XPNOTMV.

o TopovoiaZeton wa apyrtektovikn TII ov vrootpller TV avAaTTuEY, TNV EVopyT-

OTPWON KO T SLOELPLOT TNG EPAPUOYNG Ue BAon T B£01 TOU YPNOTH. AKOMOVOMVTOG

TG PAOIKEG apyES TWV 03N YLDV Y1 5G SKTVE, TAPOVOLALETAL ULOL GPYLTEKTOVIKT), Y PT)-

OLHOTTOLDVTAG EPYARELD MOYLOWKOD TEAEUTALOG TEYVOLOYLOG VL0 TNV EVOPYTOTPMON

Ko T droelpron g vrrodoung. Mpayuatonoteitar aE0AGYNON Yo va. ealnOgv-

Tl 1) EYKUPOTNTA KO 1] EPAPLOCLUOTITO TG TTPoTELVOUEVN S neBodoroyiag. Emiong, o

TPOTELVOUEVOG U OVIOHOG SNULOVPYLOG TEPOPIA TTOPWYV KAl 1) TPOOEYYLON EKTLUNONG

TOU POPTOV EPYAOLAG CUYKPIVOVTAL [LE KODLEPOUEVES VTLOTOLYXES UeBOdOOYLEG 0T
Buproypapia.

Me Baon ta ovaAVTIKG ATOTEAECUOTO. TG TTELPAUATIKNG AELOAIYNONG, 1) LEB0SOG eKTLu-

ong Torobeotag amodelydnKe TOAM aELOMTLOTY Yo TO EEVITVO TOUPLOTLKO GEVAPLO TTOU eE¢-

TALETOL Mg QUTNY TV EKTLUNON, 1] ATOQaoT EEVTVIG HETAPOPTWONG dV0 PNUATWV lye
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KUPLOPYO POLO 0TIV atd001) TOU GUVOMKOU GUOTHUATOG KOL TG OPYLTEKTOVIKNG GUVO-
MKG. O unyovioudg KALUWAK®ONG KoL TO TPOPLh TOPWV GTEdMOOV aEL0ONUELWTO KEPOT
amO800MG 08 CVYKPLOT UE OYETIKEG EPEVVITIKEG EPYAOLEG 0T BLEMOYPAPLAL, OYL LOVO OGOV
apOPAG. TV LKOVOTTOIN o TV Kprtnplov IItT twv xpnotdv ahllé KoL THY GTOTEAEOUOTIKT
YPNOLLOTTOLNON TWV TOPMV.

Kegdalowo 4
e auTO TO KEPOALO ETTEKTELVOUPE TNV pyaoia Tov Kegpolalov 3 kau og avtiBeon pe T po-
vOTAEUPN PLAOCOPLA TOV KAaoOLKOU aiyopiBuou avtokhipudkmong (HPA) touv KuBepvi
7OV AQUBAVEL VTTOPT] WOVO TILG LETPNOELG ATTOSO0NG, TTPOTELVOUUE O, EVEMKTY] CLPYLTEKTO-
VIKT Y100 T St elplon opwv. Av Kou aEL0A0YOUUE TV TPOTELVOUEVY] OPYLTEKTOVIKT| UE
(e SLaSLKTUaKY EQaPUOYT, 1 Ao HOG WTOPEL VA TPOCUPUOOTEL OTLG OVAYKEG OTTOLOLO-
dmote e@apuoyns. I'io to TPORANUA TPOYPAUUOTIONOD EPYUOLDV, TPOTELVETOL EVOL OYTUCL
7ToU BOOLLETOL OTNY TTOAATACOLAOTIKY] UElwOT) TG TpooBetikng avEnong (AIMD). Expe-
TOAAEVOUEVOL TLG EYYUNOELG 0TAOEPOTNTOG QUTHG TNG VEAG AVOTG TPOYPOUUATIONOD QYO
ouhY, avakoTeLOHVOURE SUVOILKG TO ELOEPYOUEVO. CUTIUATC TTPOG TLG PETTALKEG TNG ELKO-
VOTTOUUEVNG EQapUOYNG. ‘OTmG KoL TPLY, YLO VO AVILUETMITIOOUHE duvaLkols QopToug
£PYOOLOGC, EVAG UNYOVIOUOG TPOPAEYNG LOIG ETTLTPETEL VO EKTLUNCOVUE TOV apLlOId TwV eL-
oepyouevoVY arthudtov. EmmAéov, elodyetal €vag unyoviouog Tpogilh Qpapuoymy BAoeL
W OVIKTG WAONONG Yo TNV GVTLUETOTLON TG KAMUAK®MONG, ouv-oyxedialovrag Tig Osm-
PNTLKG VITOLOYLOUEVEG UETPLKES TTAPOYNG VITHPECLDV TTOU AAUBAVOVTOL 0.T0 TOV alyopLOpo
AIMD, ue tig TpEYoVoeG UeTPNoelg arddoone. H mpotetvouevn Mo ouyKpivetal Ue TG ovy-
YPOVEG TEYVIKEG OUTOUATNG KMUAK®WONG KATW OITO £V PEUMOTLKO QOPTO EPYUOLOG OE L0
LK) LITOSOWT) KoL AVOAVETOL 1) OUYKPLOT UETAED TNG YPTONG TOPMV KOL TMV TAPAPLATEWY

[TtY. Ou BAOLKEG GUVELGPOPES CUTOV TOU KEPOAGLOV OUVOYIZOVTOL WG EENG:

o Muo OMOTIKT] KAUOKOUUEVY QPYLTEKTOVLKY L0, TV OVTLUETMITLOT] TOV KOLVoU TPoPA-
LOTOG TOU TEPOYPAUUATLOMON EPYAOLOV KOL TG TPOANTTLKIG EVOPYHOTPOCMONG TO-
pwv og wia vrodoun YTI. To wpotervouevo oynuo AIMD mou evEPYOTOLELTAL OV GULL-
Bel KATOL0 CUYKEKPLUEVO CUUBAY SLEVKOADVEL TNV FTEPOAITTLKT] KAUGK WO TV TOPWV.
AvTtOG 0 UNYOVIOUOG ETLTPETEL TV OTTOKEVIPOUEVT] EVOPYNOTPMOT] TTOPWY OTNV GKP1)

TOU SLKTVOU.

o EloGyeton puo SLogQopeTiky] LOVTELOTTION 0T TTPOPIA EQAPUOYNG TOV GELOTOLEL TTATPO-
popieg armod (a) 1 MOoT TPOYPAUUATIONOD KoL KATAVOUNG TOPWV, (B) Ta TapaKoLoU-
Bovueva BAA xat () Tov akyoptOuo TpoBAeymg QOPTou EpYAGLOG YL TNV EKTLUNON
TOU OPLOUOY AVILYPAPWY THG ELKOVOTTOLNUEVTG EPAPUOYNG. SUAAEYOVTOG £VOL OVVOLO
SLOKPLTOV TPOPIA TOPWYV, WTOPOVUE VO, PEATLOTOTOLCOVILE TV %PT)0N TWV TOPWV Y-
plG VoL TaPAPLACOVLE T GUVOLLKY TABEPOTITO, TOV GUOTNUOTOG. ZT1 CUVEXELQ, 1] OTTO-
POOT KMUAK®ONG EKTELELTOL XPTOLLOTTOLDVTAG L0, OTTAY TEXVLKT] WY OVIKNG uaOnomng
OV UOG ETUTPETEL VO, EVOOUATDOOUUE ETTLONG TLG METPNOELG artddoomng. O poTevo-
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HEVOG OYESLAOUOG ELVAL ETTEKTAOLIOG KO EVKOAC, TPOTTOTTOLNOLUOG.

H dukid pag AMom pog veptepel AV AVOEMVY IOV YPNOLUOTOLOVVTOL GUVHOMG VLo 0UTO-
Lot KAUAK®OT, KaBMG oL UEsoL TOPOL TNG XPNONG TMV SLAOECLU®V ETEEEPYACTOV ELVOL
TOVAGLOTOV 7% MYOTEPO, EXOVTAG WOVO (o PLkpr) avEnon otig apafidoeg ItY.

Kegaioro 5

To Kepdharo 5 €0Ttdlel oty avamTtuEn evog eVOAAOKTIKOD SLOKOTTTLKOU Uy oviouow
UETAPOPTWONG VITOLOYLOTLKDV SLEPYOOLDY OTA GKPO, TOU SIKTVOU, Y10 EPOPUOYEG TNG Blo-
unyoviag 4.0. OLepapuoyEg VTG, 0mevfHvoVTaL 08 POUTTOT T OTTOL0L EKTEAOVY TTEPLTTAOKEG
SLEPYAOLEG, OL OTTOLEG TTAPOVOLALOVY CUOTNPEG AITOLTNOELS TOOO O XPOVIKT] AtOKPLOY 000
KoL 08 A0@Akeld. 2 ouTtd T0 TAGLOL0, 1] LETAPOPTOOT] TV SLEPYAOLOV 0TA AKPO, TOU dL-
KTUOV ETTPETEL 0TC POUTTOT VO ELAPPUVOUV TOV VTOLOYLOTLKO TOUG (POPTO, OVOOETOVTOG
TNV EKTELEON TWV TTOPOUTAVD SLEPYOOLMV OE ULOL LOYVPT) VITOAOYLOTLKT] VITOSOUT O€ KOVTLVY)
aTOOTAON. Z€ oUTO TO KEPALOLO, AOWTOV, TPOTELVETOL £VOG SLOKOTTIKOG UNYOVIONOG -
TOPOPTWONG SLEPYAOLDV, EVED OYESLATOVTIOL EVKALPLUKEG OTPATNYIKEG UETOPOPTWONG VIO
EQPOPLOYES TTOU ALPOPOUV OTOV TPOYPUUUOTIONO TG TOPELOG KO TOV EVTOTLOUO TG B€omg
TV poustdt. H amd@aon yia T petagoptwon Aaupdvetat Baoel g afeBotdmntag og Tpog
™V TPELOVO0. O£0T) TOU POUTTOT KoL THV SLAOEOLUOTNTO VITOAOYLOTIKDV Kal SIKTUOKMV TT0-
PWV 0TO. GKPa ToV dtkThov, TNV dedouevn otyur). To SLaKomTkd autd VOTNIE VAOTTOLEL-
TOL KOl AELONOYELTOL YPNOLUOTOLDVTOG £V TPOYUOTIKO POUTTOT OE WLOL TPOLYUOLTLKT] VITO-
doun ot GKpa ToU SIKTHOV- KATA TNV AELOAGYNOT TOVIZETOL TO OVTLOTAOULONO, OVAUIEDT.
070 YPOVO OAOKANPWONG TWV SLEPYACLOY KOL TV ETLTUYY EKBAON TNG UTOOTOAG TOUG.

AvVOAUTIKA, TO GEVAPLO TTOV TOPOVOLALETOL OF AUTO TO KEQAAOLO TTEPLYPAPEL EVOL POUTTOT
£E0TMMOUEVO ILE CLOONTNPEG KO VITOLOYLOTLKOVG KO SIKTUAKOUG TTOPOVG, TO OTTOLO ETTLYELPEL
VO, (PTAOEL ATTO £VOL APYLKO OE £VO. TEMKO OMUELD, EVTOG EVOG EPYOOTUOLOKOD YMPOV, CViL-
LEOO, OF EUTTOSLAL. AUTH 1) AELTOUPYLKOTNTO ElVaL BOOLKT) YLOL TV VAOTTOINON EQAPUOYDV TTOU
APOPOVV OTOV EQPOSLOOUO KoL TV orodnkevon gutopevudtov. ‘Evo olvnbeg mpopinuo
OV OVTLUETMITLLETOL OF TETOLOV ELO0VG 0EVAPLO. ElvoL M afeBotdTTa YOpw amd TV akpLfn
«0Taon» (0£01 Kal TPOCAVOTOMOO) EVOG POWTTOT, 1] OTTOL0 CUEGVETAL UE TOV YPOVO KaTA.
TNV KIVNoT, AOYM CUGCWPEVOUEVOY GVOKPLBELDV TV aLoONTNPwV, OMCOMUATOY TOV TPO-
YOV KOL AOTOYUDV 0TO VMKO. ZUVETMG, 1] AvayKn Yo juo. akpLBn, Suvaukd pubuiouevn
TEYVIKY] EVIOTLOUOU BE0NG eivol eupavig. Ol BAOLKEG OUVELGPOPEG CUTOV TOU KEPALALOU
ovvoypiZovtat, Aoutov, wg eEng:

o 0YedLAON Kat VAOTTOINOT EVOG TPWTOTUITOV UIYCVIOUOD UETAQPOPTMONG VTTOAOYLOTL-
KOV SLEPYAOLOV VL0 POUTTOTIKES EQAPUOYES, O OTTOLOG YPTOLUOTOLEL (LG, VITOAOYLOTLKT)
VITOSOUTN OTA GKPE, TOU SLKTVOV £VOG BLOUNYOVIKOD Y(HPOV, Yo VO, BEATLHOOEL THY 0K PL-
Bewa Tou evromopo O£omg Ko TG TOPELOG TOU POUTTOT.

o 0%eSL00N KO VAOTIOINON £VOG aAYopLOIOU atOpOoNG UETAPOPTWONG VITOAOYLOTIKMV
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dLepyaoLmv, 0 0molog AauBaveL oYLy TV SuvouK EHoN TV KIVIOEDY TOU POUTTOT
KOL OVILUETWITLLEL TNV 0BEPALOTNTA TOU TPOKAAOVVE OTOV GKPLRY EVTOTLONO TNG O-

01)G TOUG OTO YPOVO.

o 0YedlooN KaL VAOTOINOT KOLVOTOU®Y OAYOPLOU®Y evTomopol B€ong KoL Tposava-
TOMOUOU, OL OTTOLOL ETLTVYYAVOUY VYPNAT OKPLBELL XPTOLUOTOLDVTAG TO ATAOVOTEPO
OVOTNUA KAUEPDY KaL TOV EAAYLOTO 0PLOUO EVIOTLOUEVMV SLOKPLTOY CUELDY OTO TTE-
PLBAAOV.

THETIKG ILE TV TEYVLKT EVTOMLOUOU O€0mg, otV etkova, 5.12 gaivetol Ot Tapdro o
M OTOKALON OTTO TV TPAYUATIKT O£01 aVEGveETaL 000 OVEAVETAL 1] ATOOTAOT TOU POUTTOT
Ao TO 0POONUAL, 1] AKPLBELD TNG dEV TEPTEL TOTE KATW 0td 93%. ZyeTkd Pe Tov oyedLo-
OuO TNG TOPELOG TOU POUTOT, O OAYOPLOUOG LAG EYYVATOL TV £YYUTNTA WLOG VTTOLOYLOWE-
VNG TPOYLAG UE TNV TPAYUATLKG BENTLOTY, 1) OTTOLO BPLOKETOL EVIOG ATTOSEKTMV TACLOLOV
yioe Y g@apuoy. Ipoxmpmdviag 0to Baotkd Kopudtt g aEoAoyNong, autd Tov dLoko-
TTLKOU [NYOVIOUOU HETAPOPTMOTG VITOLOYLOTIKMV SLEPYAOLDYV, YIVETOL 1] OVYKPLOT TOV e
TG 800 axpoleg aAd ATAOIKEG TPOCEYYLOELS EKTEAEONG TWV VITOLOYLOTIKMV SLEPYOOLDV:
) WOVO TOTTLKY] EKTEAEON Ko B) LOVO VTOAOYLOTIKT] UETAPOPTWON. ATTO T aToTeléouaTa,
YIVETOL EUPOVIG 1] VITEPOYY TOV TPOTELVOUEVOU WY CVLOUOV, TOGO OTOV IECO YPOVO EKTENE-
0MG 000 KdL GTO TTOCOOTO EMLTVYOVG EKPAONG TMV ATTOGTOADY TOV KANONKE VA VAOTOLOEL
T0 POWITOT. AVaALTIKOTEPQ, 0TI WOVO TOTTLKY EKTELEOT TG O)edlaoNG Stadpoung, o povog
EKTELEONG TOU TELPAUATOG ELVAL YPOUULKDG OVAAOYOG TWV PNUATMV TOU OTOPUOLLEL O Ax
aAYOPLOUOG TTOV EKTERELTAL, EV(D 1) ABERALOTITA OTOV EVTOTLOUO TG OE0MG TOU pouTtoT dev
OTOUOTA TTOTE VO, aVEGVETOL (Aol To cVoTNUA KAUEPDY deV UELOTTOLELTAL TTOTE. ZUVETHG
dev VTAPYEL KATTOLO, £YYUNON OYETLKA UE TNV ETLTUYY TEPATMOT] TOU TELPAUATOG. STV TTE-
PLITTWON B), TG UETUPOPTMUEVIG EKTEREOTC UOVO, GTTO TH) LLOL EXOVUE TV £YYUNON YL TV
ETTUYN] TEPATWOT] TOV TELPAUOATOS, OPOV TO OVOTNUC KOUEPDV YPNOLUOTOLEITAL YLO. TOV
evTomopo g BEoNg Tov poustdT KABE Popd, Exouue OUMG OVENUEVO UECO YPOVO EKTENE-
ONG TG OTTOOTOANG, AOY® AKPLBMG QUTHG TNG ETLAOYNG: 1) VITOAOYLOTLK(, TTLO GLKPLBY TEXVLKT
EVTOMLOOU O£0Tg YPYOLUOTTIOLELTOL AKPLTE., KAOE POopd. IOV Y PELGLETAL EVIOTIOUOG, OKOUOL
Kat Otav 1) afePALOTITO OYETUKA UE TNV OTAON ELVAL EAAYLOTY Kot SuVITLKG TO poumot Oo.
UTOPOVOE VO KIVNOEL YLOL KATTOLO YPOVIKO SLAOTNUA KOL UE TO UTTOTEAEGLATO TOV TOTULKOV
gvromopoy 0¢ong. H oUyKpLon auth KatahnyeL Le To GTOTELECUATO TOU SLOKOTTTIKOU Ui
YAVIOUOU UETAPOPTOONG SLEPYAOLDV 0TA GKPA TOU SIKTVOV, O 0TTOLOG TA. KATAPEPVEL 01
HavTikd KodUTepa og oy£om pe TG GAAEG V0 TPOCEYYLOELS, TAPEYOVTAG TOOO EYYUNOELS YLO.
TNV ETUTUYT TEPATWON TOV TELPAUATOG, OO0 Kait AUNAITEPOUG UECOVG YPOVOUG EKTEAEONG.

Kegpdalowo 6

Avtd 1o Kedhao eotidlel Eava otV TEPLTTOoN TwV powtotikmv KO, To kivntd

POUITOT TTOV €EETATETOL ELVOL EVOG WOVOKUKAO, TTOU VITOKELTAL 08 OBERULOTITEG LOVTEAOTTOL-
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NONG KO PETPTIONG,. ETO TPOTELVOUEVO OEVAPLO, TO POUTTOT TPETTEL VO MUOEL TO TTPOBALCL TOV
EVTOTLOHOU TG O£0MG TOV, TPOPANUC KOL TN OUVEXELL TO TPOPANUC TOPAKOAOVONONG KoL
VAOTTOINONG LG OUYKEKPLUEVTG TPOYLAG. Katm amd autv ) phBuon, eivor dtabéoiuog
EVAG UNYOVIOUOG UETAPOPTWONG YLOL TN UETAS00N TwV SESOUEVOV EVTOmopoy OEong Yo
™ dradtkaota evromopov og o vitodoun YII yia meportépw emeCepyaocio. Kplog otodyog
€LVOL VO TTOPEYOVIE VIETEPULVLOTIKEG EYYUNOELS YLOL TV EKTIUDUEVT BE0N TOV POWITOT Ko
0T CUVEXELD VO gyyunBolue T oUyKALoN TTPog £va onuelo-otoxo. H evowpdtwon uedo-
dwv ekTiUNONG BACEL CUVOLOU OTOV GYESLAOUO TOV ELEYKTI] YLOL TNV TTOP0YN TAOTYNONG OF
TPAYUOTLKO YPOVO, ELVOL 0PKETO, SVOKOM.

Se éva EEVmvo £pY00TAoLaKO TEPLRAANOV, TO. POUTTOT elval eE0TALOUEVO Pe o TNPES
TTOV UTOPOVY VO, TTOPEYOVV EKTIUNOELS TG OTAONG TOU pourtoT (dniadt, Sutodidototn 0o
KO TTPOCAVOTOMOUO). AV KaLL 1) YP1)01 EVOOUOTOUEVTG TOTLKNG eKTIUNOoNG BEomg BdoeL ou-
0ONTNPOV ATOPEPEL YPNYOPOL GTTOTELEOUOLTA, ELVOL YVWOTO OTL ELVOL ETUPPETNG OF OVOOW-
PEVTIKG GQPAMIOTO, ELOLKE OTOV TIPOKELTOL VL0, LK PLEG TPOYLES. 'ETot, amattotvrar ouvnBmg
110 eEeMyUEVEG AL VITOAOYLOTLKG OTTALTITIKEG TEYVLKEG YLa. Va. uENOeL 1) akpipeLa evro-
TopoV. Mg 0TOY0 TNV AvAAUoT] TV TOPOTAVE® KL TV TPOTOOT] VE®V GTPATIYLKMOV CUV-
OYESLAOLOU ELEYYOU TTOU EYYVMDVTOL T1] CWOTY] CUUTEPLPOPE, EVOG TETOLOV OUGTHUOTOG, UTO
TO KEPALALO TAPOVOLATEL L LEOOSOMOYLA GUV-OYESLAOLOU ELEYYOV YLO, TAONYON KLVNTOV
poumoT. To popustoT, eE0TAMOUEVO e KOUEPES KOl oLoONTNPES 0BOUETPLOG, TAONYELTAL OITO
we Bgon ekkivnong oe e €01 oToY0, YL Vo OMOKANPMOEL Ltk SESOUEVY] ATTOOTOAY (TT.Y.
(LG, CCUTOULOLTOTTOLUEVT] OTTOONKEVOT/AVEKTNOT). Z€ AUTO TO TEPLTAOKO OEVAPLO, SLEPEVVAL-
ToL 1 OguedONG ovatHTNON L00PPOTTLAG UETOED 0TTOS00NG KAl KATAVEAMUEVWY TOPMV,
Holl [e TG OUVOTKEG TTOU £YYVMVTAL T OUVYKALON TOU GUOTHUATOG. ZUVOMKCL, ETEKTELVOUE
™ povreromoinomn Tov Kepahalov 5 Kol Tapeéoupe £yyunoelg KAeLoTol Bpdyou yio T ov-
YKMOT TOU pOWTTOT Ko T BEATLOTY XP1OM TV TOPmV. O KUPLEG GUVELGPOPES TNG EPYUOLAG
UOG TTOV T1] SLOPOPOTOLOVY artd TNV LItdlowy BLpAloypagio cuvoypilovial wg eEng:

o’. Buoayeton évag ouv-oyedtaoudg yio KO dmov £va (popntd popstdt THIToU HovOKUuKAOU
YPMOLLOTTOLEL TOOO TOUG TOTKOVG TOPOUG 000 KOl CITOUOKPUOUEVOUG YLOL VO, EKTEAE-
O€L TIG UTTOAOYLOTIKGL GITOULTNTUKEG EPYAOLEG AG EQPOPUOYNG TG Bropmyaviag 4.0 tov
OTTALTEL TTAONYNOT] OF EPYOOTAOLOKO XMPO. AV0 OeuehddN TPOPAUOTO CVILUETMITL-
Covran amd Kowov: (i) 1 oUvOEoN ELEYKTMV TTOV VTTAYOPEVOVY TNV KIVIOT] TOU [OVO-
KOKAOU poumtoT og autd To TPOBANUa oxedtaouot diadpoung ko (i) pio otpaTyikn
UETOPOPTWONG YLOL TNV AVTLOTABION TG ABERALOTNTAG TMV TOTKMV TEYVIKMOV EKTL-
UNONG UE TIG TTLO AKPLBELG ATTOUOKPUOUEVEG.

B’. OuvEoL EAEYKTEG £X0UVV OYESLOOTEL VLA VO LKOVOTTOLOUV TOV BEUEALDON 0TOYO TNG OITO-
0ToANG, dNAAdT Vo SLaoaMEouy T oVYKALON TG TAONYNONG TOU KIVITO» POUTOT
o€ €va 00voho otoywv. e T SuvauK Tov pourtdt OEwPELTaL £Vo KIVIUATIKO [o-
VIELO POVOKUKAOU, EVH 1) KIVIOT) TOU avaibeTon og 80 uépn, dnhadn oe mepLotpo-
PLKO KOl LETAPOPLKO. ZNUELDVOUUE OTL, TAPOAO TTOU UTTAPYOLVY £pya 0Th BLAoYpapla
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IOV TAPEYOVY KOUPOUG TLRAPOVG EAEYKTES TAPOVOLA OBERALOTITWY, 1) TPOTELVOUEVY
UEDOSOG UAG ETLTPETEL VO AVTLUETWITLOOVUE TPELG SLOKPLTEG TTPOKANOELG, OUYKEKPL-
uéva, (i) apefaldttec/dlatapayts Tou ennPedtovy T SUVALKY TG KOTAGTAONGS,
(i) 0TOTELEOUATLKY EQOPUOYY EKTIUNONG BACEL GUVOLOU YPNOLUOTTOLDVTAG UETPNOELG
odoueTplog, (iii) eyyinon oUyKAioNG TOU CUOTNUOTOG KAELOTOU BPOYOL OE VO, ONUELD
avagopdc. Lo vaL HETPLAOTEL TEPALTEP® 1) VTTOMOYLOTLKY] TTLEGY AITO TO POUTTOT, YPY|OL-
UOTTOLOVVTOL KOTG TTPOOEYYLOT) VITOLOYLOUOL YLOL TNV TOTTLKY EKTLUNOT] THG OTAONG TOV
POUTTOT. ZT1) CUVEXELQ, EQPAPUOTOVTIOL (Y OVIOUOL ELEYYOV O0TOOEPOTOINOTG TG AVA-
dpaong kataotaong KoL otig V0 KvnoeLs, Yo vo eEao@olotel 1) 0OYKMoN oty
TEPLOYN OTOYO.

Y. Mo dradikaoio MYng amopdoemy mov BoolleTol o8 o ovuopTNon elval Kotah-
Ao SLAUOPPMUEVT YL VO OVAAGBEL CTPOTNYIKT] UETAPOPTWONG. AUTI 1) OTPATIYLKY
VITOYOPEVEL TTOLEG OTTO TIG SV SLOPOPETIKEG SLaDETLIES TEXVIKES EVTOTIONOD B Y pN-
owomomn0otv. Extog asmd tv oldTnTa. TG TAOTYNONG, 1] OTTOL0. UITOKTATOL UTtd TIG
£E080ug TV eheyKTAV, vt 1 dradikaoio hapBavel eriong voyn ) drebeoipdTnta

TV SIKTVOKODY TOPWV KoL TWV SLOOE0LIWV TOPWV TNG VITOSOUNG.

Exteheiton (o 0eLpd metpapdtov yuo ty aElohdynon g arrddoong Tov TPOTELVOUEVOY
K®Z 600v agopd v axpifela mhonynong kat ) didpkela g amootorng. H aSiohdynon
deiyver OTL 1 emOuUN T MO OYETIKG UE TNV TPOTIUN O TV 800 aAyoplOumY EVIOTouoD
ELVAL (L0, LLKTH) OTPOTIYLKT TTOU (PN OLUOTTOLEL KoL Toug 0. H ypnor artokAELoTIKG TOTTLKA
TOPOUYOUEVNG EKTLUNONG EV QPKEL VIO VO TAPEXEL OPKETG VYNAY aKPLBELD, EVED 1) OUVE-
NG avalNTNON OKPLBEOTEPNG EKTLUNONG AITO TOV £E ATOOTAOEWG EKTEAOVIEVO alyOPLOUO
TPOOBETEL ONUOVTLKO KOOTOG 0T SLAPKELD TG artooTtolng. Emumiéov, wa hesttopepng ov-
YKPLTLKT AELOAOYNON UE EVOAMAKTIKG OYTUOTO UETOPOPTWONG KATASELKVOEL TO, OPELT TOU
TAUOLOU oG, KaOMOG KaL TV TPOCUPUOOTIKOTITA TOU OTLG GUYKEKPLUEVEG ATTOUTHOELS TG
epapuoyns. H a&ohdynon amdd00mg Thg TPOTELVOUEVTG TEXVLKNG VTTOdNAMVEL OTL 1] Ao
Lo EEEPVA TO AL TUTTLKGL YPYOLUOTTOLOVUEVE, OYNUCTO LETAPOPTMONG KOL ELVAL EVKOAOL
TPOCAPUOOLUY OTILG UVAYKES SLOPOPETIKDV YAPAKTNPLOTIKMV g@apuoyns. To mo onua-
VIIKO £lvaiL OTL TO TTPOTELVOUEVO TTAALOLO EYYVATAL TN OUYKALON Ue T O£0m 0TOY0 aveEdpTTa

a0 TLG SLAPOPES TAPAUETPOVG TTOV ETULEYOVTAL, OF AVTLOEDT UE TOL CUCTHUATO TEPLOSIKNG

LETAPOPTWONG.
Kegahowo 7

Avtd 0 KEQAAULO EOTLATEL 0TV TEPLTTOON EQPAPUOYDY AVAYVDPLONG TPOTOTWY OF
TPOYUOTIKO X POVo (dNAOdT), aviyVveEuong ELKOVOG) TOU aVOTTUOCOVTAL 08 SLAQOPa. OEVA-
prat. ToOETOUNE OTL OL BLEPYAOLES AVOYVADPLONG TTPOTVTT™V (TT.). ELKOVEG 1) POT| BLVTED) TTOV
dMuwovpyohvral amd CUOKEVEG YaUNAING KOTUVAA®wOoNG viTofdilovTal oe eneEepyaoia elte
TOTUKGL EITE PETAPOPTDOVOVTAL, YPNOLOTIOLDOVTOG AoVPUATH GVVOEDT VIO TEPULTEPW ETTE-
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Eepyaoia. Ol UETOPOPTOUEVEG SLEPYOOLEG CUUTTLELOVTOL TTPMTO OTLG CUOKEVEG YLOL VO, LELM-
0gl 0 YPOVOG UETASOONG. AVTIOTOLYO, OTAV WO EPYAOLO. PTAVEL 08 o vtodoun YTI, amo-
KmOLKOTTOLELTAL KOL 0TY] GUVEXEL EKTEAELTOL 1] avaryvapLom etkovag,. 'Etot, diepguvoiue v
LOOPPOTTLC. UETOED TG EAQYLOTOTOINONG TOV YPOVOU UeTadoong (dnhady, Tng ovumieong
TOV UEYEDOUG TNG SLEPYAOLag) KoL TNG ATMAELCG AKPIBELOG TOU CUUTEPAOUATOG. EmumAioy,
Oewpolue OTL KGO vrodoun €xer wa SLabEoLUN HOVASA KAPTOG YPUPLKMV TTov Bondd ue
TOUG VITOAOYLOHOVG. ATTO TNV TAEUPA TG LTTOSOUTG, VTTOOETOVE OTL OL SLEPYAOLEG EKTEAOD-
VIOL TOPdAANAQ, dNA. og wa Taptida. H opadikr emeEepyaoio Tov Siepyooudy UeLdVEL
dpaoTLKA T OUVOALKT Ka.OUOTEPNOT 08 OVYKPLON UE T SLad0yLKT] EKTELECT) TWV EPYUCLDV.
EmumAéov, 0 xpdvog AELTOUpYLOG TG KAPTOG YPUPLKMV UELMVETOL, EAAYLOTOTOLDVTAG ETOL
TO KOOTOG KOl TNV EVEPYELQ OTTO TNV TAEVPd TG VITodoung. QoTd00, YLa Vo, BENTLOTOTTOL-
Oei 1 emeEepyaoio Katd TOpTLOES, OL EPYAOLEG TTOV £X0UV UETAPOPTMOEL TPETEL VA PTAVOUY
0TIV VITOSOUT TAVTOYPOVAL YLC VO LELWOEL 1) GUVOALKT] KOOUOTEPNO). SUVOALKQ, OTOXEVOUUE
O€ L0 OTPOTNYLKT] UETAPOPTWONG SLEPYAOLDV YLOL TPOYPALUUATLONO TTaPTIdAG 7oV (at) Stev-
KOMOVEL T1) GUVEPYAOLA UETOED OVOKEVMV KOl VITOSOUNG YLOL TH HELWOT THG UEOTG KOOVOTE-
pNong ko (B) SLaTNPEL PLoL OPLOUEVT] TTOLOTNTA THG AVOYVMPLONG ELKOVOG. Ol OUVELGPOPES
nog ouvoyifovral wg eENG:

o ALOTUTOVOUUE £VA KOLVO TTPORATIUC BEATLOTOTTOLNOTG YLO. VO UEYLOTOTTOW|COVUE T1) LECT]
AKPIPELDL KOL TAVTOYPOVO VO ELAYLOTOTOOOUIE TOV UECO XPOVO amtokpLong. Elod-
YOupE £VO, TTAALOLO YLC. VO, TTPOOEYYLOOVLE T1) ADOT TOU TTPOPANUOTOG BEATLOTOTOINONG
YWPLLOVTAG TO 0 S0 VIOTPOPANUOTO: (C) VO VITOLOYLOOUUE Lol BEATLOTY) GUUITLEOT)
TV SLPYaoLmV Kat (B) VO 0TTOQACIO0VUE ULCL TTOMTLKT LETOQPOPTMONG TWV SLEPYAUOLMDV

VIO TOV TTPOYPOUUATIONO TWV TOPTIOMV.

¢ AKOAOVOMVTOG TO TAPASELYLLO. TNG TPOCEYYLOTIKNG VITOAOYLOTIKNG, EEETATOVUE TTAAL
800 ekdoyEG TOV 18Lov alyoplBuov, ouykekpluéva: (i) uio VITOAOYLOTIKG EAAPPLA EX-
doyn oTig oVoKevEg (i) Ko wia ekdoyn mou divel oA KUAG aroTeELEoUaTe 0TV
ATOUCKPUOUEVT VTTOSOUN HE SUVATOTHTO AELOTOLNONG TNG KAPTOG YPAPLKMV KO TT0i-
PAANAOL VTTOAOYLOUOV. APYLKG VITOAOYLLOVUE WLat BENTLOTY OTPOTNYLKT] ovustieong. H
AM0om 670 TPOBANUOL TG CUUTLEONG ELORYEL LEPLKG GUAVTLKG OTTOTELEGUATAL TTOV VITO-
SMADVOUV OTL O TPOYPOULATIONOG TAPTIOUG PEATLOTOTOLELTAL OTOV OL EPYAOLES PTA-
VOUV TOUTOX POV, EACLOTOTOLDVTOG £TOL TH GUVOLLKY KAOUOTEPTON TG EPAPUOYNG.

[Mpoyuatomolobue o eKTeVH aELOAOYNON TOU TPOTELVOUEVOU TTACLOLOU HECK POVIELOTOL-
NoNG Kot TPoooUoiwons. Ta amoteAeopata Selyvouv OTL 1) TPOTELVOUEVT] TEYVLKY VITEPEYEL
OV TV ALV PeBOdWV avagopdc, £X0vVTog wo oxedov BERTLoTH Ao Ko emiTuyy G-
VOVTOG EAXYLOTO GUVOMKS KOOTOG. SUYKEKPLUEVA 1] AVADTEPY ATOS001] TNG TTPOTELVOUEVTG
TPOOEYYLONG QITOOELKVUETOL O CUYKPLTLKG TTEPARATA, KAODG T0 GUVOMKO KOOTOG eVl
TovALoTov 50% MyOTEPO 0TTO OhEG TLG AANEG TEYVIKEG OVALPOPAG Kol BEATUDVETOL AKOU
TEPLO0OTEPO KAOMDG avEdvetal o apBudg tmv diepyaoumv. Téhog, diepguvolue v emi-
dpaon OAWV TV CNUAVIIKMOV TAPAUETPMY 0TI GUVOALKT] Gt08001 TOU TACLOLOU OF LG
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OELPA TELPAPATWY.

Kegalowo 8
310 TELEVUTOLO KEQPALOLO TNG SLATPLPNG EEGYOUUIE CUUTEPUOUOTO AVOPOPLKG UE O TNV
dovleld pag kat poteivoupe pehhovikég katevfivaoels. . To cupTEpAoUaTo 0T 0oL

KatalEape kad' O T SudpKela TG StatpLfng cuvopilovral TapakdTo:

o O Oewpnrikeg [pooeyyioelg Avtopotov EAeyyov wwopolhv vo mapeyouv Loyvpd. ep-
YOAELOL YLOL TNV VITOOTNPLEN TG SLOYELPLONG TOPWV Kal TNG UeTapopTtwong oto, KO,
ASYO TG AVAYKNG YL ATTOPATELG O€ TEPOUYUATLKO XPOVO OTOV TPOYPOUUATIOUO EPYOL-
oLV KO TLG Itopaoels petagoptmonc. [Mapéyovrag wa akpifn Kotavonon me ov-
WITEPLPOPAS TOU CUOTIUATOG, OUTEG OL TTPOCEYYLOELS TPOOPEPOUV TOAVAPLOUA OQERN
OO0V aPOPa. TV KOTAVOUT] TOPMV KO TNV UETAPOPTWOT. MEowm TG HoOMUaTIKTG pLo-
VIEAOTTOINONG KO TNG GVAAUONG TNG SUVOULKNG TOU GUOTNUOTOG, GUTEG OL TTPOCEYYL-
OELG UWTTOPOVV VAL EVTOTLOOUY TOUELG OVOTTOTELEOUOTIKOTNTOG 0T YPN0T) TOPWV KO VAL
0Y£8LAGOVY ahYOPLOUOUG EAEYYOV YL T PUBULOT] THG CUIITEPLPOPAS TOU CUGTHUATOG.
Avtol ot akyopLBuoL LIToPoHV VA TPOGAPUOGOUY SUVOULKE TNV KOTOVOUT TOPMOV UE
Bdon TV TPEYOVOA KATAOTAON KOL TOUG 0TOXOUS TOS00NG TOU GUOTHUATOS, 091YM-

VIOG 0¢ BEATLIOUEVT ATOdO0), Kol 0TaOEPOTNTO.

o O TTPOYPOUUOTIONOG TOPMV KOL 1] SUVOULKY KOTAVOUY TOPWV ELVOL BAOLKEG TTPOKAT-
OELG TTOU TTPETEL VO OVTLHETWTLOTOVY 0td Kowol. H peyotomoinon g amddoong
TV OYYPOVOV EQAPUOYDV OITOUTEL EYKOLPT SLOXELPLON TOPWOV TWV ELKOVIKDV TTO-
pwv. QOTO00, 1) TPOAITTIKT] AVOATTUEN TOPWYV VLG, TNV LKAVOTTOLNOY OVYKEKPLUEVOV
ATTOLTIOEMV EQOPUOYMV TOV VITOKELVTOL OF SUVOULKO (POPTO EPYACLAG ELOEPYOUEVOV
artnuatmv eivar eEatpetikd dvoko. T mapdderyno, €6v 0 TPOYPAUUATIONOG TTO-
PWV eV EPUPUOOTEL CWOTA, WTOPEL VO, 00N YNOEL OE CUIPOPN oY 0TV EmEEEPYaOLa,

TPOKOALDOVTAG KABVITEPTOELG KO LELWUEVT] 0TTODOCT] TOV CUGTHUATOG.

o H otpotnyikn SLOKOTTLK®MV GUGTHUATOV ATTOPOONG TG UETAPOPTWONG UTOPEL VAL EL-
VO ETWPERNG TOOO YL0L TV ATtO001) TG EPAPUOYNG OO0 KO YLOL TH P01 TOV TOPWV.

o H katdAnhn aviiotoiyion Twv TOpwv g Evay SUVALLKO QOPTO EPYACLAG KOL 1) €V-
OWUATMOT TNG SUVOULKTG KL TV SLOQOpmV KPLTNplmv ardd00mg TV (e Baotkn
poKAnon og vt ™ datppn. AEomolmviag Tovg Miyaviopovg Ipogir Egapuo-
YOV, TO TPOPANUCTO. KATAVOUNG TOPWV KOL TPOYPUUUATIONOD TOPWY UTOPOVY VO,
wPeAnBoVV oA TTapE ovTaG aAoVoTEPES, WOTO00, oTtabepic Moels. Qg ek TovTov,
GTTOLTOVVTOL OTTOTEAECUOTIKOL KOl ATOS0TLKOL OAYOPLOUOL YAUNANG TTOMTAOKOTITAG,
KaOdG 1 (Ao EKTALOEVONG TOV TPOPIA EPAPUOYNG UTOPEL VO, XPELCOTEL TOAD YPOVO

1] TTOMGL TTELPAUOTOL.

o H &vomoinon oMoTIKOV apyLTEKTOVIKOV UE TAOLOLOL TTPAYLOTIKOD KOOUOU dnutovp-
vel véa poPinuata Kar TpokAnoels. TIoAEG artd TIg EPEVVNTIKEG TPOKANOELG TOU
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oVVOVTNONKOVY 08 Ut T SLatpLpr] avaKaliEONKay KaTd TV Tpoomtadelo evomud-
TOONG TV TPOTELVOUEVOV UNYOVIOUMV UE TACLOLO, TEAEVTOLOG TEYVOLOYLAG OTTWG TO
Kubernetes ko to OpenStack. H tpoomdferor otkod0unong oMoTIKMV opyLTEKTOVIKMV
OUUBOTMV UE AUTA TO TAOLOLOL KOl EVOVYPOUULOUEVES UE TAL TPEXOVTO TPOTUTTOL KO TIG
EPEVVITIKEG TOOELG TOU AKASNUOIKOD XMPOU KaL TNG PLounyaviog Nrav 1 KivnTipLa
dUvaun og OA ovth) T StoTPLP.

OLOKANPMOVOVTOG auTh] TN SLaTpPLPT), QT 1) TELEVTOLC, EVOTITO OTTOCOQVILEL OPLOUE-
veg om0 TIg TOAVEG LEMAOVTIKEG KOTEVOUVOELG EPEVVAG TTOV UTTOPOUY Va akohovBNBolv e
BAom TO. ATOTELECLOTAL TNG EPYUOLELG TTOV TTALPOVOLATETAL KO TIG TEPOKATOELG TTOU ALVTLUETM-
miter. Mia evdiagépovoa kotevBuvon eivon 1) eE€taon Siapopwv BAA amd v Theupd g
VITOSOUNG VLA TO TTPOPANUA TNG SUVOULKNG KATAVOUTG TTOPWV. QG £k ToUTOV, TO TPOPANUO.
BeltioTomolnong ov Kabopilel Tov aplBud ToV GVOTTUYUEVOY TOPMY TOV ELOGYOVTL OTO
Kegdhawo 3, Oa propotoe va Beltiwbdel dhote va emtkevipwbel 0t BEATLOTOTOLNON LOYVOG
EMO(LOTOTOLMVTOG TOV apLOUO TV evePYDV EEVTTNPETNTOV. M GAAY evLapEépovoa. epya-
OLOL ELVOL 1] CUUTTEPLANYPT] UT| VIETEPULVLOTLKDV/OTOYAOTIKMDVY TTPO0EYYLoEWV 7TV Oa (Iropov-
oav vo aEoroynBolv yio okomols eKTIUNoNG KIVITLKOTITOG YPNOTOV KoL EKTLUN0NG TOU
POPTOV WAG EPAPUOYNG. AUTO wTopel va, emLtevy 0l 0ELOTOLDVTAG TIG TEXVIKEG MMy avIKNG
MdaOnong Kat cuvOUGLOVTAG TEG UE TTLO AETTTOUEPT] LOVTEAOTTOINON TG TTAPEWBOATG OTULOL-
TOG UETAED TV YPNOTMOV, TPOKEWUEVOU VO TTPOOPEPOVUE TEALKL ULOL TILO OITOTEREGULOITLKY)

KO AT080TLKY ATOQAOT UETOPOPTWONG.
AéEerg Kietdia: Metagoptmon TTohoyLotik®mv Alepyaoumy, Ipoypopuuatiopds epyacimy,

Avvoukn Katavoun topmv, Aloyelplon topmv, Ocwpla. YOV, ALadIKTUO TV TPayUd-

TV, Oewpla. ZVOTUATOV AVAIOVNG
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