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MepiAnym

H augavopuevn avaykn og xpron unodopwyv cloud kat edge €xel 0dnynoeL o€ €vtovn avnouxia
yla tnv ac@daield toug €vavtl EnBéocewv Katavepunuevng Apvnong Ynnpeoiag (DDoS). 1o
nAaiolo auTAG TNG SINAWMATIKAG, MPOTEIVOULE PO OAOKANPWHEVN MPOCEYYLON YO TNV ACQPAAELQ
Twv unodouwyv cloud kat edge HEOW TNG XPRONG TEXVIKWYV AVIXVEUONG KAl QVTILETWNLONG TETOLOU
gidoug embeoewyv, nou Bacifovtal otn Mnxavikrp Maénon.

H dinAwpatikA dlepeuva tnv xpron dlagdpwyv aiyopibuwv ML yia tnv avixveuon emBeoswv
DDoS, avaAtovtag Tnv anoTEAECHATIKOTNTA TOUG OTOV EVTIOMIOMO KAl TNV Taglvounon
KOKOBOUAwWV HOTIBwv dLadIKTUAKAG Kivnong. Méoa and eKTeveiG aELOAOYACELG KOl CUYKPIOELG
anédoong, evronifoupe Toug KATOAANAOGTEpPOUG aAyoplBupoug ML yia avixveuon DDoS oe
nepParrovta cloud kat edge.

Ma tnv avtipeTwnon Tng unoAoyloTikng enBdpuvong ota ML povtéla avixveuong oe
nepBAAAOVTA HE MEPLOPIOPEVOUC MNOPOUG, €l0AYyOUPE Ha 1O€a yla TNV €MTAXUVON TwV
AetToupylwyv Toug, andAuta cupBathA pe unodopeg cloud kal edge. AuThA n TEXVIKA ouvdualeTal
oav NPOEKTAON, BEATIWVOVTAG CNUAVTIKA TNV UNOAOYLOTLKA MOAUNAOKOTNTA, SlATNPWVTAG TNV
upnAfR anédoon Twv povtéAwv ML Kal emMTpENOVTAG TNV TaXEla Kal anoTEAEOUATIKI avixveuon
oe npaypatikd xpoévo enBEcewv DDoS. Méow aflohoyAoewv Kal MPOCOHOWOEWY,
anodeIKVUOUPE TNV anoTEAEOUATIKOTNTA TNG NPOTELVOUEVNG NPOCEYYLIONG OTOV EVTONIOUO TWV
emBeocwv DDoS og unodopég cloud kat edge.

TE€NOG, npoTeivoupE A APXITEKTOVIKA HovTEAOU ML, aglonowvtag TEXVIKEG Pabidg
paénong, v va nepaltépw PeATiwon tng akpifelag avixveuong DDoS. Autd TO pOVTENO
ouvdudadlel evtomopd POTIBwy OLAadIKTUAKAG Kivnong Kal QVWHOAWY CUMNEPLPOPAG, yia va
NAPEXEL YA ONOKANPWHEVN €lKOVA Twv nmBavwyv enBEcewy Kal va elaylotonolel Ta Yyeudwg
BeTikd (False Positives).

>T6X0G aUTAG TNG SINAWHATIKAG €ival va cUPBAAAEL OTOV TOPEA TNG ao@AAeLlag Tou cloud Kat
edge, napéxovtag €va OAOKANPWHEVO MAQIOL0 yla TOV E€VTIOMIOMO KAl TNV QAVTILETWNLON
enBeoswv DDoS, a&lonowvtag tn duvaun tng Mnxavikng MdBnong. Ou npoTelwvoueveg
TEXVIKEG OKOUMMOUV OTIG BepeAwpeveg peBodoug aopaleiag cloud kat edge, aAA& avoiyouv
eniong 1o 6popo yia €EeAifelg oTnv NpooTacia Kpiowwyv cuoTNUATWY and TIG ANENEG OTOV
KUBEPVOXWPO.

NEEEIC KAeIDIa

Ynodopég cloud kat edge, Mnxavikq Mdbnon, EnB€oeig DDoS, Avixveuon kat
avTieTwnon, AgloAdynon andédoong, [lleploplopévol uNnoAoYIOTIKOL NOPoL, TEXVIKEG
entaxuvong, BaBia pdbnon, Avwpadieg Zupnepupopdg, Avixveuon lMNpaypatikou Xpovou






Abstract

The increasing adoption of cloud and edge computing infrastructures has led to a growing
concern for their security against Distributed Denial of Service (DDoS) attacks. In this thesis, we
propose a comprehensive approach to enhance the security of cloud and edge infrastructures
through the use of Machine Learning-based detection and mitigation techniques.

The thesis investigates various ML algorithms for DDoS attack detection, analyzing their
effectiveness in identifying and classifying malicious traffic patterns. Through extensive
performance evaluations and comparisons, we identify the most suitable ML algorithms for DDoS
detection in cloud and edge environments.

To address the computational challenge of ML detection models in resource-constrained
environments, we introduce an idea for accelerating these operations, fully compatible with cloud
and edge infrastructures. This technique serves as an extension, optimizing the computational
complexity while maintaining high ML model performance, enabling rapid and efficient real-time
detection of DDoS attacks. Through evaluations and simulations, we demonstrate the
effectiveness of the proposed approach in DDoS attack detection within cloud and edge
infrastructures.

Furthermore, we propose an ML model architecture leveraging deep learning techniques to
further enhance the accuracy of DDoS detection. This model combines the detection of malicious
traffic patterns and behavioral anomalies to provide a comprehensive view of potential attacks
and minimize false positives.

The objective of this thesis is to contribute to the field of cloud and edge security by providing
a comprehensive framework for DDoS attack detection and mitigation, leveraging the power of
Machine Learning. The proposed techniques build upon established cloud and edge security
methods while paving the way for advancements in safeguarding critical systems from cyber
threats.

Keywords

Cloud computing, Edge computing, Security, Distributed Denial of Service (DDoS),
Machine Learning, Detection, Mitigation, Traffic patterns, Performance evaluations,
Resource-constrained environments, Acceleration techniques, Real-time detection, Deep
learning, Cyber threats
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Evyaplotieg

Oa nbeAa KaTapxAg va eUXAPLOTACW Tov KaBnynth K. EypavounA BapBapiyo yia tnv
eniBAewn autng TNG dINAWMATIKAG epyaciag. Eniong, euxaplotw blaitepa Tov unown@Lo
OdaKTOopa INNOKPATN ZapTleTAKN yla TNV KABodryNnor ToU Kal TNV EEALPETIKA cuvepyaoia
nou gixape Kab’ 6An tn dldpKela TNG SINAWHATIKAG auTAG. TEAog, Ba nbeAa va
EUXOAPLOTAOW YOVEIG, OUYYEVEIG Kal @iAoug yia Tnv NBIKA cupnapdotacn Kat fondela nou

HouU NpocgEpepav OAa auTd Ta XPOVLIa KAl cuvéBaAav oTnv dleknepaiwon Twv oTOXWV LOU.

EAeubéplog Maratdg
Abnva, 2023
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AVTIKEILEVO TNG EPYAOLAC

Katd tnv enoxA TG ynelokAg HeTARaong, to cloud Kat To edge €Xouv EPPAVIOTEL WG KEVTPLKOL NUAWVEG
OTOV KOOPO TNnG Texvoloyiag. O Tponog e Tov onoiov BAENOUPE TOV KOO0 8w Kal OEKAETIEG AANALEL
OpOCTIKG OTNV €noxr TNG yneonoinong. H Cwry pog efaptdtal NAEoV and uNoAoyLOTEG, TO OLadIKTUO Kal
Oldpopeg ouokeueg Internet of Things ( 10T ), péoa nou npoo@épouv NANBwpa NOAUCUVOETWY Kal
NOAUSLACTATWY OEDOUEVWY, DNUIOUPYWVTAG NPOKANCELG OTNV dlaxeiplon Toug, oTnv anobnkeuaor Toug

aAAG KaBWG Kal oTnV avayvwan PESA 0ToV OYKO TOUG, NOAUNAOKWY HOTIBwv.

Ta ouotApata unoloyloTtikou veépoug ( cloud ) naiouv KaBoploTIKG pOAo aTnv KAAUYN AUTHG TNG
oAo€va Kal ypnyopoTtepa augavopevng TeXVoAoyIKAg ¢ntnong. Ot unnpeoieg cloud npoo@Epovtal and
QAMOUOVWHEVOUG OLOKOULOTEG Kat aglonotouvTal and neAdteg pEow dladiktuou. Me KuBepPVROELG Kal
€TaIPEIEG avA TOV KOOUO, VA JETAPEPOUV TIG EYKATAOTACELG TOug aTo cloud, n {ATnon og T€Tol0U
€idoug unnpeoieg yivetatl oAogva kat nio peydin. H a&ia tng ayopdg Twv dnuociwy unnpeowv cloud to
2019 Atav nepinou 228 dloskATOUUUPLA BOAGPLO NAYKOOUIWG KAl NPOPAENETAL Va @TACEL T 355
dloekaToppUpLa doAdpla pEXpL To 2022, pe avgnon 24% £Tnoiwg.

‘Eva olotnua cloud anoteAeital and évav tepdoTio NARBog atolxeiwv UAIkou ( hardware ) kat AoylopikoU
( software ). uvenwg, n NnapakoAouBnaon TNG «UYELOUG» AEITOUPYIOG AUTWY TwV OTOLXEIWV Kal N Gueon
avixveuan onolaadrnote avwpaAiag, eival Kpiowng onuaciog otnv €6ac@AALon agLénoTng Kat
adldAelntng Asttoupyiag Twy unnpecwwy cloud, nou anoTeAel Kal To Bacikd XapaKTNPLOTIKO TNG
unnpeoiag 6oov agopd Tnv NAeupd Twv neEAaTWV. H napakoAolBnon yivetal pEow TNG CUANOYNG
otoixeiwv TnAepeTpiag oe popn kataypapwv ( logs )[1], ixvn ekTEAEONG, HETPAOELG K.AN. ZUVBwG, oL
Kataypagpeg napdyovTal Kat CGUAAEYovTal ouveXwg (24/7). Ol nny€g Toug, wotdoo, SlaPEPOUV (MN.X.
KOTAYPAPES UAIKOU, KATAYPOAPEG AEITOUPYIKOU CUCTHHATOG KAl KOTAYPAPEG EQAPHOYWV),

avTikatonTpifovTag, £TAL, TNV OOHoPPIa Twv OEOOUEVWV.

H au&avopevn noAunAokOTNTa, TaXUTNTA, NOWKIAIO KOl OYKOG TwV KATAYPAPWY Nou napdyovtal and ta
dldgopa atolxeia Tou cloud kaBloTouv TNV avaAuaon Toug pa npokAnon MeydAwv Asdopévwy ( Big Data
challenge). Ze éva nepiBaAlov cloud, ol TEXVIKEG avixveuong avwpaAwwy ( anomaly detection ), nou
€EapTwvTal and axedov NANPWG OTATIOTIKEG KOl EUPETIKEG PUETPIKEG, €ival AlyOTEPO ANOTEAECUATIKEG
AOYW TNG KAHAKAG Twv NAATEOpHwY cloud Kal TNG HETABAAASHEVNG PUONG TWV POPTWYV EPYACIag Nou
€kTEAOUVTAL OE QUTEG. ESW, unelogpxeTal kAL n avaykn ya TV EQappoyn TeXVIKwv Mnxavikng Maénong
(ML) avti yia KAAOIKEG HABNUATIKEG pEBSOOUG, N onoieg anodelkvuovTal BLATEPA XPAOLEG.

‘Eva ouotnua daxeiptong diktuou pe xpron texvikwyv ML pnopei va uhonoinbei og €va KEVTPIKO
ouotnua oto cloud, To onoio onuaivel 6TL TOCO N KATACOKEUN HOVTEAOU OCO0 Kal N €Eaywyn
CUMNEPACUATWY YivovTal o€ pia povadik Tonobeoia, 6nwg €va KEVTPo dedopeEvwy f) €va site vEQoug.
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Qot0600, N XPrion Tou KEVTPLKOU VEPOUG YIO TOV EVTOMNIOUO AVWHOAALWY UNOPEL va NPOKAAEDEL PEeyAAn
kaBuotépnaon ( latency ), kaB’ &1L o€ AuTK TNV NPOCEYYLON, T dEdOUEVA ApXIKA, CUAAEYOvTAL and
Ol1Gpopoug alodnTAPEG GUVOAOU TOU OIKTUOU OE UG KEVTPIKNA TOnoBeaia, kATL nou anattei peyaio
€Upoug (wvng dIkTUou ( bandwidth ), kal ev ouvexeia, HeTA TNV eNeEepyacia TOUG OTNV KEVTPLKN
TonoBeaia cloud, To ofua eAéyxou npenel va oTaAei NAAL NiOw OTIG TEMKEG OUOKEUEG.

'ETol yevvdTal n 10€a uAonoinong evog cuoTApaTtog dlaxeiplong dikTuou pe xpARon ML og a

APXITEKTOVIKA UNoAoylopou atnv dkpn ( edge computing ). Z& auTtiv TNV TEXVIKA edge intelligence, evw

N KOTAOKEUN JOVTEAOU NPAYUATONOLEITAL O€ O KEVTPIKA TonoBeaia oto cloud, og avtiBeon pe tnv

KEVTPLIKA NPOCEYYLON, N anddoon yiveTal OTIG CUOKEUEG AKPNG ( edge ) avTi TNG KEVTPIKAG TonoBeaiag.

To anotéAeopa eival n peiwon kaBuotEpnong petddoaong, divovtag Tnv duvatdtnTa oe enegepyaoia

NPAYHATIKOU XPOVOU YO EQAPUOYEG YLIO ViXVEUOT KOl AnOKPLon 0€ aVWUOAIEG.

2uvoyidovtag, oTo NAaiolo auThG TNG EPYACIag T POVTEAA HNXAVIKAG paBnong nou Ba egeTaotouy,
€X0UV OKono TNV £vtagn Toug O€ KO aPXITEKTOVIKI MPOCAVATOAICHEVN NPOG TNV HEPLA Tou edge, Ue
okond TNV ypriyopn Kat anoTEAECUATIKA avixveuon avwpaAwy ot real time nepiBaiiovta.
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Aopn TG epyaciag

1. Cloud & Edge computing

e authv Tnv evotnTa, Ba neplypdgouv cuvonTikd ot texvoloyieg Cloud Computing kat Edge
Computing. ©a avag@epBouv, akdud, Ol BACIKEG OPXEG, TA NAEOVEKTHATA KAL OL NEPLOPLOUOL TNG KABE
Texvoloyiag, kabwg kal napadeiypata yia Tnv Xpnon tous. Eniong, 6a €Enynbouv oL dla@opeg peTagu

TOUG, KaBWG OUWG Kal N CUVEPYACIa TOUG YIa TNV NAPOXK ANOTEAECUATIKWY UNNPECLWV.

2. DDoS o€ Cloud & Edge vtodouég

>e authv Tnv evotnTa, Ba eEetaoctouv ot DDoS enibéoelg (Distributed Denial of Service) kat o Tpénog pe
Tov onoiov ennpedlouv TIG unodopég Tou Cloud & Edge Computing. @a avaAuBouv ol kUptot Tunot
embeoewv oe OopEG cloud Kal edge Kal oL avTiOTOLXEG ENNTWOELG TOUG. AKOUa, Ba avagepBolv
napadeiyaTa NPAYHATIKWY ENBECEWY NOU £X0UV CUUBEL o€ PHEYANEG ETALPEIEC KL UNNPETIES, KAl NWG

oL DDoS emBéaelg pnopouv va npokaAEgouv coBapd NPofARUATA AC0@PAAELOG KAl anodoTIKOTNTAG.

3. AAyopOuor yia aviyvevon DDoS emiBéoswv
>e authv Tnv evotnTa, Ba eEetdooupe dlaopoug alyopiBoug Nou XpnoteonolouvTal yia Tnyv avixveuaon
Twv enBeoswv DDoS og unodopég Cloud & Edge. ©a neplypdgouv oL dLldgopeG KaTnyopieg LeBOdwY
HNXaVIKEG padnong ( supervised / unsupervised ), kKaBwG Kat oL eNKPATESTEPEG PEBODOL yia TNV
avixveuon TETolou €idoug enBEoewyv, AKOa, Ba avaAuBei N anoTEAEOUATIKOTNTA TWV aAyopiBuwy Kal ot

NPOKAACELG NOU aVTIHETWNI(OUV KATA TNV avTIHeETWNoN emBéocswv DDoS.

4. Ylomoinon - [Ipocopowoelg - Tuykpiloelg
>e authv TNV evoTnTa, Ba Napouctdooupe dLAPopeG UAOMOLAOCELG aAyopiBuwy avixveuong DDoS oe
unodopég Cloud & Edge Computing. Oa neptypdyoupe Tov TPONOo UAOMOINONG AUTWY Twv aAyopLlBpwy,
KOl €V OUVEXELD, Ba NAPOUCIACOUE TA ANOTEAECUATA AN TIG UAOMOINCELG, NOPEXOVTAG OTATIOTIKA
OedopEVa KAl Ypa@ruaTa nou Ogixvouv TNV anoTeAeoUaTIKOTNTA TOUg otnv avixveuan DDoS
enBEcewy. Oa CUYKPIVOUHE T ANOTEAECUATA HETAEU BLAPOPETIKWV OAYOPIBuWY Kal Ba avaAUCOUE TIG
€MOOOEIG TOUG OE CUYKEKPLUEVA OEVAPLA KAl YOPTIO EPYATIAG. 2TO TUAMA auTO, Ba £0TIACOUE OTIG
OLOQOPEG KAl T NAEOVEKTAATA KABE UAONOINONG, MPOKEUEVOU VA KATAVOROCOULE TIG NPAKTIKEG
ENNTWOELG TNG eMA0YNG alyopiBuwy avixveuong DDoS o unodopég Cloud & Edge Computing.

5. ZUUTEPACHATA
2710 TeAeUTAIO PEPOG, Ba NOPOUCIACOUE TA CUUNEPACUATA NOU NPOKUNTOUV and Tnv avaiuan nou
£xoupe dleknepawael. Enonuaivovtat ot npokAARCELG Kat oL MBavEG BEATIWOELG OTOV TOUEQ TNG
avixveuong DDoS enBéoewv og unodopeg cloud kat edge computing kat nwg ot aAyoéplBuot avixveuong
HMOpOUV va oUVOPAUOUV OTNV evioxuon TG ao@AaAelng. Oa oculntriooupe NBavEg PEANOVTIKEG EEENEELG
Kal BeATuWoELG yia TNV npootacia and DDoS eniBoelg, kat nwg n cuvepyaoia petagu Cloud & Edge

pnopei va BeATWaoEL TNV anddoaon Kal TNV ao@AAELd TwV UNNPECLWY.
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Kepalaio .Z

Cloud xot Edge computing

1.1 Cloud computing

To cloud computing amoteAet pia. cOYYpovn TeXVoLOYio TG 0TOiNG 0 OPIoUOC
epAaUPAvEL TNV TOPOYY] VTOAOYIGTIKAOV VANPESIOV HECH TOL dladiktHov. ‘Etot, avti yio mv
amofnKevon Kat ypNoN, €V OALYO1G «PLLOEEVION, EPAPULOYDV, BAGEDV dEOUEVMV I
VIOAOYIOTIKOV TOPWV OE TOTIKOVG SEIVEr 1| 6€ TPOcOTIKEG GLOKEVEC, To cloud computing
TPOCPEPEL TNV SVVATOTNTO GTOVG YPNOTES VO EYOVV TPOSPacn Kot SuvaTdTNTO ¥PNoNG TOV
TOPOTAV® VINPECLAV, €€ AMOCTAGEMS LEGH TOV HLAOKTHOV.

To cloud computing cav 16a, Tael Ticw
j% OPKETEG OEKOETIES, AALL O OPIGLAC TOV,
Omwg to EEpove onpepa Kol OTmG
!4 Eexivnoe va yivetan evpémg YvwoTo,
cescors tomrofeteitan oo péca TG dekaeTiog

Servers

Application

frm— [l ,
— s _— &l 2000 pe 2010. Tig dexaetiec Tov 60 ko
onitoring = -~ Collaboration 2 . inance ; , L.
Content e Commuricaton " >70, cuvelneOn N 16éa Tov utility
Platform . ,
= —_— computing, o «pdyovogy tov cloud
% =l ("I g computing, pe Tovg epevyNTéC VL
oo s . EMSUDKOVY TNV TTOPOYH VITOAOYIGTIKDV
Infrastructure n poxN i
1 . a VINPEGLOV GV ONUOCIH VINPEGTA, OTWS
‘/‘ h (| 7 e by
i Compute (e . ﬁ 70 pevpa. Tnv dexaetio tov 90, o

Block Storage

Phones Tablets

ETOPIEG TNAETIKOIVOVIDV APYLOAY VO,
npoceépovv VPNs (Virtual Private
Networks) kot 1kovikog 101mTIKoHE
server, O¢tovtag o mpaypatikd Bepéio yio To cloud computing. To 2002. n Amazon
napovcioce to Amazon Web Services (AWS), 1o omoio tpocépepe amodnKevTikd ydpo Kot
VIOAOYIGTIKEG VANPEGieg o€ meptPdarov vépoug (cloud). Me v dnpotikdtta Tov cloud va
avédavetoat, to 2006 1 AWS mapovciooe to Elastic Compute Cloud (EC2), emitpénovtog nAéov
OTOLG XPNOTES VO VOIKIALOUV KT’ amaitnon eikovikég unyavec. Méypt o téhog ¢ dekaetiog
tov 2000, ka1 dAlot Texvoroyikol Titdveg slonAbav oty ayopd tov cloud computing, 6nmg n
Google ka1 1 Microsoft, pe tig cloud vanpeoieg Google App Engine kot Microsoft Azure,
avtiotoyo. And 10 2010 £mg Kot orjuepa, to cloud computing €xel avamtoydei poydaia, pe
TEPLGGOTEPOVS TPOUNOEVLTEG KOl dLOPKDG EEEMTTOLEVES VIINPETTES KOl TEXVOAOYIES, KAVOVTOG
TO OVOTOOTOOTO KOUUATL TOV TPOKTIKOV OTIC EMLYELPTOELS KoL TNG GVYYPOVNG TEXVoroYiac[2].

Ewova 1 Mo "uetapopikn" amtetkovion tou cloud
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1.2 MovtéAda cloud computing

To cloud computing ywpiletar Tvmikd 6€ Tpio Poctkd LOVTELD DINPECIDOV:

1. Software-as-a-Service ( SaaS ): To povtédo
«Aoylopikd cav Yrnpecsion teptypaeet tnv
duvaTOHTNTO TOPOYNS TPOS PO GTOVG
YPNOTEG 08 £PapuoYEG Aoylopkob oto cloud.
"Eto1, o1 exdotote ypnoteg, umopoHv va
YPNOLLOTOLOVV OVTES TIC EPAPLOYEG LEG® TOV
dadiktvoov (web browser), ywpig va vapyst n
avayKn o€ KotéPaca, EYKATAGTACT) Kol
dlTpnon Tov Aoyispkoy tomikd. Kdmnowo
onuovtikd tapadeiypata givar to Google
Workspace, to Microsoft 365, to Salesforce,
kot to Dropbox. Ta mAeovekTnpaTo TOL
LOVTELOL £YOLV VO KAVOLV LLE TNV EVKOAN
TpocPacipotnta, Onme eEnyndnke topomdve
amo v 101a TNV eVOT Tov SaaS, aAAd Kot TIC
avTopate evnuepmaoel; (updates), agpov ot

Cloud clients
Web browser, mobile app, thin client,
loT devices, machines, ...

&

Cloud application (SaaS)
CRM, ERP, web conferencing, group chat, email,
analytics, virtual desktop, games, ...

Resources

Clopd platform (PaaS) .
Application runtime, database, web  (es serveriess)
server, developer services, data lake, ...

Cloud infrastructure (laaS)
Virtual machines, bare metal servers,
storage, load balancers, networking, ...

Rescurces less.
obstracted

Deployment model
Public cloud, hybrid cloud, multicloud,
private cloud

Ewova 2 To povtéda cloud computing
totoV¥etnuéva o€ otoiBa

EVILEPDOELG AOYIGUIKOD KO 1) GUVTHPNOT) TOV

EQAPUOYDV Elvar oTa XEPLOL TOV TPoun eVt TV VANpPecL®V (provider),
e€ao@aMlovTag Ta O GVYYPOVA YOUPAKTNPIGTIKA Y10 TNV EQPOPULOYNG KoL
evnuepouéveg ac@dietes. TELOG, VTTAPYEL OIKOVOLUIKT] OTOSOTIKOTNTA, POV O ASEIEG
AOYIoHIKOV Yo KAOE xpnot dev etvan amapaitntes kot ot avdykeg yio IT cuvimpnon
elval Myotepeg.

2. Platform-as-a-Service ( PaaS ): To povtélo «IThatedpua cav Yanpecion
TPOGPEPEL TNV YPNOT TAATOEOPLOG Kot TEPIPAAAOVTOG EpYasiag Yia
TPOYPOUUATIOTEG, MOTE VO YTIGOLV, VO EQAPLOGOVY KOl VO SLOYELPLOTOVV EQAPUOYES
AOYIoUIKOV Ympic, OUMC, VO LITAPYEL | TOADTAOKT OVAYK OVTILETOTIONG
VTOKEILEVNG VTTOOOUNG. AVTO EMTPEMEL GTOVG TPOYPUUUATIOTEG TO YPAYILO KOOTKO
anpOoKONTA, KAOMG 0 TpounBev g avaiapPavel Tnv dtayeipion tov TepPAAlovtoc
ekTéLeonc, Tov Aettovpykov kot Tov hardware. I'vootd PaaS eivon to Google App
Engine, Microsoft Azure App Service, ka1 Heroku. Ao ta mtapandvm, ebkolo
CLUTEPAIVETOL TG O YPOVOG AVATTUENG EPAUPLOYDV UTOPEL VO LELWOEL dpopLoTiKd.
Axopa, 6cov agpopd to PaasS, ot mAateoppes £xovv v duvatdTNTa VoL
KEMEKTEIVOLVY» ALTOLOTO EQOPLOYEC KOT ™ omaitnon, xopic avaykn yio tapépPoon.

3. Infrastructure-as-a-Service ( 1aaS ): To povtého «Ymodoun cav Yanpecion»
TPOGPEPEL TNV OLVATOTNTA EVOIKINONG EIKOVIKDOV HUNYOVAV, YDPOL amobKELOTG Kot
OTOEI®MV JIKTLMONG KOT  OmaiTnoN, 0ivoVTIag GTOVG XPNOTES TEPICCOTEPO EAEYYO
GTNV VIOKEILEVN VTTOJOUT|, KOAOIGTMOVTAG TO LOVTEAO 1OOVIKO Y10, ETLYEIPT|CELS LUE
ovykekpuéveg avaykeg IT. Fvootd laaS eivar o Amazon Web Services (AWS),
Microsoft Azure ko Google Cloud Platform. Ta o@éAn tov povtédov laasS, eidikd
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Y0 TIG EMYEIPNOELS, Elvar 0 TANPNG ELEYYXOG TNG AVAYKNG OE EMITEO VITOSOUNG, TO
omoio petagpdletor og pelwon KOGTOVS, Le TNV pHeiwon 1 adénomn tovg, avloya pe
TO POPTO OOVAELAG KOL TNV APCT] TNG VITOYPEDTIKOTNTOG OyOpdiG Kot Ol TPNOoNG
evoikoy e&omhopov (hardware).

1.3 Baowa mAsovekTiuoata Tov cloud

To kaBe povtéro cloud computing Tpocpépet d1apopa enineda EAEYXOL Kot APopd.

OVLYKEKPLUEVO TTOPOSETYLLOTO TEPMTOCEMV YPHONG Kot ¥pnoT®dv. Qotéco, To cloud computing
néPa omo TIG EEIBIKEVUEVES VIINPEGIES IOV TPOCPEPEL, £)EL KATola Pacikd mieovekthuoto[3]
7ov Bondnocav oty d14doon Tov.

Khpdkoon: Eival daitepa yprioyn 1 pOOIIOT TV 0voyK®V 6€ DTOAOYIGTIKOVG
TOPOLG, TEPIGCOTEPOVG 1) AYOTEPOVS OVAAOYQ LLE TO OV Ol AVAYKES efvan ovENUEVES 1|
LLELOUEVES, PELDVOVTAG TO GUVOAKO KOGTOC, YAVTMVOVTAG TNV J10PKT) OTAGYOANGT TV
HEYIGT®V dUVATOV ‘TOPMV.

Owovopia: Aev givar mhéov anapaitnt n KatdOeon peydAwv kepaiaiov, yio v
andknon akpifov eEomiopov hardware Koabmg Kot TV VYNADY KOGTOV GUVTHPNONG
Kot otoTpnong ovt®v. To povtého pe TV S1opKn TANPOUT TOTOV GLVIPOUN, Bonbdet
otV dudTpnon kGAov TPoHTOAOYIGHOD, EWOIKOTEPA Y10, LKPEG eToupieg 1 Startups.

ELraotikotnra kot llposPacipétnre: Yndpyet ndva n suvatdomra npdcPaong and
0TO10ONTOTE GVOKELT] 1] omoia £xEl TPOSPacn 610 dtadikTvo. EEacpaiileTon £To1 1
€VKOMa 6TV gpyacio €& AMOGTAGEWS GTNV GLVEPYOTin 0AAY KOl 6TV TPOGROCT GE
dedopéva Kot EQOPUOYES amd TOVTOV, OIVOVTOC LEYOAN «KIVITIKOTITOY.

Yuvtipnon ko Evnuepdoeig: O mpounfevtéc tov vanpesiov cloud avolapfdvovv
€EOLOKAN POV TIG EVILEPMTELS, TIG SOPODGELS KA TIG EPYAGIEC GLVINPNONG, TAIPVOVTOGS
70 BApog avtd amd TOLS ‘O®UOVE TV XPNOTAOV, Ol OTOI0L UTOPOVV VO YPNCLOTOLOVY TNV
vaANpPECio ATPOCKOTTA.

Ac@alewn: Or mpoundevtég vanpesiwv cloud TAnpdvovy adpd o pHETpa acPaAELog,
OMWG KPLTTOYPOUPNOELS, TEYT AoPaAEing Kol TOAV-eminedec peBOd0VE awbevTikomoinong
XPNOTOV, Y10 VO, TPOGTATEVOLV Ta. evaicONTO dedopéva Kot ePapproyEg and ametdéc. Ot
€101KEVGELS KOl 01 TTOPOL TTOV YPNGLLOTOI0VV GUY VA EEMEPVOVV KOl TO TPOTVTOL TWV
eEEOIKEVUEVOV OPYOVICUDV.

Meppariovriké avriktomo: H Beltiotonompuévn ypron kot 1 duvatoTnTo Amod0TIKNG
«KOWVOYPNGLOG» DTOAOYIGTIKAV TOPM®V, LELOVEL TIG AVAYKEG GE XPNON EVEPYELNS KO
APNVEL UKPATEPO ATOTOTTM LA O10EE1010V GvBpaka e GYEoN LE TIC TAPAUSOCIOKEG
uebodovg LVAIKGV KEVIpov dedopévav (data centers).
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1.4 Edge computing

H 18¢éa Tov edge computing a@opd, 0OVGLOGTIKA, TNV aVATTVLEN VITOAOYIGTIKOV KOl
Ao KEVTIKAOV TOPMV KOVTA oTNV Tonobesio onpovpyiog tov dedopévov. [To cuykekpyiéva,
etvar éva kaToveUnIEVO VTOAOYIGTIKO TPATLTO, OV TomofeTel TV enelepyacio Kot
amof1KeLOT 0ESOUEVAV TTLO KOVTA GTNV TNYN TOVS, OVGLOGTIKE GTNV «AKpM» TOL dIKTHOL, GE
avtifeon pe 1o mo cvvnbeg “kevipikd TpocavatoMcpuévo mpog to cloud” apotumo. Iap dtin
10€0 KATOVEUTLEVOV DTTOAOYIGTIKMOV LOVTEA®V, OEV EIVOL KOVOVPYLQ, 1) ATOUAKPVVGT] 0t TO
Tapad0G1oKO TPOTLTO, e KEVTPO Tov To cloud, vtod Tov EOPo Eviovng uelétng Kot
TopAKoA0VON NG, OMOPEVYETAL.

Compare edge cloud vs. cloud
computing vs. edge computing

Cloud computing
Centralized
High-pracessing and compute power
High latency
Al-procassing power
Cybersecure
Greatest storage capacity

Edge cloud +
Decentralized

Dedicated bandwidth
1t needed
Al-processing power + Edge computing
Naetworking effect with other Decentralzed
edpe site nodes Lo mat babermey
Cylbrersecure Saves bandwidth
Processing and networking
mitations
Potential dat;
loT eybersecurity

devices

N aned
ris

Ewova 3 M oUykpion twv cloud edge, cloud computing kat edge computing o€ oxéon pe cuokeveg loT

[Map’ 611 T0 edge computing , cav évvola Oyt uovo givar kovtd oto cloud kot oto fog
computing, aAAd VITAPYOLY KoL CTUEIR TOV Ol EVVOLEC EMKAADTTOVTOL, €V TOVTOLG Elvat
drapopetikég Evvoteg kat 0gv Ba mpémet va cuyyxéovtat. [apaxdto, Oa yivelr extevéotepn
obOykplon tov edge kot cloud, oAAd Tpog to Tapdv B dovpe ndVo KATOLo CNUOVTIKE, Y10 TO
edge, otoyeio. ApyiKd, Kot Ol TPEIS EVVOIEG HAGVE Y10 EVOL KOTOVEUNLEVO VITOAOYIGTIKO
CUGTNLO, KOl ETKEVIPOVOVTOL GTO LEPOG GTO OTOI0 VILAPYOLY Ol LOVADES EMEEEPYATTOG KO
amofnkevong oe oyéon e Ta dedopéva mov mapdyovtal. H dtapopd £ykettol 6To «movy
tonobeTovvTol avTég o1 dopéc. Me Alya Adyia, oto edge computing, ot dopég eivat Kovto ota
dedopéva Kot pakpld amd to kEvTpikég douéc, oto fog computing, ot dopég givar avapeoa, ovte
710 KOVTA, 00TE O LOKPLd omd TV Tyn, ko téAog to cloud computing, Tov umoaivel 6tov poAo
™G KEVIPIKMOV doumv[4].

H avantuén doudv enelepyaciog Kot amodnkevong 0e00UEVOV EKEL TOL ONLLOVPYOVVTOL

Ta dedopéva, To edge computing pmopei va dtoyelplotel TOAES GLOKEVEG GE £VO, TTOAD
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Hikpotepo kot o amokpicpo LAN (Local Area Network), oto omoio 6Ao to bandwidth
YPNOUYLOTOIEITOL OTOKAEIGTIKA OO TOL TOTKES GUCKEVEG TAPAYMYNG OEOOUEVMV, KANGTOVTOS TO
latency ka1 congestion mpoktikd avomoapkto. To oud dedopéva, amodnkebovral Kot
TPOCTOTEVOVTOL, KOl OV XPEWGTEL Tpo-ene&epydlovTal, TPOKEWEVOD va TapOOVY amoPAcELg
TPAYLOTIKOD YPOVOL TPV OTOGTAAOVY Ta OTOTEAEGLATA TTPOG TO KeVTplko cloud.

H dnpotikdémra tov edge computing av&avetat S10pK®G, YLOTi TPOGPEPEL L0 OTOSOTIKY
AOom ota TPOPANUATO TOL YEVVAVTOL [LE TNV LETAKIVION TEPAGTIOV GYK®OV dEdOUEVMV, TOV OL
oLYYPOVOL OpYaVIGHOT TapdyovV Kol Katavaimvouy. EmmAéov, mépa amd to mpoPAnua tov
OyKov, VILAPYEL Kot TO BENAL TG TOYVTNTOG, LE TIC EQAPUOYES VA Elval eEAPTUEVEG OAO Kot
TEPIGGOTEPO LLE TOVG YPOVOVG enelepyaciog Kot amdkpione. Ot cuokevég edge (m.y. GLOKEVES
[0T, ousOntpeg, mOAEC), £xovv TNV OLVATOTNTO GLAAOYNG Kol EMEEEPYOGIOG OEOOUEVAOV TOMIKAL,
oV KOl GLYVA amoTovV KATL Topamave ond Eva amdd E0TMGUO Y10 VoL AEITOVPYHCOVY GE EVa
LAN. Zvyvéd, ot vtoAoyiotikdg eE0mAMopdg eivol BopaKIGUEVOS Y10 VO TPOGTATEVETAL OO
Oepuoxpaocies, vypacio Kot GAlovg eEmTepikovg Tapdyovtes. Ocov apopd TNV LITOAOYICTIKN
KOvOTNTO, LTOPOVY VL GNKAOGOLV HKPO-EPAPUOYES KO VOL KAVOLV £VOL apYIKO GIATPAPICLLAL,
OM®G KOl KATO0 KOVOVIKOTOIN o™ 6Ty por| TV dedopévev . Ev cuveyeia, pévo avtd mov Egovv
onuooia 1 &govv 16N mpo-enelepyaotei Oa amootalodyv 610 Kevrpikd cvotnua cloud, yia
nePETAip® avaAivomn N amodnkevon.

1.5 Baowda mAsovektiuata Tov edge

Ta mo onuavtikd Theovektipata tov edge computing cvuvoyilovton mapakdto[5]:

e Bandwidth (Evpog {dvng): H mocdtto dedopévaov mov Umopel va S1oKvioeL £va
diktvo, exkppalouevn o bits/sec. Ola ta diktva Egovv Teploptopnd oto bandwidth, kot
E01KA OTAV LUAGLE Y10 acVppaTa SiKTLa, OTTOL Kol TO TPOPANLA ival akOpa TTo £VTOVO.
SVVETMG, LIAPYEL OPLO Y10, TO TOGO dESOUEVO UTOPOHV Va ‘emkotvavnBodv’’ oe Eva
diktvo.

e Latency (KaBvotépnon): O ypdvog mov yperaletar yio va otalBovv dedopéva netaly
000 onueiov og éva dikTvo. AKOUA Kot oV To, GILATO, TOEWOEVOLV [LE TNV TAXVTNTO TOV
PMTOG, LEYOLES PLOIKEG OMOGTAGELS GE GLVOLAGHO LLE TNV GLUEOPNOY|, LTOPOVV VO
dNpovpyRcovy kabvotepnoels. AVTEG 01 KOBVGTEPNGELS, 00N YOUV GE MO OPYES
OVOADGELS KOl KOO TTLO OPYES OTTOPACELS, LEUDVOVTOG TNV dVVOTOTNTO ATOKPLoNg EVOG
GLOTNLOTOG GE TPAYLATIKO YPOVO.

e Congestion (Zop@opnon): To internet anoteAei évo ToryKOGUIO SIKTLO SIKTVMOV. AV Kot
&xetl eEeMytel pe TpOTO OV VoL UTTOPETL VL TPOGPEPEL TTOAD KOAES YEVIKOD TOHTOV
avTaALaYEG dESOUEVOV, OTTMG Eva. apyeio 1} KAmolo Streaming, dtav wiAdpe yio
OlGEKATOUUDYPLO. GUGKEVMV, 1 TOGHTNTO TOV SEGOUEVOV UITOPEL VO KATOKAVGEL TO
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internet kot va SnOVPYNCEL LEYAAT GUUEOPN O, ONUIOVPYDVTOS TEPAGTIEG
KaBLGTEPNOELS.

e Avtovopio: Xe Tonobecieg dmwg e£€dpeg avtAnong tetperaiov, mhoia oty BdAacaa,
OTTOLLOVOLEVES PAPLEG I GALEG amopakpLGUEVES TOTOBEGTES, 1 a&1dmioT chVOEST Kot
10 peydio bandwidth, dev givon duvatd. To edge computing, umopet vo kévet Tovg
QAP AT TOVE VITOAOYIGHOVG, OKOLO Ko 0TI GUGKEVEG TOV edge, 1 Kot vo, amobnkevoet
T dedopéva péxpt va amokotactadel po otabepn cvvdeor. Me vy mpo eneepyacia
TOV 0E00UEVOV, TO TEMKO TANO0G TOV UTOPEL VO OTOGTOAEL LEUDVETOL dPACTIKA KO
ypedletar Ayotepo ypdvo cuvdeonc Kot pikpdtepo bandwidth.

o  Kuprwapyio dedopévov: [1épa amd 1o mpdfAnLa TOL OYKOL GTNV LETAPOPA, TOAAES
QopéG Ta dedopéva Talldedovtag oe AALa £0vn Kot TEPLOYES, ONOVPYOVV Kot
TPOPANUATO ACPALELNS, IOOTIKOTNTAG KO AAA®V €100V vopikd (ntpata. To edge
umopel va ypnoiporom et yioo v 010t pnor TV 0E00UEVOV KOVTH GTNV TNYY| TOVG,
TNPAOVTOG TOLG VOLOLGS TNG Kuprapyioag Twv dedouévav, 6mmg 1o GDPR g EE, mov
kaBopilel 10 TmG Ta dedopéva TPEmeL va amobnkevovTal, enelepydlovtan Kot
onuootevovtal. 'Etot, to opd dedopéva, umopodv va eneEepyaloviot mpdTa TOTIKA,
ac@aAifovtag o gvaicOnta onueia, Tpotod yivouy dabéoiua oto cloud 1 og kGmolo
A0 TPpOTAPYIKO KEVTPO OEOOUEVDV, TO 0TTOi0 Pmopel va ivatl GAANG dtkaodocio.

e Aocoarewn: Ilpopavag, n évraén evog axoua oTadpol avapuesa oTny Ty Tov
J€dOUEVMV KOl TOV OTOL0 TPOOPIGHO TOVGS, SIVEL TNV SUVATOTNTO Yol piol KOO
epappoyn néEtpov aceaieioc. O edge pumopel va mpoceEpel kKpumToypdenom
ac@aAiCovtag 6o ta dedouéva Tov Kivobvtat Tpog tov cloud ko pmopel kat id1og va
Bopakiotel pe kaAvtepeg auuveg evavtio o hackers 1 dAleg embécels.

1.6 Cloud ko Edge

To uéliov tov cloud computing o cuvepyacio pe o edge computing dwaypdgetar Aapmpod
KO OVOUEVETOL VO PEPEL EMOVACTOCT) GTOV TPOTO LE TOV 0Toio Ta dedopéva enelepyalovton Ko
SwyepiCovrat. ITapakdrto avapépovior kdmolo onUEIN-KAEWOLL OGOV OPOPA TO OTOTHITMLOL
GUYKALONG OLTOV TV OVO TEYVOLOYUDV:

1. Karavepunuévny vonpoodvn: H evooudtoon tov edge kat tov cloud Oa odnyfost o
akopo o Kataveunpéva, kat Evmva cvotiuata. Ot cuokevég edge Ba yivouv mio
JUVATEG, IKOVEG VO, OLEKTEPALDVOLV TPOYWPNUEVT enelepyacio Kol ANy amo@dcemv
Tomikd, evd to cloud Ba avaloufdvel ToAvcHVOETEG OVAADGELS KOl EPYOUCIES LUNYOVIKNG

padnong.

2. Emiyvoon nmpaypatikoo ypovov: H cvvepyacio twv edge kot cloud Bo emitpénel otoug
OPYAVIGHOVG VO OTOKTOVY TANPOPOpia omd Ta dedopéva o€ Tpayuatikod ypdvo. O edge
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0o emeEepydleTor To OEOOUEVO A0 TV TNYT TOVGS, dIVOVTOS AUEST] TANPOPOPT O, EVD TO
cloud 6o kdaver extevéoTtepn avaivomn Yo 0TOGTACT XPNOIUOV Kot TOADTAOK®V HOTIPOV.

Avtévopa cvotipata: To edge computing sivat amapaitnto yio tnv avamtoén
AVTOVOU®V GLGTNUATOV, OGS TO. AVTOOOTYOLEVH avToKivnTa. Tétown cuotuata,
ypeldlovion TV dpecn ANy amopace®my Kot T dvvatdtnta enelepyaciog Oed0UEVOV
o€ TPAYLOTIKO POV, oV Tpocpépet o edge, pe to cloud va avaiappdaver tnv pabnon
Kot Vv Pertiotomoinon Toug.

Metapopewon tov IoT: O cuvdvacudc tov cloud/edge Oa eivar n kivneiplog dvvaun
omv dvBion tov loT, emrpémovtag adidkonr emkovavia, eneepyacio Kot dtoyeipion
ovokev®v 10T, pe amotéleopa mo amrodoTKA Kot KOAVTEPO GLVIEIEUEVOL
OUKOGUGTNLOLTAL.

5G kar Edge: H avantuén tov diktdwv 5G Oa anoteléoel cuvetaipo tov edge
computing pe Tic peydieg tayvtnteg internet kot v cvvdecipuotnta pe pikpo latency. O
véog avtdg cuvdvacOg Ba emTpéyel VEES QUPLOYEG O TEdTD OGS 1) EmALENLEVT
TPOYLATIKOTNTA 1] 1) EIKOVIKY] TPOYUATIKOTITOL.

Ac@drero, SIKTO®V: Me TV avaAlvon TpoyloTikod ypovov g Kivnong oto dikTuo Kot
To petmpéva, latency, o edge Oa pmopei va evroniel dueoa embéoelg ki vmomteg
ovumePLPopES Kat vo Tig avayortilel tomkd. To cloud, an’ v dAAn, uropei va
avaAapPaverl TNy eknaidevon LOVIEA®Y UNYaVIKNG Labnong mov givol vToAoYIGTIKA
OTTOLTNTIKEG, Y10 EVTOTIGUO TETOIWV EMBECEDV Kol ExovTas TPOGPaoT o€ TayKOGLLOG
KAMpoKog 6edopéva, Vo ToL EMAVEKTOLOEVEL, ONUOVPYADVTOG L0 VOTLLOGUVT TTPOLYLOTIKOD
YPOVOL EVAVTIOL GE TETOEG OMEIALG.
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Kepalaio 2

DDoS o€ Cloud xat Edge vitodopéc

2.1 EmiOeom DDoS

M emiBeomn DoS (Denial of Service) givon pia kakdfovin tpoomddeia amd £va ATopo 1
po opdoa atdpmy vo TpoKaAEsel 6to OO, ToV 16TOTOMO 1| 08 Koo kKopPo va “‘apvnbel’” v
vanpecio 6Tovg TEAdTES Tov. Otav avt N Tpoomdheio TPOEPYETOL OO EVA LLOVO VTOAOYIOTN
TOV O1KTHOV, amotelel o eniBeon DoS. Ao v GAAn, ivor duvatdv moArol kakdBoviot
VIOAOYIGTEG VL GLVTOVILOVTOL Y10 VO KOTAKAVGOVV TOV GTOYO e TANOmpa Takétwv entfeonc,
wote 1 enifeon va Aappdvel xydpa tovtdypova amd ToAAd onueio. Avtodg o oo nifeonc,
givar avtog mov ovopaletar Kataveunuévn Enifeon Apvnong Yanpeoiog 1 DDoS (Distributed
Deny of Service).
Mua eniBeon DDoS pumopel va mparypotonom0et ypnoioroidvTog 0VTOUATOTOIEVA
epyareia emiBeonc. Opiopéva epyadeio eniBeong etvar ta:
-faciouéva oe KTPAKTOPESH, L€ TOV GLVOLACLO TPUKTOP®V KOl EAEYKTOV Vo Yveopilovv o
£Vag TNV TOVTOTNTO TOL AAAOL
-paagiouéva oe IRC (Internet Relay Chat), e TV emKowvovia yivetot EUpecsa, xopig va
yvopilovtol petagd Toug.
[Ipdécparta, ot

’.-T-;.I EMOECELS OTIC

ﬂ +1 Attacker , /.

e 3 EPAPLOYEG 16TOD
\ gywvav KOplog

I oT0)0G, KaOMS ot

avtioToreg AoELg

DDoS

aviomokpivovtay

I OTOTEAECUATIKA OTIG
VILaPYOVGES
emBéoelg DDoS. Ot
embéoelg oe eninedo
EPAPUOYNG
TPOGOLOIDVOLV TNV

: Ot ovvToEn

Cloud (Target) OLTNLOLTOG KO TOL

E -
Handler rl Handler

Zombie

Zombie n Iumlm

Ewova 4 Mpooopoiwon eniSsong DDoS os cloud XOPOKTNPLOTIKA
SIKTHOL OTTWG AVTA

TOV VOLUU®V TEAATOV, KOOIGTOVTOG TIC ETOEGEIS TOAD SLGKOAATEPO Vo aviyveELOOVY Kot Vo
AVTILETOTIGTOVV, 0OV OVGKOAO dLoKPIvOVTaL Ao TV Kovovikn Kivnon diktvov. Emiong, to
oLOTNO-6TOYOG Uropel va mANyel aveEdptnTa amd TV amdd06N TOL VAIKOV, d10TL UIopel va
KOTaoTPAPEl omAd omd moAvmAn0eic pikpég cuvdioels kat evépyeteg [6].
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2.2 Katnyoplomoinon emOéoewv DDoS

[Mapd v Bapvydovmn onpacio tov emBécewv DDOS, ot andmepes yio pia tagvounon
avtob ToV £ld0oVg TV emBécemv oto cloud, eivon apketd mepropiopévec. Ot Deshmukh ko
Devadkar (2015)[7], yopicave Tig embéoeig DDoS oe embioei pe oxond v e&dviinon tov
g0povg Ldvng Kot pe okomo v e&dviAnon tov topmv. 1o Cha kot Kim (2011), o1 emBéoeig
DDoS mov otoyxevovv tig Web-vrnpecieg tov cloud, katnyoplomomOnkay og embéceig
vrepueyéBouvg Poptiov, 6€ AVAYKAOGTIKNG avaAvong kot emBEcelg TAnupvpog, eved ot (Wong kot
Tan, 2014; Bhuyan k.d., 2015)[8] xatnyoplonoincav 115 embécelg DDoS oe embéoeic oe
eninedo voooung (OSI Enineda 3 ko 4) ko embéceic og eninedo epappoyng (OSI Eninedo 7),
6mov OSI (Open Systems Interconnection), sivat £va LOVTELO TTOL GTLAEL TNV EXKOWVOViR EVOG
VTOAOYIGTIKOV GUGTHLOTOC G€ 7 emimeda:

1) @vowko 2) Zovoéapon Aedouévav 3) Aiktdov 4) Metdaodoons
5) Zvvedpiog 6) [lopovaoioong 7) Epapuoyng.

210 TAO{C10 0V TNG TNG SIMAMUATIKNG, O 0KOAOVONGOLLLE TNV KATIYOPLOTOiNGCT) TOV
Osanaiye, Choo kot Dlodlo (2016)[9], pe tqv Aoy ta&vounong o€ eninedo 6OAALATOC
EQOPUOYNG Ko EMBECELG O EMMEOO VITOOOUN|G.

‘ DDoS Attack in Cloud

! }

‘ Application-bug Level Infrastructural Level
I
—» System weakness
|
|_»| Outdated patches
v ¥ IP Spoofing
Network Layer DDoS Application Layer
—» Misconfiguration Attack DDoS Attack
| Protocol Vulnerability

Ewkova 5 Taéwvounon emdeoswv DDoS oto cloud.

2.2.1 EmO¢ocig DDoS o€ eninedo spappoymg

Av1oV 10V €id0VG 01 EMBETEIC EKUETOAAEDOVTAL TPOTAE onueia 1] advvapieg TOV
GLGTNUOTOG, LE OKOTO VO KATAGTHGOLV Un 01a0€o1ong toug topovg tov cloud yia tovg
ypNnotes. Ot emtiBépevot xpnoomolovy d1deopes HEBOSOVG Yo VOL VITEPPOPTMCOVY EQPAPLOYES
KOl VO TIG TPOKAAEGOVV VO KATAPPEVGOVV. AVALEGH GTIG Lo GLVNOEIS KaTELBVVGELS, givar
evmadn TpOTOKOALN, AdVVOUIEC GTO GVGTNIA, TOAMES EVIUEPDGELS Kot AdBog pvOuicels. 'Eva
nopadetypa enifeons evmabohs TPOTOKOALOV, VAL 1) ATOGTOAYN TAKETOV, OO TOLG
eMTIOEUEVOVG GTOV GTOYO, EWOIKE OMLOVPYNLEVOL Y10 TNV VIEPPOPTOCT TNG EPAPLOYNG Kol
TeEMKOC TV Kotappevor . Ot Beitollahi kot tov Deconinck (2012)[10], | aAlidg to “ping of
death”, meprypdapouvv v xpnon evog makétov ping pe péyebog 65535 bytes, to omoio vrepPaiver
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10 emTpentd PEYIGTO TOov TOTOVL IPV4. e avti TV Tepintwon o mo ToAAd poviépva
AELTOVPYIKA GLOTAUATO, LOALS TPOGTAOTGOVY VO SUYEPLGTOVY TETOLN TAKETA, TOYMDVOLYV,
KPOGGAPOLV KOl KAVOLV EnavEKKivNor, Adym vrepyeiMong.

2.2.2 EmO¢oeic DDoS o¢ eminedo vroooung

O1 0AMOG YVOOTEG, eMBEGEIG TANUUOPAS, GTOXEVOVY G GTotyeia Tov cloud, dnmg Tov
amoONKEVTIKO YMPO, TO VPO LDVNE d1kTLOL, TOVG KhKAOoVG Tov CPU Ko tovg TCP buffers, yua
V0. TOL KOTOOTAGOLV N dtabéotpa yio toug yprioteg tov cloud. Xe avtifeon e tig mponyovpueveg
EMOEELS, OVTEG EMKEVIPDOVOVTOL GTNV VIEPPOPTMCT] TOV VITOSOUDYV, LE GTOYO TNV SLOKOTN
otV Tapoyn vanpecidv. 'Eva akdpo ototyeio evkoriog og avtiv v eniBeon etvor mwg ot
emtiBépevol, ypetdlovtarl pdévo m o1evbvvon IP tov cuetpatoc-ctodYOoL, YWpic TV Vmapén
avaykng yio eDPECT| KATOl0G adLVapiag 6To cuoTNUA. AVTEG 01 embBéaelg ympilovtal g dvo
KOPLEG LOPPEC:

o Amevbciog emifeon ( Direct Attack ): e o enifeon amevbeiag, ypnoomotodvtot
Bopota pe eEreyyOIeEVOLG VTTOAOYIGTEG-COUML Yo va aTeihovy pio palikn TocotnTa
KOKOBOLA®MV TOKETOV PE GTOYO VAL VITEPPOPTDOTOVY TOLG TOPOLS TOV GLGTHLOTOG-
oTOY0V. AVTO £YEL MG OMOTEAEGHLO, TO GVGTNHA VO, UnV elval TAéov d1abéoio yio
voppovg xpnotes. Ot embéoelg amevbeiog PTopovV Vo YOPIGTOLV TEPAULTEP® GE
emBéoeig emumédov dwktvov DDoS ko embéceic emmédov epappoyng DDoS.

o Ernifcon uéow avaxiactijpa ( Reflector Attack ): e avto to gidog enibeonc, o
emTifépevog, vrokAéntel pa dtevbuvon IP kot otédver To aitnpa og éva peydio apOpo
KOUPoV avikiaonc. Otav to artquoata AneBodv, ot avaKAAcTNPEG GTEAVOLY TNV
amdvtnon otov otdyo IP, pe anotéheoua to mAinuudpiopa tov (Bhuyan k.a., 2014)[11].
"Eva mapdderypa ovtig g enifeong eivon pio eniBeomn smurf, n onoio die&dyeton
otéivovtag €va aitnpo ICMP echo wg pmvopo ekmoumg mpog kKOUPOLS 6To S1adIKTLO e
wa ewpoypévn dievbovon IP (v IP tov o16)0v) (Darwish «.d., 2013)[12]. Ot kdéupot
EVIGYDOLV TNV EMIBECT GTEAVOVTOG OAVTIOELS ping TPOS TOV 6TOY0. AAAa
napadeiyuata tétoiwv eniféccwv eivar ot SYN ACK RST flood ko DNS flood (Bhuyan
K.G., 2014).

> Amev0eiog eni@eon DDOS o€ enimedo otkT0V

Mo v mpaypatomroinon (o entfeong o eminedo dkTLOV, 01 Epevva EYEL OEiEel TMG TA
TPOTOKOALO TTOL VTLAPYOVV GTO EMTEOO OIKTLOV KO LETAPOPAS, LITOPOovV va, a&lomoinfodv yua
T0 TANUUOPIGHO TOV 6ToOYoL. Kowvd mapadeiypata t€toiwv enBécewv neptlopufavouv:

o Emifeon TCP SYN flooding: To TCP givau éva mpmoTOKOALO eMKOVOViOG 6TO EMinedo
LETOPOPAC TOL povtérov otoiffag TCP/IP. To khpio yapaktnptotikd tov givar pio
TPILEPNG YEPAYI TPV TNV 0TOOTOAN TakET®V petaé&d tv host, mpokeiévou va
edpaiwbei n emovovia. Katd v didpketo g xeipayiag, o host enikovoviag otéhvet
éva uivopa SYN, oto dAro host, 0 omoio anavtd pe éva pivopo SYN-ACK. H yepayia
oAokANpavetar pe éva akopa ACK, amd tov host emikowvoviag. Ot emtiféuevol
EKUETOAAEVOVTOL OVTO TO YOPOKTNPIOTIKO EMKOVAOVING, GTEAVOVTOG £Vl LEYOAO aplOpd

31



pnvopdtov SYN yopic OU®G Vo ETTPETOVLY TV OAOKANP®OT| TNG XEPpayiag,
TPOCKAADVTOG MLUL-0VOLYTEG CUVOECELS, 01 0TToieg eEQVTAOVY TN VAN TTLPTVOL
INUOVPYDVTOG TOALOTALG avabéoels pmhok petddoong (Wong kot Tan, 2014). Avtd
umopel va emtevyfel Katarlappfdvoviog ToAamTAovg KOUPOLS 6TO d1adiKTLO Yo TNV
deEaymyn cuvtoviopuévng emibeon. Avtég ol embéceic DDOS pmopovv va yivouv kot
YPNOLUOTOIDVTOS TEWPAYHEVES O1eVBVVaelg IP, katd tn didpkela TV omoiwv, TO TEAIKO
ACK mov amotteital yio va oAoKANp@Oei 1 yepayio dev Oa amootadel, kabmg o host pe
v mepaypévn IP Oa amavtioet pe onuoio RST 1 evoéyeton va unv vdpyet Kow.

Erifeon UDP flooding: To UDP &ivat eniong évo tpoTOKOALO LETAPOPES, TOV
ypnopomoleitan cuyva étav 1 a&lomoTio TG HETAO0ONG TAKETMVY dEV Elval
vroypemTikn. 'Eva mapddetypa ivat kotd ) S1dpKeELo TG LETOPOPAS EPOPLOYDV
TPOAYLOTIKOV XpOVOL, 0TS V1§ Kot Bivteo. To mpwtoékorro UDP, uropel va
expetorientel yia va Eekvioet embécelg DDoS, dnpiovpydvtog vrepdpdpo mokéto
UDP mpog tuyaieg 00pec tov otoyov cloud (Wong kot Tan, 2014). H enifeon
EKUETOAAEVETAL TO YOPOUKTNPLOTIKA EAAELYN G cVVOeon g host-peer kot a&lomoTtiog Tov
UD, otéAvovtag oyk®mon KakoBovAn Kukhopopiog Tpog Tov 61dy0, Yepiloviag v ovpd
avVOoLOVIG, epmodifovtag £Tot TIg amavTioeL Tpog Tovg ypnoteg (Rui k.d., 2009)[13]. To
xopaxtnplotikd EAdetyng a&lomotiog oto UDP dgv emtpénel 610 cuoTHO 6TOYO VO
pvBuicet To puOUO amosTOA G TaKETOV TV emtiBepuévav (Wong kot Tan, 2014).

Erifeon 1CMP flooding: To ICMP &ivat éva tpmtoékoiro IP mov pmopet va,
ypnouononBel yio Tov EAeyyo T™E TPEXOVGOS KATAGTAONC TNE S1KTVMOTG £vOG host. Ot
emtifépevol £govv ypnoyoromoet 1o ICMP yia embéoeig DDoS ot poper) smurf ko
ping flood (Wong ko Tan, 2014), ot omoieg d1e€dyovTon KatevbHVOVTOC TEPAGTIO TAKETA
ICMP mpog évav otdyo oty mpoondbeia katavdiwaong tov evpovg Lovng. Kot bt to
amoTéEAEGHLA Efvan 0 6TOYOG VoL UV umopel va avtomokpldel o g1GepOUEVO QLT LATOL
amd pNOTEG.

> AmevBeiog emiBeon DDoS o¢ eminedo spappoyng

O1 embBéceig DDOS o¢ eminedo epappoyng oto cloud, av&avovtar cuvéyeto kaTd TV

TAPOodo TOV YPOVOL, TOG0 o€ TANB0G 0G0 Kol 6€ TOAVTAOKATNTA. AVTEG 01 EMOEEIS PEIDVOLY
TNV TOPAYOYIKOTNTO, TNV TOLOTNTA TOPOYNS VANPESLOV, TNV TOLOTNTO TNG EUTEPIAG, TO KOPOG
Ko, TEAMK®G, £6000. Tov Tapoyov cloud. Avtéc o1 embéoeig, otoyedovv otig vanpeoieg cloud
YPNOUOTOIDVTOG TO TANUUOPLopa pe makéta kot cuviOmg HTTP floods, pe yniotdg pubuoig
Y10, VO KOTOKADGOVV TOVG S1oKOpIoTEG oV Prho&evovvtot oto cloud, pe okomd v mapepnddion
TOPOYNG VINPESLOV GTOVS ¥PNoTeS. TEToov gldovg embéoelg, eival SLGKOAEG OTNV
OVTILETOTIGT TOVG, APOV KOTOVOADVOLY UIKPO €0pog LDVNG Kot Elval IO KPLEOES ot UoN
tovG. Kowd mapadetypata tétoimv embécemv mepthapfdvouv:

Ermifeon HTTP flood: Ot (yvootéc ko wg H-DOS, oyedidotniay yio va tAnpopilovv
TOVG OLOKOUIOTEG 16TOD Kot TIG eapuoyég Tov cloud, ypnoomoudvtag mepaypéva,
nokéta HTTP (Choi x.d., 2014)[14], yopic anapaitnto vynAd pplud pong kuklopopiag.
[Mopdoetypa, o eniBeon HTTP GET pmopel va deknepoarwbei katolappavovrag,
apKeETOVS KOUPOVE 6TO SIKTLO Yo Vo SNUOVPYNGEL TOAAATAES GUVESPIES OUTNUAT®V GTO
000 TPOKEYWEVOL Vi TO KATAKAVGEL. Mia TpoOG@aTn avapopd yio TayKOGUIES EMOECELG
DDoS, arokaidmtel 0L mepinmov £va T€TOPTO TOV TPpEYOVOOV emBécewv DDoS
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oToYXeVOVV 010 eminedo epapuoyng (Wong kot Tan, 2014), Kot 10 éva TEUTTO TV
emBéoewv DDoS HTTP &ivon kataxkAvopuolt HTTP GET.

e Emifeon XML flood: Kotd v aitmon ndépwv, ot xproteg kot ot wapdyot cloud
ypnopomrootv unvopata SOAP. Ta unvopata SOAP ypnoyonowovy HTTP
TPOTOKOALO Kot etvar ypappéva o XML, 6161t eivon pia kaBolkd omodektn yYAdooo
7oL Aertovpyel o€ omoradnmote Thoteopua (Karnwal k.d., 2012)[15]. O X-DoS, 6mwc
AéyovTal, TPOYLOTOTOOVVTOL LE AYOTEPO EEEMYIEVA EpYareia, AOY® TNG EVKOATOG
viomoinong tov. H xataveunuévn éxdoon tov X-DoS givatl yvoom wg DX-DoS. Zmyv
enifeon “wrapping” XML otig vinpesieg Amazon EC2 mov mepieypdonke and toug
Gruschka kot Iacono (2009)[16], o1 emaAnOevoeig ortnuatwv SOAP ekpetaiievovtot
aAralovtag Tig eTikéteg XML, emtpémovtag v mpodcPacn pn e£0VG1000THUEVOVY
XPNOTOV 6T1S vINpecieg Amazon EC2, tic omoieg pmopet va kataypaoctet o emrtifépevoc.

2.3 Eykatactaon apuvag kata ent@écewv DDoS

Tig televtaieg 600 dekoeTieg, £Q0VV YiVEL APKETEC TPOTAGELS GTNV AULVA OO EMOECELG
DDoS, kot o1 IpdTES GYESATTNKOY Y10, TV AVTILETOMIOT EMBECEDV EVOVTIOV EVOG LOVO
vroAoyloth. 'Evag apiBuog and duoveg yio DDoS oto cloud, mov tpotdbnkav tpdseata
Baciotnkav oe Aoyiopkd Opiopévo Aiktvo (SDN). Ot Wang k.4. (2014) e&éracav v
enmidpaom oty acpdieio amd DDoS embéoeig oe va etaipikod diktvo, mov mepiidpPoave SDN
kat cloud. Ot auoveg amd DDoS yia cloud vimpeoieg pmopodv va eykatactabodv o€ T€66EP1G
Baokég Tomobesiec: 6Tto Akpo TS TYNG, o€ onueia TpdSPacng, 6To EVOLAUESO dIKTVO Kol 6TV
KaToveUnUEVN Gpova.

1. Eykatdctaocn oto GKkpo TG TNYNS

To mAeovextipata oVt TG VAOTOINGONG TEPILOUPAVEL TV OTOTEAEGLOTIKOTEPT TPOCTAUCTOL
TOV TOP®V TOL SIKTVOV Kot TS gVpovs {ovne. ' mapdderypa, ot dpvveg mov eykadictavrot
otV YN pog Thovng eniBeong xpNOUYLOTO0VY EVa GTOTXELD TEPLOPIGIOV GTOV PLOUO TV
e€epyduevov TokETmV Katd ™ dwpketa enBécewv DDoS (Bhuyan k.d., 2013)[17],
TPOCTOTEVOVTOS TOVS TOPOVS TOGO TOV EVOLAUEGOV HIKTHOV OGO KOt TOL GTOYOV.

2. Eykotdotaon o€ onueia npocPfaocng

H gykatdotaon oto onpueio tpdsPfaocng cvvibog yivetan oto front-end, oto back-end 1 oe
KaOe gucovikn unyavn (VM) oto mepiBariov tov cloud. To front-end amoterei to
«mpOcmTO» NG vanpeciog cloud kot Aettovpyel cav demapn, petacd tov ypnotn-cloud kat
10V otolyeimv-cloud. Ot quoveg yio DDoS, mov eykabictavtor oe onueio tpoécfaong

Sty mpilovv o KavoviKa TokETH omd To KOKOBOLAX TOKETO TPV OMGOVY TPOGRCT GTOVS
mOpovg Kot Tic vanpecieg cloud. ‘Evag Pacikdg meplopiopd, stvor 0Tt tar onpeia TpdsPaong
dgv amoteloVV KatdAANAn Tonobesia Yo GIATPAPIGLLA 1] TEPLOPIGLLE TOL PLOLOY
KukAopopiog, kaBdg to ebpog Lmvng pmopel va ivar kopeopévo. Ev tovtotg, avt n
TPOGEYYIoN €lva 1 o KON Ady® TG EVKOAMOG EYKATAGTOONG.
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3. EykotdoTtoon 6710 EVOLGNEGO SIKTLO

AvTég o1 Quoveg eykabioToviot o€ KOUBOLG TOV SIKTVOV Yo VO TEPLOPICOVY TNV EMTVY 0L
tov emBécewv DDOS o610 diktvo mptv mpordfovv va enmnpedcovy Tov 6tdy0. Avtod yiveral
pe v emPoin opimv otov puOud KuKAOPOping ToL GTOVG KOUPOVS, LEG® GVYKPIONG LE
KuKAopopio Kavovikov puBupov (Bhuyan x.é., 2013). ITapd v anotelecpatikdTTo TG 1
TPOKTIKOTNTO, £ival umodio €181kd o cloud mepipdAlovia kabdc o1 kduPot dev eErEyyovtan
amd Tov 1010 mhpoyo. Etol, aut 1 €yKaTdoTaoT HEUOVEL TO TEIO EQUPUOYNS TNG, I0MG O
uio eykatdotaon iotkov cloud.

4. Koravepunuévny dpova

H koatavepnuévn auova arnoteAet Eva vPpdkd pLoviélo mov meptlopuPavel Tov cuvovoouo
OAOV TOV TOPATAV®, TNV EYKATACTOCT) GTO AKPO TNG TNYNS, 0T onuein TpdsPaong Koumn
07O EVOLAUEGO OIKTVLO, EMTVYYXAVOVTOS TOAD LYMAL TOc00TA aviyvevong embécemy DDoS.
To MTF (Iyengar k.d., 2014)[18] eivar éva mapdderypo dtaveunpuévng avamntuéng dupovvag.

2.4 Aviyxvevon emO¢oewv DDoS

2.4.1 Tvmkég teyvikég aviyvevons DDoS embBécemv

Ot tomikég teyvikég aviyvevong DDoS diaxpivouv v KukAo@opio ToKETOV O KAVOVIKY|
N KakOPovAn Kot propovv va, Kot yoprorotnfodv evpémg oe PacIGUEVES GE VITOYPAPES,
Baociopéveg oe avopoiieg Kot VPPLOIKES.

Aviyvevon Paciopévn o vroypapés ( Signature based detection )

Ot teyviég aviyvevons PaCIGUEVEG GE VTTOYPOPES YPNCLOTOLOVV VO GUVOAO KOVOVDV
Kol yvootd potifa embécewv(vmoypagic), mov eival arobnkevpéva o pio Baon
dedopévaov. Ta potifa KukAopopiag TopakoAovBoHVTAL KOl GLYKPIVOVTOL LE TIG VITUPYOVGES
VIOYPAPES Le OKOTO TNV aviyveuoT KakOBovAng KukAo@opiag. AVTod Tov I00VG Ol TEYVIKES
aviyvevong elval YvooTéG Yoo TNV akpiBeEd TOVG GTNV avivVELON YVOOTOV EMOEGEMV, |E
npobmdOeon N Pdon va TapapEvel EVUEPOUEVT). AVOAIY®OGC, TO LEYAAO LELOVEKTNILO TG
etvar n advvapio TG 6To Vo aviyveDEL Kavovpyleg mBECELS 1 TAPAALAYEC VTTOYPUPDOV OO
YVOOTEG EMOEGELS, 0ONYDOVTOG GE VYNAL TOGOGTA YELODS BETIKMV.

[TheovextnpoTo:

e Axpifela 6TV aViyveELON VTOYPUPDOV N1 YVOOTOV ENOEGEWV LLE YOUUNAO TOCOGTO
YELOMV DETIKDV.

e H mopovcia etiketdv eniBeong DDoS emtpénet 6tov S10E1p1oTi) TOL GLGTHIATOG VO
kaBopicetl tov akpipr| tOmo g emibeong.

Melovektrpata:

e H datpnon evnuepopévemv vToypaeadV eivat pio ToAvddTavn, edv Oyt advvarn,
dladkacia.

e H mopomoinon tov vroypapadv Bo £xel ¢ amoTtéAEs L0 VYNAO TOGOGTO YEVODV
OPVNTIKOV.
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e Advvapio aviyvevong ayvootov kot entdécemv zero-day(enbécemv mov 6ToXEVOVV
advvopiec 6to choTnUa TOV dgv EYovV TapatnpnOel TpoyevésTEPQ).

Aviyveven paciopnévny og avopalics (Anomaly based detection)

H aviyvevon Paciopévn oe avopoAieg 1 KOTYOplomoinong CLUTEPLPOPAS TEPILAUPAVEL
TN GLAAOYTN €VOG TPOPIA GUUTEPLPOPAS TNG KLKAOPOPING KOVOVIKNG KUKAOQOPIOG KOTA TN
duapkela vOg xpovikoL dtaothpatog. O otdyog etvar | aviyvevor vroremopevov potifov
OV OTOKAIVOLY Omto o avapevouevn cvurepipopd. Ot Chandola x.é. (2009)[19]
OLLOOOTTOLOVV TIG AVOUAAES G TPEIS KOPLEG KOTNYOPIEC.

e H avoudiia eyuciov copPaivel 6tav €vo cLYKEKPIUEVO GTIYULOTLTTO OEGOUEVEOV
Bewpeitar avopaiio e oxéon e To VITOLOITO dEGOUEVA.

e M ovuppalouevy avoualio, yopoxtpileTol 0TOV T0 0ES0UEVA EIVOL AVAOUOAL GE
£va GLYKEKPIUEVO TAOIG10, OAAG Oyt 6€ KAmolo dALo TAaicto. Avtd kabopiletan
Kuplwg amd T doun Tov GLVOAOL SEdOUEVOV.

e 3¢ o 60AL0YIKY aveudiio, o Opado GTIYHOTUTTOV OE00UEVMV EIVOL OVMOUOAT GE
oyxéon Le To 6UVoLo TV dedouévav. Eva mapdderypa eival ot emBEcelg mIAnUUdpag
DDoS, 6mov pévo kdmoto pepovo €V GTLYLOTLTTA 0EG0UEVAV YIVOVTOL VO LOAN
Kot PAATTOVV TOV GLVOMKO GUVTOVIGUO.

H npocéyyion g aviyvevong avopoiav vioroteital cuvifwg oe 000 PAGELS:

e Ddom ekmaidevong: H anotelespaticotnta g aviyvenong avo ooy eEaptdtot ond
TN PUOT| TOV EGEPYOUEVOV dEGOUEVOV KATA TN Pdomn ekmaidgvons. H elcodog
amoteleiton amd pio GLALOYN STIYUIOTVTTOV dedOUEVOV G LopPT HOTIRwV, detypdTmv
KOl TTOPATNPNCEDV TOV TEPTYPAPOVTOL OO £VOL GUVOLO YUPOUKTINPIOTIKAOV, GE SVAOIKN
HOpOY|, GE LOPOPT Kot yopltdv 1 o€ popen aptBuav. Kabe otiypidtomo dedopévmv
umopet vor amoteleitol and Eva yapakmmplotiko (Univariate) 1 moAAd YopoKTNPIoTIKA
(multivariate) (Chandola k.d., 2009). Ot eTIKETEG SESOUEVOV YPTCILOTOLOVVTOL Y10 VO,
KkaBopicovv edv Eva GUYKEKPIUEVO GTIYUIOTVTIO Elval KOvOViKO 1 avopaAio. Y wépyovv
oLVOAN OEJOUEVMV Y1 £PELVA, TOL TEPIAAUPEVOVY O1EPOPES ETIKETES OVOUOALOG
EMOECEMV KOl KOVOVIKEG TEPITTMOGELS 0€d0UEVDV. 'Eva T£T010 dNUOQIAEG TapAdety Lol
elval o KDD'99, mov meprhapPaver mepimov 4.900.000 dwovocpoto LOVadIKNng
oLVOEDONG, e KABE éva amd Ta dtovocpata TepthapPdvet 41 xapoakTnPIoTIKA Kot
yopaxtnpileTon g enifeon 1 kavoviky). Ot emBEGEIC AVIKOVY GE TEGGEPLS KATNYOPIES:
apvnong vnpeciag (DoS), ypnomgs-npog-piCa (U2R), amopokpuopévog-mpoc-tomkog
(R2L) kaw aviyvevong i Probing (Tavallaee k.d., 2009)[20].

o  ®dom aviyvevong: H aviyvevon avopoiodv &gl tpeig Aettovpyieg Pdoet g mocdtrag
TOV ETIKETOV OV &ivar dabéoiueg, dnhadn pe exifreyn(supervised), pe nui-
emifieymn(semi-supervised) kot yopic exifAeyn(unsupervised).

a) Xto povrélo ue emifflewn Oewpeitar dedopévn 1 S1BEGIUOTNTA GTIYOTUTOV [UE
ETIKETEG OTA GUVOADL OEOOUEVMOV Y10, EKTAIOELOT| [LE KAVOVIKES KOl OV UUAES KAAGELC.
H mpocéyyion avt ypnoLoToteital yio Ty Kataokenn LovIEAOL TpoPfreyng
KOVOVIKOV EVAVTL AVOULOA®V KAAGEDV. ZTLYHOTUTTO OEG0UEVOV AyvmoTa LEYPL
TOPA, CLYKPIvovTaL, Yia Vo KaBoplotel n kKAdom oty onoia avijkovv. Avo givar ta
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Baowkd {ntpata pe v aviyvevon avopoiov pe enipreyn. Katoapyds, ot
TEPUTMOOELS VO UMDV €IV TOAD AyOTEPEG GE GUYKPIOT LE TIG KAVOVIKEG
TEPIMTAOGELS OTA ddOUEVA EKTTAidELONC. AgVTEPOV, TO TPOPAN O SIUKPIONG TOV
KAMAGE®V OVOUOMOV Eivol e TAP®G avTITPOocOTELTIKES eTikETEG (Bhuyan x.4.,
2014).

b) To movréio ue nui-emifieyn vobEtel OTL To SESOUEVA EKTOIOEVONG £XOVV ETIKETEG
pUovo yroo MV kavoviky] kKAdon. Etvat moAd mo mpaktikég oe 60yKpion e TIG TEYVIKES,
ne emiPreyn, apov ETIKETEG Yo TNV KAAGT AVOUOA®V OeV gival amapoitnTeg
(Chandola x.4., 2009).

C) XtV povtéio ywpic exiffiewn, dev amartovvial KabOAoV dedouéva EKTaidoevomng.
Emopévaoc, etvar pio amd Tic mo eupémg ypnoytorotovpeveg texvikég (Bhuyan «.4.,
2014). To povtélo awtd, Kavel TNV LTOBECT TMG Ol KOVOVIKEG TEPITTOOELS Eival
ONUOVTIKA TEPICCOTEPESG ATO TIC AVOUUAES TEPITTMGELS GE EVO TVTIKO GHVOLO
dedopévov. Eav avti n vodBeon dev etvarl aAndng, vrdpyetl mpoPAnuo pe vymid
T0G00TO AGOOG CLUVAYEPLDV.

[ToAd onuavTikd TNV aviyveLon AvOLOA®Y, EVOL 1] OVAPOPH TOV VO UUAIDV TOV
aviyvevovtal. Ta 600 kupidtepa otoryeio avtdv, givar ol Babporoyieg kot ot etikéteg. H
xp1on Pabuoroyidv apopd v avibeon Pabporoyiog g avopoiiog o€ KaOe oTLyOTLTO
dedopévmv yia va ogigel 1o Katd toco eivar avoporo. ‘Etot, Oeoniletan éva katdeit
(threshold), mov kabopilel TV amodoyn | amdppLyn TOV GTIYHOTLTTOV dedopévav. Ot
ETIKETEG, O’ TNV GAAN, TeptAapPdvouy v avadeon pag eTikétog o€ Kabe otrypdtumo, ooV
KOVOVIKO 1] L€ OVOUOAMEG.

2.4.2 Teyvikég aviyvevong avopoitav DDoS embicemv

g ot TNV Katnyoplomoinon, Paclopacte 6Toug alyOptBoVg GTOVG 0TOioVg
YPNOLLOTO0VVTOL Ot KAOE TEXVIKY.

1. Zratetikn aviyvevon avopaiiav (Statistical anomaly detection)

211 GTOTIGTIKY OVIXVELCT] OVOUOAIDV, GLAAEYOVTOL TO GTOTICTIKE YOPUKTIPICTIKY
(PLGLOAOYIKNG KUKAOQOPTIOG [LE GKOTO TNV ONovpYio LOTIBOL UGIOAOYIKNG KUKAOPOPING,
70 01010 Bo cLYKPIVETOL LE TNV EIGEPYOUEVT] KUKAOPOPLD Y1 TNV OViYVELGT OVOUOADY
TOKETOV. AVO YVOOTA TOPASEIYLLATA OTOTIGTIKNAG AVIXVELONG AVOUAAMOV gival, Tov ViSSers
K.0. (2014)[21], ue v ypfion evog povtélov Gauss TOAADV QACEDV, Y10 GULVOL EVOVTIOV
emBécemv DDoS oto eninedo epapuoyns. To tpdTo 61ad10, TEPIAAUPAVEL EAEYYO NG
emkeparidoc HTTP yia va amotponn) minupopag HTTP, édeyyo SOAP ko édeyyo
peyébovg. Xnv enduevn eaon, enesepyaleton to mepieyopevo XML mptv amd tov Eleyyo av
10 SOAP, &xet mapamonbel. TeAkdg, yivetar £vag d1adikaoTikog EAeyyog Tov a&loAoyel
K&Oe YopoakTPIoTIKO 08 oYEoN e TO avTioTtoryo povtélo Gauss. H advvapio avtov tov
LOVTEAOVL BploKETOL AVIXVEVOT) ATNUATOV TOV TPOKLATOLV 0d vEES TeXVIKEG DDOS
emBécemv, Ywpic TNV LAOTOINOT EMTALOV YOPAKTNPIOTIKOV. AKOU, EIVOL TO HOVTELO TOV
Shamsolmoali kot Zareapoor (2014)[22], to omoio ypnoiponotel Eva oot
QUATpopiopaToc POCIGUEVO OTN GTATIGTIKY, LE dVO EMMEdQ PIATPAPIGUATOS. XTO TPAOTO,
agotpeiton To TS0 EMKEPAAIOAG TOV EIGEPYOUEVOL TAKETOV KOl GUYKPIVETOL 1] TIUY|
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TTL(Time To Live) pe v amobnkeopuévn tiun otov mivaka IP-to-hop count (IP2HC). Eav
OVTEG 01 TIHEG OeV givat 10€C, TO TAKETO OMOPPITTETOL KOl KOTYOPLOTOIEITOL MG
naparompévo. To devtepo eminedo Paciletor oto padnuatikd povtédo amdkiiong Jensen-
Shannon, ypnoipomoidvTog £vo amoONKELUEVO PUGIOAOYIKO TPOPIA Y100 GUYKPION UE TIC TOV
EMKEPAAIOEG TOV EIGEPYOUEVOV TOKETWOV.

[MAeovektpoTa:

e O17tpoceyyloELg OTATIGTIKNG AVIXVELONG OVOUOAIDV ETLTPETOVY TV AVOYVOPION
OVOULEVOLLEVNG CUUTEPLPOPAS YMPIG TPHTEPT] YVMDCT TOV PUGIOAOYIKADV dPOGTNPLOTHTMOV
TOVL GLGTNUOTOG GTOYOV.

e Ot faBporoyiec avOUOAMODY TOL GLVOEOVTAL LLE TN GTOTIOTIKN AVIXVELOT] LTOPOHV VoL
YPNOLUOTOUN OOV (G SIACTN O EUTIGTOGVVIG KATA TN AYT| ATOPAGEDV.

Melovektrpato:

e H opiopodg evog 1davikod KatweAiov, yopig vrepPorikd yevdn BTk 1 yeudn apvnTikd
amoteAel pia waitepn TpoOKANOT).

o Ot 1eYVvIKéG aviYVELOTG CTATIOTIKMY AVOUOAIDV EUTEPIEXOVY GTNV PBdom Tovug, VToBEcelg
ot omoieg éva dev tKavomonBovv, 0dnyohv 6e LYNAO T0G0GTO LGB0 KaTnyoplomoinong.

2. EE&6puvEn Acdopévav (Data Mining)

H avénon dadiktuokmg KukAopopiag Suoyepaivel 1010iTePa TIC TPOGTAOEIEC EVTOMIGLOV
DDoS embécewv péow g aviyvevons avopoiov. Evo tapddstypo oty ovIyLeTOTIon
avtob Tov TpoPAnuatoc: ot Choi et al. (2014)uwo Tpooéyyion ndve oty eE6pvén
dedOUEVOV e TNV ¥pNoN Tov poviélov map reduce, yio va peiwoet tig embécelg DDoOS
tomov HTTP GET, o¢ eninedo epappoync. To map reduce givor Eva povtéAo mopdAANANG
emeCepyaciog mov £xet ypnoyononel yio va amhomotel TNy dtoyeipton HeyOA®mY GLVOL®V
dedopévov. Evag adydpBupog map reduce, ypnoyomomonke yio v a&loAdynomn tov
LOVTEAOL 0TOV, LETPAOVTOS TOL TOGOGTA LETAED TOL HOTIPOV «KOVOVE» KOl TOL YPOHVOL
aViyVeELONG TOV TPOTEIVOUEVOV GLGTILLATOC GE GUYKPLOT LE VEEC VTOYPAPES, LE TO
amoteléoata Vo deiyvouv KavaTTa oviyveuons vEmv mpoeiA emibeong, pe KpdTEPO
¥pOVo eneéepyaciog.

[TheovextnpoTo:

®  InUovTiKN 1 IKovOTNTO EMEEepyaciog Heyahmv Bacewv dedopévav, pe eEaymyn
GLVOLA®MV TANPOPOPLDV KL LETATPOTNG TOVG G ATAES OOUEG.

e TIpocBéter éva axodpa eninedo eotioonc mov fondd oty Pedtioon aviyvevong
avopoiomv yio DDoS.

e Evioydetl ) duvatotnta Tou S10Ep1oTh OKTHOL Vo dtokpivel petald embécemy Kot
@LGLOAOYIKNG Kivnong, Bdlovtag 6pra Tov Beomilovy TV Kavovikn dpactnplotnTa
dKTVOVL.

Meovektpara:
e H amovoio 1 o1 Kakéc TIHEG 6TO GUVOLO EGOUEVOV LEIMVEL TNV ATOTEAEGLLATIKOTNTA.
e ADGKOAO £pY0 M EMAOYT COOTMOV YOPUKTNPIOTIKOV UTOPEl va lvar TpdfAnpa yio

peyaAa chVOAa 0E00UEVOV, KAOMG 1) ETAOYT OAWV ETOEIVOVEL TNV ATOO00N.

3. Teyvnti Nonpootvy (Artificial Intelligence)
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H mpocéyyion pe yprion texvnTig VonUocsvuvng, £xel oav Pacikn amaitnon pio cuven
dtadKacio Labnong, TPoKEWEVOL Vo EIVOL OTOTEAECUOTIKT OTNV OVIXVELGT VEWV
avopaiov. Ot Joshi kot Joshi (2012)[23], ywa mapdderypa, mpoteivovv éva Cloud
TraceBack (CTB) povtého kou évav cloud mpootdtn yio v aviipetdmnion embécewmv
DDoS, ypnoylomotdvag £vo avadpoptkd VEVP®VIKO d1KTLO, VAOTOUEVO KOVTE GTO VEPOG
Kol xpnoonotet Evav alyopifpo yio va onueimoet ta tedia onuaiog kot ID g kepaAidog
IP tov mokétmv. H e&dletyn g eniBeonc, avarappdveton amd tov cloud mpootdm.

Ot Huang k.a. (2013)[24] poteivovv éva chOoTNUO aviyveLoNg TOAADY oTadimV Kot EAEYYO
KeWEVOL Yo v avtipetomion enifécewv HTTP flooding. To cbomua anoteheitol and
TEVTE 6TAO0, ONANOY| EAEYYO TNYNG, KOTAUETPT O, aviyvevon enifeong, dokiur Turing Ko
dnpovpyioag epotoe®v Kat £xel vAomonbel otov Tupnva tov Linux Kot 6Toug YOpovg
YPNOTN, TAVTO AVAAOYO LE TIC OTOLTNOELS, LE TIG OOKIUEG 0mdOO0ONG VoL dElYVOLV YNAn
OTOTELECULATIKOTI T

[TAeovektpoTa:

e H ypfon vevpovik®dv S1KTOV Yo un emPAendpevn pabnon uropet va givor oyetikd
OTOTELECLATIKT OTNV aviyvevon takétwv embécemv DDoS.

e H @Oon 1oV teviK®V TEYVINTAG VONUOGVUVNG EMTPEMEL TNV EKTOIOEVOT UE GTLYOTLTIO,
LE GLGGMPEVTIKO TPOTO.

Meovektparo:

e AVOKOAN KMUOKOVUEVEG,.

e Kotd ™ @don eknaidevong, pnopei va copPet overfitting( vrepBoiikn eknaidgvon)

o 'EMewyn og emapkdg peyaro TAN00g ded0UEVOV KOVOVIKTG Kivnong, xopic ta omoio
LELOVETOL 1] OTOTEAECUATIKOTNTO, KO 1) ATOOOTIKOTNTAL.

4. To&wopntég ( Classifiers)

Xe autn TV TEYVIKN, TaStvountés pobaivouy amd £va cHVOAO GTIYUIOTUTTOV OEOOUEVMV
LE ETIKETEC, TPOKEWEVOL VO TASIVOUNGOVY Lo TEpITT®Oo o€ pia amd TG Katnyopiec. Avtég
0L TEYVIKEG, AOTEAOVVTOL OO TNV (AGCT] EKTOIOEVONG KOt TN PAGT SOKIUNG. 2T GAoN
eKTaidEVONG, O TAEVOUNTNG EKTTALOEVETOL OO TIC SLOOEGIUES ETIKETEG GTO OEOUEVOL KO
Katd N edomn Sokiung, ta&vopel po SOKIPAGTIKN TEPITTOON £1T€ O KAVOVIKT| €ITE ©OC
avopoiie(Chandola k.d., 2009). Ot Chonka kot Abawajy (2012)[25] kot Chonka «.é.
(2011)[26] mporteivouv TeXVIKT TOEWVOUNGOTG LE OEVIPO ATOPAGE®DYV Y10, TV AVIXVELOT KO
avteTonion enBécewv HX-DoS gvavtiov vanpecidv vépovg. To HX-DoS sivot pia
eniBeomn oto enimedo epaproyns mov cvuvovalel tdco HTTP 660 ko XML punvoparta yuo va
TN UL PiceL Toug TOpovg Tov cloud.

Ot Lonea k.a. (2013)[27] mpoteivouv pia péBodo Baciopévn oe IDS(Intrusion Detection
System). To IDS viomoteitot otig ewkovikée punyavég (VMs) tov cloud, pe tov front-end
koo, va epapuolet pio pebodoroyia cuyymvevong dedopévav. Katd mv aviyvevon
OEIANG, O1 EW0OTOMGELS TTOL dMpovpYovVTaL 6Toe VM amofdnkevovtol o pio Baon
dedopévav MySQL ko ) avéivon tovg yiveton amd ta IDS tov kédbe VM, ta omoia
APNOLUOTO0VV TAEIVOUNTEG TOGOTIKTG AVoNC. O 0ELOAOYNGELS VTOOEIKVVOLY OTL T
TPOTEWVOUEVN ADGT UTTOPEL VO, LELOMGEL TO PLOUO TOV YEVLODV OPVNTIKMOV KOl VO, WENGEL TO
pLOUO aviyvevongs, ympic avénon e TOAVTAOKOTNTAS.

O unyaviopdg morveninedov piatpapicpatog Multilevel Thrust Filtration(MTF) tov
Iyengar «.d. (2014) neprrappdvel t€ooepig enimeda aviyvevong Kot TpOANYNG, GYESUGUEVA
Y10 VO TPOGTOTEDOVY 0Tto TNV TPpOGPact Tav enttedévimv oto neptPdriiov tov cloud. Ta
emineda glval avaivong KuKAoQopiog, aviyvenons avaIOA®VY, KOTNYOPLOToiNeT oVOUUAMOY
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ne ta&vountég Ko TpoAnyng entBécewv. To MTF Aettovpyet erainbevovtag ta
ELOEPYOUEVA TTOKETO, KO OVIYVEDOVTOG TECCEPLS TOTTOVS Kivnong (yevTikn enibeon, enibeon
DDoS, flash crowd kot emBetikn kovovikn kivnon). To poviého ypnoyromnotel teyvikég
aviyvevong PacIoUEVES OTO TEPUOTIKA KOl GTOVG OPOUOAOYNTEG, LE GKOTO Y10l TNV aviyveLoN
EMOECEDV OTU TPOLLN GTASL0, TPOKELUEVOL VO UMV eMTPOTEl 1] £16000¢ KaKOPOVANG
Kivnong oto kévtpo dedopévav tov cloud.

[TheovektnpoTo:

o Ot 1eyvikég aviyvevong avoOUoA®OV He TaSvounTég £X0VV VYNAO TOGO0TO AViYVELGNG,
Aoy® peyding akpipeiog otig pvbuicels tov katmelidv(thresholds).

o Xapoaxktmpiovror amd vYNAO pLOUO TPOCAPUOYNS YL TNV EVIUEPMOT TOV GTPATNYIKOV
aviyvevong.

Meovektpato:

o Anmoutohv enapK®OG LEYAAO aPOUO TANPOPOPLOV EKTAIOEVOTG Y10 TNV AVIXVELON
dyvootov embécemv.

¢ H xatavédlmon mopwv eivor vynAn oe GOYKPIoT Le AAAEG TEYVIKEG.

5. Mnyoeviki) Madnen (Machine Learning - ML)

H epappoyn pnyavikng padnong ya v aviyvevon enbécewv DDoS otov cloud,
CUUTANPOVEL TEYVIKEG OTIMG GTATICTIKES KO EEOPVENS OEOOUEVOV, EXOVTAG OUMG Hia
ovo1®ON drapopd. Ot tekevtaieg amaitohv TV KATavonon g 01adtKaciog oty dnuovpyet
TOV 0E00UEVOV, EVA 1 UNYXAVIKT LA O™ £XEL VO KAVEL LE TN ONUOVPYIN EVOG GUCTILOTOG
7oV €xel 6komo TNV Pertioon ¢ amddoong Pdcet Tponyoduevev anotedespatov. Or Gupta
K.0. (2013)[28] mpoteivouv Eva GOGTNO AVixVELONG KOl TPOANYNG EIGPOAMY, TO 0T0i0
ac@OAleL TO VEQOG amd KoKOPOLAOLS EVTOC KOl EKTOG TOL OIKTHOV. ZVVILALEL TNV avaivon
Aemtopepdv dedoUEVOV KoL TNV TPOGEYYIon e Baon v texvikn Bayes, evoc yvootol
aAyopiBuov pnyavikng padnong, yo v aviyvevon enBécewv DDoS, pe o160 ™V
aviyvevon embécewv oto diktvo, onmg to TCP SYN flooding.

Mo GAAN yevikdTtepn Tpocéyyion, and tovg Palmieri k.d. (2014)[29], enwcevipdvetar
oTNV aviyveuon PEC® OVAALONG LELOVOUEVAOV GUVIGTOCMV. To KataveUnUEVO GOGTI L0
amoteleitat amd dVo Pacelg unyavikég pnabnong, evog Blind Source Separation(BSS),
ovyyevikov povtédov tov Principal Component Analysis(PCA) yia ofjporto Tnyng kat vog
ta&vount Pactopévo o€ Kavoveg, yio embécelg zero-day, Tov aAAoidvouy o
YOPOKTNPLOTIKA Kot To puOuod g Kukhopopioc. H BSS e&ayet yapaktnpiotikd kukhopopiog
Ot KOTOVEUNLLEVOLG osONTPES, Vi T ONovpyio EVOC TPOPIA KAVOVIKNG poNG HECH EVOG
Ta&vounTn dEVIPOL ATOPAGEWS .

[TheovektnpoTo:
¢ YnAn amotelespoTikOTNTO 0TV aviyvevon potifov emBécewv DDoS.
e Avvatotnta 0ALOYNG TG EKTEAEGNG TOVG, LE VEOOTOKTNOEVTEC TANPOPOPIES.

Melovektrpata:

e MeydAn anaitnon 6€ VIOAOYIGTIKOVG TOPOLG KOTA T1 PACT) EKTOIOELONG KOl SOKIUNG.

¢ Enweivoon amdd06MG TOV GLGTHLATOC, GE TEPITTMOT KOPEGUOV, AdY® VIEPPOAIKNG
Kkivnong.

39



2.4.3 Adheg TeYViKEG aviyvevong DDoS emBéoemv

> YPpuou) aviyveoon

H vBp1on mpocéyyion cvuvovdlet v ypnon Tov Texvik®v mov Pacilovtal o
VIOYPAPES KO AVOUOAIES, YPTCLUOTOIDVTOS TO, CULTANPMUATIKA XOUPUKTNPIOTIKA KOl TOV
dV0 Yo kaAVTEPQ TOoc0aTd aviyvevons. ['a mapdaderypa, ot Krishnan kou Chatterjee
(2012)[30] mpoteivovv éva kataveunuévo Zvotnua Aviyvevong EtoBormv(Intrusion
Detection System - IDS) mov cuvdvdalet teyvikég BOCIOUEVEG GE AVOUUAIES KoL TEYVIKEG
yvocemv evavtio DDOS embéocewmv oto vépoc. H Aoon €xet évav mpdktopa vinpesiog, Evav
TPAKTOPO, EWOOTTOINCNG Kot £V TPAKTOPO OTOONKELGNC, Ol OTTOI0L EMKOVOVOHV HETOED
Tovg Ko e to Cevydpla kOUPmV, pe To cHOTNUA VAOTOLEL £mion g £vVOV aVOADTH] GLVAYEPLLOD,
BonBdvtag Toug KOUPOLS Va dlopopomolovy HeTaED AGB0G cLVAYEPL®Y Kol KOKOBOLA®V
KOUPoV.

Ot Cha ka1 o Kim (2011) mpoteivouv aviyvevon avopoiiov pe tpio otddwa. To mpdto
01a010 givan TapakorovOnong, Paciouévo oe Kavoveg Kot Tpo-eneEepyaleTol yvmoTd LoTifa
emBéoewv DDoS, 1o 6e01epO 6TAd10, KAVEL o «EAOPPE» YPNON AViYVELONS AVOUOAMDV,
nmpoPAEémovToc To Poptio Kivnong oe kb diemapn xpnot, duympilovtag v KukAopopia
070 0iKTLO PACEL HYKOV KOTA UAKOG TOV AEOVA TOV XPOVOL KOl AVOADOVTOG LLE YPNON TNG
Bayesian teyvikng. To tedevtaio otdoo ypnoonotel adydpBpo pnabnong yopic enifreyn
aviyvevon yvoot®v Kot dyvootov potifov enfécewv DDoS.

Ot Modi «.6. (2012)[31] oyediacav Eva vBpdkd poviéro Paciopévo oto diktvo. To
Snort, po open source péBodog aviyvevong, mov Paciletarl o LVIOYPAPLS Kot omobnkedel
yvootd potifa embéoewv DDoS, kot o Bayesian ta&ivountg, £€vog oTtotioTikog
ta&vountg mov TpoPAEnel TNV TOAVOTNTA £VO YEYOVOS GTO OTKTLO, VO OVIKEL GE LU0
KATNYopiot TOV KOVOVIKOD 1} TOV KaKOBovAov, ypnoioromnkoy ce avtv ) Ao,
TPOCPEPOVTOG LEYOAN axpifetaL.

Evo pia vBpiokn mpocéyyion eKUETAAAEDETOL TAL TAEOVEKTILOTOL TTOV TTPOGPEPOLV TOL
cvotipata Tov Pacilovtal TOG0 g VTOYPUPES OGO KOl GE AVOUOAMES, EVTOVTOLS GLVOEETOL
pe emPpadiveelg Kot TOALTAOKOTNTO 6TO B[ O100PAAGNC ATOTEAECUOTIKNG AELTOVPYiOG
0€ MEPIMTMOGELS OLOLPOPETIKAOV aAyopiOumy.

» Aviyvevon Ixyvov ko taporompévov 1P

Me v aviyvevon yvov, givatl SuVOTOS 0 EVTOTICUOG TG TPAYLLOTIKNG TNYNG TOV
emBéoemv DDoS, kabmg avtég £xovv v tdomn va maparotobv Tig 01evfHvoelg Toug (T.y.
emiBeomn Hec® avoKAACTNPO). TO TAAIGLO TNG TPOTEWOUEVTG GTPOTIYIKNG OLLUVTIKNG Yol
emBéoelc emmédov epapuoyns DDoS evavtiov vanpeoidv vépoug, ot Yang k.d. (2012)[32]
npoteivouv pia teyvikn Paciopévn og vanpecieg (SOA) mov ovopaletoar SOA-Based
Traceback Approach (SBTA) kot éva @idtpo cloud. To SBTA, ypnowuonotel mponyuéveg
TEYVIKES LOPKOPIGHOTOG TOAKETMOV LE GKOTTO T OVOKOTAGKELT] TOV LOVOTATUDV TMV TOKETMV
Kol TO PIATPO VEPOLC, OpOL GOV UNYOVIGLOGC EAEYYOL Y10l PIATPAPICHO KO TEPLOPICUO TOV
pvOuov. To eiATpo GVALEYEL TIG £TIKETES KO TIG O1evBVVoEeLg [P myng Katd T didpKeta Tng
enifeong Ko ypnoponolel m PAon 0EGOUEVOV Y10 TO PIATPAPICUO TOKETMV LE
naparompéves devduvoelg IP. 'Eva onuovtikd petovéktnua givol n ymin coyvotra
YELODV OPVNTIKOV.

Apvveg og embécelg DDoS oto cloud pe mapamompéves IP , éxovv emiong mpotabei. Xto
Jeyanthi .. (2013b)[33], mpoteivetar pia TexVIKN yio. TV avayvoplon yevdov IP otig
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emBéoelg DDoS. Ot ouyypoaeeic mpoteivovv Evav adyopiBpo, o omoiog evepyomoteital dtav
vdpyel EaPvikn advénomn oty KuKAoQpopia TakETmV Heyardtepn and Eva TpoKabopIGUEVO
op1o. Axoun, mepropfavel cvotnpo avbevtikoroinong cloud (Cloud Authentication System
- CAS), mov enaAndevel ) vouudtrta v cuvdécenv tov ypnotav cloud. To CAS,
drotnpet 8o mivakes Evav pe yevdeic d1evfhvoelc kot Evay e TIG TPEYOVCES GUVOEGELS KOl
YPNOUOTOIOVTOG Lol ELeYY0 TANUUOPOGC, ELEYYO TOKETMV KOt EVOV TEAKO EAEYYO,
npoocdtopilet ebv n kuklogopio amotelel enifeon TANUUOPOG.

Y10 Osanaiye (2015)[34], ue xivitpo 10 yeYOVOC 0TL 01 TEplocoTepeg emféoeic DDOS
yapoktnpilovror amd v yevdeig dievbiveelg IP, mpoteiveton pia Texvikn AEITOLPYIKOV
GLGTNUOTOS GOV ATOTOTMUN, TOL TAPAKOAOLOEL Ta ToKETO TTOV gl6EpyovTal oto cloud yia
Vo TPOGIOPIGEL TO ALTOVPYIKO GVOTNUA amd To omoio mpoépyovtatl. O adyodpiBuog dabétet
300 otddia, Eva evepynTIKO Kot £vo, TanTikd 6Téd10. XT0 TobNTIKG, GLAAEYOVTOL KO
AVOADOVTOL O ETIKEPOMOEG TV EICEPYOUEVOV TAKETMV Y10 TOV TPOGOOPIGUO TOV
AELTOVPYIKOV GLGTHUOTOC TOVG. LTO EVEPYNTIKO, GTEAVOVTOL EIO1KA ONUOVPYNUEVO TAKETO
omv myn IP tov cuvdedepévov Takétov yio Tpoypatomoinon cuykplong Letald Tomv 600
otadiwv. Edv ta 600 Aertovpyikd cuotiuata dev eivar ta id1a, To TakéTo Oempovviot
TOPOTTOLNLEVO KOl ATOPPITTOVTOL.

2.5 To péAdov otV Auuva evavtia o€ emtO€oelg DDoS

"Exovtag xatnyoproromoet 1ig emBéceig DDoS o€ eninedo epappoyng kot enimedo
VTOOOUNG, Ol TEPIGCOTEPEG EPEVVEG PUIVETAL VO, ETIKEVIPOVOVTOL KLPiwg 6To devTepo. O Adyog,
Omwg £xel NON avapepBel, 1 evkoria pe TV omoia uropobv va TpaypatoromBovy T€Toon
eldoovg emBéoeig DDoS og eninedo vmodoung. Aev ypetdleton va vdpyet advvapio 1 TpOTd
onueio oto cloud, poévo kivnon KakOBOLA®Y TAKET®V TPOG TOV GTOYO Y10l VO, KATAVOUADGOVV
TOVG TOPOLG G€ BAPOg TV XPNOT®OV. ATO TV AAAN TAELPE, £xovv avapepbel emiong embEécelc
DDoS oc¢ eninedo epapuoydv, oToxebovtag adVVOUIEG TOV GLGTHHOTOS TPAYLLATOTOINGN
enmiBeong, 6mwg EAATN SIUOPPMOT), TOAULEG EVIUEPDTELS, EVTTAOEIEG TPWTOKOAL®V. 26TOGO, Ot
ONUOGIEVGELS Yl T pelwom awTov Tov £idovg Twv emBécemv DDoS eivar eldiyiotec.

H mo kown tomobecia tomofétnong dupvvog yo embéoeig DDoS, eival to onpeio
TPOGPACNC, LE TNV KATOvVEUNLLEVT TOTOBETNON dpvveV va £xel Tpotabel yia anodotkotnTa. H
aviyvevon otnv Inyn, ivor 1 mo ovikn tonodecio, aAld eitvar SVoKOAO vo emPBANOel pia
YEVIKN TOMTIKN 6€ OAOVG TOLG VITOAOYIOTES 6TO dtadikTvo. Emiong, paivetot Twg ot TpdyLeg
TEYVIKEG KAMVOLV TTPOG TNV TEYXVIKT OViXVELONG PAGIGUEVT] GE VTOYPOPES Y10 TV AVOLYVMDPLoT
yvootav emfécewv DDoS, 1o onoio mapoTt elvotl amoTeEAEGUATIKO Y10l TV AVILETOTION
YVOOTOV MBEGEMV, YIVETOL OAOEVA KO IO OYPEIDGTO GTO CUEPIVO TOTIO OMEILDY AOY® TNG
AVIKOVOTNTAG TOVG GTNV aviyvevon vEmV, L To dtabéotipa epyaieio Tov pmopovv va
ypnopomomBovv yia ) onpovpyio emBécemv DDoS, va etvatl moAvmiAnom.

Ot Moelg aviyvenong avoproAldv yivovtot Ao Kot o dNUOPIAEIS, KaODS avTéG oL
TPOGEYYIOELS EIVOL AMOTEAECUATIKEG TOGO KATA TOV AYVOOT®V OGO Kol TV TOPAYDY MV
YVOOTOV TPOTHT®V EMOEGE®V, LLE TO KAVOVIKO HOTIPO TNG KLKAOQOPIaG Vo LLovTeAoTOlEITOL Y10
™V Novpyia EVvOG GUGIOA0YIKOV TPOPIA, mepthapuPdvovtag v e£oywyn YopoKTNPIOTIKOV
TOKETOV, OKOUO KO GE TEPLOOOVG Ywpig emiBeo.
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Ewkova 6 TAOELG OTIG TEXVLKEG aviyveuan¢ entdécewv DDoS oto cloud uetaév tou Mevapn tou
2010 kat tou AekéuBpn 2015

Oocov apopd v a&loAdYNoN TOV TPOTEWVOUEVOV AVCEWMV, VITAPYEL Eva GoPapd
TPOPANU 0E0TIOTIOG, TPOPAVDG AOY® TNG EAAELYNG EVIUEPMOUEVOV KO TPOLYLOTIKOV-KOGLLOV
oLVOL®V dedOUEVAV Yo ektaidevon. Ta o yvwotd, ®oT060, GHVOAN dEdOUEVMV
neptlopfavovv ovopaotikd, to UNBISCX2012, to CAIDA DDoS 2007, to DARPA 2000LL-
DDoS an6 to Lincoln Laboratory, to MIT kot to KDD'99. 'Eva axdpa kaipio {ftnua, etvatn
EALelyYT 0100601L®MY GLVOL®V dedopEveV LE eTIKETES, Le To KDD'99 va givat éva amd o Alya
onuocto dtafécta GHVOLN SESOUEVOV LLE ETIKETES TTOL YPTCLOTOLOVVTOL OO TOVG EPEVVITES
oNUEPOL.

H avayvdpion kot 0 d1oyopiopos tov potifov, av eivol Kavoviko 1 enifeon, amotelel
TNV O KPIGIUN HETPIKT, OGOV 0pOpE TNV YPNOCIUOTITA KOl THE OATOO0TIKOTNTO TMV
TPOTEWVOUEVOV TEYVIK®OV. AAAEG LETPIKES efvat:

< PoBuog aviyvevans: H axpifela g teXvIKNG GULVOS, OGOV 0pOopd TNV ovoyvOPLoT TV
TpoTHNWV niBeonc o€ Ho pony KukAopopiog.

< Méoog ypovog amokpiong: O pnécog ypdvog mov amatteitar yio Evav ypriot cloud va
{nmoetl ko va AaPel vanpecieg vEPoug, Katd tn dtdpKel pog exibeonc.

< Aoyog emPiwong kavovikwv moxétwv: O Adyog Tov GLVOAKOD APLOIOV TV KAVOVIKOV
TOKETMOV, TOV ETLTVYYAVOLV TNV TtpdoPaomn oto cloud Evavtt Tov Guvolikod aplBpod TV
TOKETOV TOV ATOTEPAONKAY TNV TPOSPaon.

[Mopd To peydho TAN00G e AMOTEPEG EPEVVMOV GE AVTO TOV TOWEN, Ol TPOKANGELS TTOV
VILAPYOLY iVl OKOLO OPKETEG Ko TPEMEL VO, avTIpET®TIoTOVV. [Tapddetypa, amotteiton puo
Adom Guovag Tov vo UTopet vo aviyvevel emBEceElg TOGO OE EMIMEDO EQPUPLOYNG OGO KOl GE
eMined0 LIWOOOUNGS, APOV T GVYYpova epyareia eniBeonc DDoS elvar wcavéd va exteAovv
otoyevovv dtapopa ototyeio Tov cloud. EmmAéov, vdapyet n ovaykn yio amoTteAECUATIKN
TPOGEYYIoN OGOV QPOPA TIG PEATIOTEG TIES KATOPMADV Yol TNV KOOOPIoUO TV TPOTUTMV, GE
VILAPYOVCES KOl LEAAOVTIKEG TEXVIKEG Gpuvas. TEAOG, yio TV 6mOTH ekTaidevon Kot
a&loAdynon, ypetdleton dOnpiovpyic GLVOAWOV OESOUEVOV LE ETIAOYN PEATIOTOV
YOPOKTNPLOTIKOV GOLPOVO PE Ta TpEYovTa TPpoTLTa entBécewv DDoS, dtacpaiilovtag
dafecIUOTNTO KoL TNV EMKAIPOTN T TETOIWV GUVOA®Y Y10 EKTOIOELON KOl SOKIY.
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Kepalaio 3

AdyopiOpot Mnyoavikne Madnong ywx
aviyvevon DDoS emBcoswv

3.1 H Mnyavikn Mabnomn otic emO£osigc DDoS

210V cLVEYDG £EEMGGOUEVO YDPO NG KLPepvoacpdrelag, ol embécelc Kataveunuévng
Apvnong Ymmpeoioag (DDoS), cuveyilovv va amoteAovV ONUOVTIKY OTEAY Y10 To S10UOIKTLOKA
CLOTNHOTA KO LIINPEGTES. AVTOV TOV €100VG 01 EMBEGELS TEPIAAUPAVOLY TOV LITEPPOPTOGT
evog otdyov pe vtepPolikd Oyko KukAopopiag, kKabloTdOVTag TOV 1N TPOGRAGILO Y10l VOULILOVG
ypNotec. Me v teyvoroyia va tpéyet, o emtifépevor yivovton mo eEeAMypévol Kat ot
apadoctakég HEBodOL aviyvenong Kot ovIILETOTIONS TV entBécewv DDoS amodsucviovtan
averapkeis. Edd eivon 6mov gppaviletal n epappoyn texvikav Mnyoavikng Madnong (ML).

H Mnyovikn Mabnon npoceépet évav eEAnidoo@dpo dpopo yia t Pertioon tov
KavoTNTOV aviyvevong kot avtidpaong otic embéoeic DDoS. H MM exkpetalieveTon
aAYOPIOLOVG KO GTOTIGTIKA LOVTEAQ Y10 VOL EMTPEYEL GTO. GLGTHUATO VAL pLobaivouv and
dedopéva, va avayvopilovv Tpotuma Kot vo AaUPEvouy eVUEPOUEVES ATOPAGELS YWPic pnTO
TPOYPOUUATIGHO. AVTN 1 IKOVOTNTO TPOGUPLOYNG Kot EEMENG PAGEL VE®V OEOOUEVMV Kol VEDV
TEYVIKOV emBEcemV glval Wdwaitepa TAEOVEKTIKY 0T0 TAAiG10 TV emBécemv DDoS, o1 omoieg
UTopoLV Vo TOKIALOLY G peYdAo Babud 6GovV apopd TOLG O1OVUGULOTIKOVS TPOCAUVATOAIGLLOVG,
T TPOTLTTOL KLKAOPOPTOG KOL TNV £VTAOT).

Ot tapadociakég peBodot aviyvevong DDoS cuyvd Pacilovtal og Tpokabopiopévovg
KAVOVEG KO VITOYPAPES TOL TPOSTAHOVV VAL TAVTIGOVV TNV EIGEPYOUEVT] KUKAOPOPIO [LE YVOOTA
npOTLTOL EMBEcEDV. EVD givat amoTeAeoaTIKEG EVAVTIO GE KOAL YVOOTEG KOL TEKUNPLOUEVES
peBoo0Lg emiBeong, AVTES O1 TPOGEYYITEL OVGKOAEDOVTAL VAL OVIYVEDGOLV VEES KOl EEEATYUEVES
embécelg mov ogv taupldlovv o mpokabopiopuéva mpoeil. EmmAéov, pmopohv va odnyncovv ce
VYNAOVG pLOLOVS YeVd®Y BETIK®V, ILE OMOTEAECLLO, VO ETCT|LOIVOLY T1 VOULUT KUKAOPOpia ®g
KOKOBOLAN Kot VO TPOKOAOVV S1ATaPOYEG OTNV KAVOVIKY] Agttovpyia.

Ta onpavtucd opéAn g MM oy aviyvevon DDoS eivau:

> Ilpocapuoctixy MaOnon: To poviéha MM pmopodv vo TpocapUoGTOOY 68 OANIYEG
OTEPEOTLTIKAV TEYVIKAOV EMOECTG KO TPOTOTI®V KLKAOPOPING LEGM TNG GLVEYODS
péonong amd véa dedopéva. AVt 1 TPOGOPLOGTIKOTNTA Eival kpioiun oV eEEMEN TV
otpatnykov enifeong. Ot embécseic DDoS dev mepropilovror mAéov oe amAég OyKo-
Kevpkég embéoetg. O1 emtiBépevol ypnoYLoTolovV pia TANOdPA GTPATNYIKAOV, ard
TEXVIKES YOUNANG KOl 0pYNG KUKAOPOPLOG HEXPL TPONYUEVESG TOAV-OIVUC LOTIKEG
emBécels. Avtd 1o duvapukod meptBdalov amortel peddo0vg aviyvevong mov umopovv va
avayvopicouy ypriyopo avadLOpeEV TPOTLTO, KON KOl QUTA TOV EV £XOVV
avTLETOMoTEL TOTE TpoNnyoLvpévems. H MM dwumpénel og TETo1EC KATAOTAGELG AOY® TNG
KavOTNTAG TG Vo Tposapuoleton kot vo pobaivel omd dedopéva, EMTPETOVTIAS TG VO
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aVIYVEDEL OVOUOATESG KO TTPOTLTTO TTOV TO GTOTIKG GLOTILOTA PACIGUEVO OE KAVOVES
eVOEYETOL VO TOPOPAETOVV.

> Aviyvevon Avouaiiov: Ta poviéhoa MM Eexmpilovy 6TV avayvapion avorolM®OV G
peyaia ochvora dedopévav. Ot emBécelg DDoS cuyvd 0dnyobv 6g avdUOAES AVENGELS
oToV OYKO NG KuKAOQOpiag, Tn cvuyvotnta 1 ta Tpdtuma. Ot akyoptBpor MM pmopodv
VoL oV veDGOLV OVTEG TIC AVOUOAMES Kot VoL EKOTO0VV EI00TOMGELS, AKOUT KoL OTOV
AVTILETOTILOVY TTPONYOLUEVAS GYVOGTOVS TPOCAUVATOMGHOVG EMIOECTG.

»  Avayvopien Ipotorwv: O adydpBpotl tg Mnyavikng Mabnong pmopovv va
avayvopicovuy S1aKpLTiKa Tpdtuma, 1oL Oa LTopovca Vo TEPACOVV OTAPUTI)PTTA OO
napadoctakég pefddovg. Avtd ta Tpdtuma B pTopovcay va £xovv VEOLG
TPOGOUVATOAICHOVG EMIOEONG 1] LUKPOGKOTIKES TOPAAAAYES GTOVG LITAPYOVTEG. O
alyoppot MM pmopohv vo avaAHGovv TOAAL YOpaKTNPIoTIKA Kol TIC GUVOETEG OYECELS
HETOED TOVG, EMTPENOVTAG TOVS VO KATOVOT|COVV TO TTOAVTAOKES AAANAETIOPAGELG
TPOTUTT®V KVKAOQOPiag, dtakpivovtag KakOBovAia TPOTLTA, akOUN Kot OTOV
TpocmafovV Vo KPLPTOVV PECH GTNV KAVOVIKT KLKAOQOpia.

» Meciowon Pevodoy Octik@v: AopPavoviog veoyn o evpvTePT GEPE TAPUYOVIOV Kot
CLUTEPLPOPAOV, TO LOVTEADL MM UTOpOoUV Vo EAO(IGTOTOGOVY To, WELOT BETIKA,
HELDOVOVTOG TOV OVTIKTLTIO GTOLG VOULLOVG XPNOTES Kot TOVG TOPoLS. Ta wevdmg Betikd
UTOPOLV VA £X0VV GOPOPES EMMTMOGELS GTIG AEITOVPYIEG KO TOVG TOPOLVS LLOG
opyavmong. H eEdptnomn pnévo and npoceyyioelg Paciopéveg o€ Kavoves Lmopet va
«KaTnyoped TV VO KUKAOQOpPia, TPOKAAMVTOG TEPITTEG OLATUPUYES KoL
nepropilovtag v eumelpia tov ypnotov. Ta poviéAa MM, Aapfdavovtog vadyn
GLVOMKT] KUKAOQOPi0 TOV SIKTHOL Kot TIG TOAAATAES OLOCTAGELS, LITOPOLV CNUOVTIKE VoL
HELDOGOLY TOVG YeLdeic Betikonc. Avt 1 akpifela PeATidVEL Ol LOVO TNV AEITOVPYIKT
Amod0TIKOTNTA, OAAL LELDMVEL EMIGNE TOV KIVOLVO TOL 0KOVGLOV OTOKAEIGHOD TV
VOLULIL®V YPNOTOV.

> Avtiopacn o¢ llpayuatiné Xpovo: H pdon 1ov embécewv DDoS amattei ypriyopn
aviyvevon kot avtidopaon yu va peiwbovv ot {nuiec. Ta cvotquota aviyvevong DDoS
OV TPOPOSOTOLVTAL ad TV MM Umopovv va map€yovy avaAvcn TpoyUaTikoy ypovou,
EMTPETOVTOG TV TOYVTEPT] AVAYVAOPICT] KO OVTILETOTLION TOV EMOEGEMVY, KATL TO
amopoitnto oty ghaytotonoinon tov (nuev. H duvatdtmra g MM yia avéivon
TPOAYLOATIKOV YPOVOL ETITPETEL TV OVIXVELGT] AVOUUAIDV KO KOKOBOLA®Y TPOTLTT®OV
KaBdg avtd gpeaviCovtat. Avt n toyvnta gtvor Kpioyn yio v tadon e tpoddoov
poG emifeong Kot ylo TV oo TPOnY| TOPUTETAUEVIS OLOKOTNG AEtTovPYiag 1) SOKOTNG
VINPECLOV.

H mpocapuooctikotnta tg MM onuaiver 0t pmopet va e€ehybel mapdAinia pe véeg
teyvikég emiBeong. H onpacio g ypriong g MM yia ) dudkpion peta&h puotoAoyikng Kot
emBeTIKNG KuKAoQOpiag oty aviyvevon DDoS dev pumopet va veptiundet. Xe Eva meptBdAiov
YOPOKTNPIGUEVO ad TOIKIAQ dLOVUGHATIKA eMBEcE®V Kat dtapkn eEEMEN, O TAPASOGLOKESG
néBoodo1 cuyva amodvvapmvovtal. H emde&iomta g MM oty Katavonon moAVTAOK®V
TPOTOT®V KLKAOQOPIOG, TN HEIMON T®V YELIDV BETIKMV, TN dVVATOTNTO Yo YP1YOPN
AVTATOKPLOT KO TV TPOGUPLOCTIKOTNTO GTNV acPAAEL0 LTOYPoppilel TNV dvvatdTT TNG VO
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eCeMooetal, eVioyDoVTaG TNV KVBEPVOUGPAAELD EVAVTL TOV GUVEXDS OLEAVOLEVOD ATEIATIKOD
nepariovtog Twv emBécemv DDoS.

3.2 TVmolL aAyoplOpwv Mnyavikng Madnong évavtt
emB£oewv DDoS

3.2.1 MaOnon pe emifpreyn — Supervised learning

H péOnon pe enipreyn (supervised learning) eivon pio Tpocéyyion Tng Unyovikng
péOnong mov opiletar amd ™ PO CLVOA®Y OESOUEVAV e ETIKETEC. AVTA TO. GOVOLQL
dedopévov oyedialovtal Yo va EKTOdELOVY TOVS OAYOPIBOVS, DGTE VO, KOTNYOPLOTOLOVV TO,
dedopéva 1 va poPAaémovy amoteléopata pe akpifela. Xpnoyonroimdvtag e1605000G Kot e£0301V¢
LE ETIKETEC, TO LOVTEAO LITOPEL VO LETPNGEL TNV 0KPIPELd TOL Ko vo pudbet pe v Tépodo Tov
xPOVOUL.

H pébnon pe enipreyn pnopet va yopiotel oe 300 THTOVE TPOPANUATOV:
>  To npofriuata kernyopromoineng (Classification) ypnowomoiodv évav adydpiOuo yia
vo. avTtioTtolyicovy e dedopéva dokyung (test data) oe cuykekpluéveg katnyopieg, Ommg
pio ordkpion petald UNAMV Kol TOPTOKOAMMV. XTOV TPOYUOTIKO KOG, 0VTOL Ot

aAyopBpotl propovv va ¥pnoorotnfolv yia vo TaEVOUGouY o avemBH T

unvopato o Eexmplotd PAKEAO Od T EIGEPYOUEVO TOV NAEKTPOVIKOD GOG

toyudpopeiovn. I'pappkoi ta&vopntég (Linear classifiers), Support Vector Machines

(SVM), éévrpa amodgacnc (Decision Tree) kot tvuyaiov ddoovg ta&vountéc (Random

Forest) eivat 6Lot kowvoi tHmot adlyopifumv katnyoplomoinong.

> H malwvdpopunen (Regression) sivau évag ahhog tomog pdbnong e exipreymn, mov
YPNOLUOTOEL EVaV aAYOPIOLO Yo VO KOTAVOT|GEL T o)éom Hetalhd eEaptnuévov Kot
aveaptntov petafintov. To povtéda maivopounong sival xpriopa yo myv TpoPisym
aplOUNTIKOV TIHOV pE Bacn didpopa onpeia 0e00UEVOV, OTIMG 01 TPOPAEYELS TV
€600V amd TOANGELS Yo pia dedopévn emyeipnon. Opiopévor dnpoetreic alyopdpot
TaALVdpoOUNoNG etvar 1 ypoputkn tolvopounon (Linear Regression), n Aoylotikn
nolvdpounon (Logistic Regression) kat 1 moAvwvopuikr tolvdpounon (Polynomial
Regression).

Training data

Supervised learning All data is labeled

Small portion of data is
labeled

Semi-supervised
learning

Lots of data is unlabeled

Unsupervised
learning

All data Is unlabeled

Ewkova 7 Mo auvoyn tng uadnong ue emtiBAeyn, ywplic emiBAeyn kot ue nui-emtiBAsyn
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3.2.2 MaOnon yopig erifreyn — Unsupervised learning

H péabnon yopic enipreyn (unsupervised learning) ypnotpomnotel olyoptpong unyovikng
néOnonc v v avoADGEL Kot VoL OLOOOTOMNGEL GUVOAL, OEGOUEVOV YW PIG ETIKETEG. AVTOT O1
aAyop1Opotl avakaADTTOLY KpLUUEVA HOTIPa oTa dedopéva YmPIg TNV avayKn ovOpdTIVNG
napéuPaonc (yi' awtd ko "yopic emifreyn”).

Ta povtélo pdbnong yopig enifreyn ypnoyorotodvtot yio Tpelg Poctkés pyacies:
> H opadomoinon (Clustering) eivar pia teyvikn e£6pvénc dedopévamv, Kot apopa v

OLLOOOTTOINGT OEQOUEVMV YOPIC ETIKETES, e PAOT TIC OHOLOTNTEG 1] TIG SLOPOPES TOVG.

IMa mapdoetypa, ot adyopifuot opadomroinong K-means, aviictoryilovv mapopoto

detypata og opddeg, pe v i K va avtimposmnedel to mAnbog g opadoroinong.

AVt 1 TEYVIKN Elval XpNGUUN Yo TNV KATNYOPLOTOiNGT NG ayopdc, GLUTIEST EIKOVOV

K.

> H ovoyétion (Association) givat dAhog Tomog pebodov ympic enipreym, mwov
YPNOLUOTOIEL KOVOVES Y10l VoL Bpel oxEoelg LETOED HETAPANTOV GE Eva 0EO00UEVO GUVOAO.
AvTéC 01 éEB0d0L YPNOIUOTOIOVVTOL GLYVA Y1 TV OVAAVGT TOV KOAaO10D oyopdv Kot To
GUGTNUOTO GLGTAGEMV.

> H psioon dwetdssov (Dimensionality Reduction) givot pio onpoviks texviky
pdOnong mov ypnoyLomoteital 4tav o aplpog TV YopPaKTPIoTIKOV (1) S106TAcEMV) 5F
&va, 0€00UEVO GVVOAO givar TOAD LYMAGS. Meldvel Tov aplBpd TV E1600mV ded0UEVHOV
o€ €va o dtayelpiotpo péyefog v mapdAinia Satnpel TNV AKEPULOTNTU TOV
dedopéEVmV. Zuyvd, VTN 1 TEYVIKN XPNOLOTOLEITAL ooV GTAO10 TPO-EneEePyaciog
dedoUEVOV, OTMG OTAV OVTO-KMOTKOTOMTES, APotpovy BOpLOo amd OTTIKA dESOUEVA V1oL
™V PeATioomn mTo1OTNTOG TOV EIKOVOV.

» Me emifieyn evavtiov yopis exiffieyn

O Baoikdc daywplopnog Hetald Tmv d00 mpoceyyicewv eivat 1) yprion 1 Ol ETIKETOV GTO.
ovvola dedopévev. H pabnon pe enipreyn ypnoiponotei £166500g Kot €000V OEOOUEVOV LE
ETIKETEG, EVO £voc aAyop1Opog pddnong ympig enipreyn dev to kavel. Ztnv udbnon yopig
emifreyn, o akydpiBuog "pobaivel" amd 10 chHvoro ekmaidevong Kavovtag ETOVOAUULBOVOLEVES
TPOPAEYELC Yo TAL OEO0UEVA KOl TPOSOPUOLOVTOG TNV GMOTH OTAVINGT, EVO TA LOVTEAD
péonong pe enifreyn, tetvouv va etvar mo axpipr], oAAG amattovy avOpomvn TapéuPocn ek
TOV TPOTEP®V Y10 VAL ODGOVV ETIKETEG GTA OEOOUEVA [LE KATAAANAO TPOTO.

Ta povtéra pdnong yopig enifreyn, avtiBeta, Aettovpyodv pHova TovS Yo Vo
AVOKOADYOLV TNV EYYEV OOUT TOV OEGOUEVAOV, YOPIS aVTA Vo £XOVV ETIKETEC. 2GTOCO, TPEMEL
vo onpelmBel Tmg oo Kol avTd To dedopévVa, xpetdlovTal Kamowo avBpamivn mapépfacn yio
Vv EMKLP®OT TOV PeTAPANTOV e£6d0v. ['a Tapdderypa, Eva LovtéLo U emPAETOUEVIC
naonong pmopel va avoyvopiost 0Tt ot online ayopactég cuyva ayopalovyv opddes TpoidvImv
tavtoypova. Qotdc0, Evag avarlvTig 0edouEVaV Ba TPETEL VoL EMKLVPMOGEL OTL £XEL LOYIKO VOO
1 opadomoinon amd Tov alyoplopo.

Ymv pabnon yopig enifreym, o otd)0G eivar va amokTnOoVV e16ay®YEG 0md PEYIAO
OyKo VE@V dedopEVOV Kot ETOPIETOL GTO LOVTEAO, va kKoBopilet Tt efvatl dtopopeTikd N
eVOLLPEPOV amd TO cVVOAD dedopévev. H ndbnon pe emifreyn, stvon o omdn péBodog yua
xpNon pnxavikng pabnong, cvvibag pe xpfion g R 1 Python, pe mv pabnon yopic enifieyn,
va ypetdlovtal 1oyvpd epyoreia Yoo TV epyacio e peyaio pun taSivounpévae cOvora
dedopEVMV, e TOL LOVTEAD VO vl VTTOAOYIGTIKA TOAVTAOKA, KAOMOGS yperdlovtot peydio
OVUVOAO EKTTOUOELONG Y10 VO TAPAYOLV TO. EMOLUNTE ATOTEAEGLLOTOL.
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3.2.3 MaOnon pe nui-eripieyn — Semi-supervised learning

H pébnon pe nui-enifreym yepupovel Tig teyvikég ndonong pe enifreyn kot yopig
emiPreym, yio vo avTILETOTICEL TIC POCIKEG TPOKANGELS Ko TV 000. Me avtiv ) pnébodo, Eva
apyKd LOVTELD EKTTOOEVETOL LE KATOLO OETYLLOTO TOV £XOVV ETIKETEG, KO OT GLUVEYELQ,
eQUPUOLETE ETAVOANTTIKA TO LOVTEAD OWTO GE Eval LEYOADTEPO aplOUO OESOUEVOV YMPIg
etikétec. Avtifeta pe T pn emPrenopevn pabnon, n nui-emPrenopevn pdbnon Aettovpyet yio
pio Totkido TpoPANUATOV omd TaSvoun o G opadoToinon Kot cuoyeTicnd. H ypion pikpod
OYKOV OEOOUEVMV LE ETIKETO KO LEYAAWMY TOCOTHTOV YMOPIG, LEWDVEL T ££000 Kot TOV YpOVO
TPOETOLAGIOG TMV OEGOUEVMV, LE TOL OEOOUEVA YMPIG ETIKETA, VO Elval TAOVGL0, EDKOAN
npocPdaoio kot Onva.[35]

AVO yapoKTNPLoTIKA Topadelypata eival n 0VTO-EKTOIOELON KoL 1] GLV-EKTAIOELOT).

H dwdwacia otnv avto-gkraidgvuon, eivar  Aqyn onotacdnmote pebddov pdbnong pe
emiPreym, o TaEvounon 1 TOAVOPOUNGT], KO GTIV GUVEYEL, 1 TPOTOTOINGT| TG Yol VO
Aertovpyel pe nu-emPAeTOUEVO TPOTO, EKUETAAAEVOUEVO OEOOUEVQ e ETIKETES Kol Yopig. H
pon epyaciog eivar o¢ €ENg. EmAéyeton pio pikpn mocdtnTo 0£d0UEVOV UE ETIKETES, Y10
TOPASELY LA, EIKOVEG TTOL OElYVOVV YATEG KOl GKOAOVG LLE TIG OVTIOTOLYES ETIKETES TOVG, KO LE
T ToL dedOUEVH EKTTOOEVETOL £V factkd HLOVTEAD cuvnBiouéveY nebddwvV nabnong pe
emifreyn. Xt cvvéyeta, epapuolete pia Sadikasio, YOOI WG YELOO-ETIKETOTOINGT, LE TO
EKTIOOEVIEVO -EV UEPEL- LOVTELOD, VO XPTCULOTTOLEITOL Y10 VO KAVETE TTPOPAEYELS GTO VTTOAOLTOL
dedopéva Tov dev £0VV aKOUO ETIKETEG. ATTO WTO TO oNElo, TaipvovTal ot o PEPateg
TPOPAEYELC TOL £KAVE TO LOVTELOD, TPOCTIOEVTAL GTO GUVOLO SEGOUEVOV LIE ETIKETEC KO
dnpovpyeite éva vEo GHVOAD, GLVOVOCUEVOV EIGOOMV Y10 EKTTALOEVOT) EVOC PEATIOUEVOL
HOVTELOVL.

H ocvv-gkmaidevon, amotelel ) Beltiopévn £€K60om TG VTO-EKTAIOELONG Kol
YPNOLOTOEITAL GTOV VTLAPYEL LOVO L0, LKPT] TOGOTNTA OEOOUEVOV [LE ETIKETEC. AvTifeTal pe
TNV TUTIKN S1001KAGT0, 1) CLV-EKTAIOELOT EKTAOEVEL dVO EgYwPLoTovS TaStvounTéG Pdoet OVO
Oyewv TV dedopévmv. Ot Oyels eival Bactkd S10pOoPETIKA GUVOLN YOPOKTPIOTIKAOV TOL
TaPEXOVY EMTAEOV TANPOPOPIES Vi KbOE TapadetyLa, mpdyo Tov onpaivel 0Tt elvan
aveEdptnreg oG Tpog TV KAdom. Emiong, kabe oyn eivar emapxng - | KAGon delypuatog
dedopévov pumopel va mpoPrepdel pe axpifeia amd kdbe cHVOLO YOPAKTNPIOTIKOV 0md HOVO
tov. H dradwkacia, kot modt, apyikd exmaidedel kdbe ta&tvounty o€ KaBe Oyn, YpNoUYLOTOIDOVTOG
[0 LKpn ToGOTNTO. 0t0 TOL OEGOUEVOL LE ETIKETEG. XTT GLUVEYELD, TPOCTIOETOL TO LEYAAVTEPO
OUVOLO JESOUEVOV Y®PIG ETIKETEG, Y VoL TopayBovv ot yevdo-etikétec. Ot TaSvounTtég Guv-
EKTOLOEVOVV 0 £VOG TOV AALO YPTCLULOTOLDVTOGS TIG WEVOO-ETIKETES, LE TO VYNAOTEPO EMITEDO
BePardttag. Eav o mpmdtog ta&ivountc mpoPAénet pe PefordtnTo TNV TPAYUATIKY ETIKETA Y10
éva delypa 0edopévav Kat 0 0e0TePOG Kavel AaBog TpdPAeyn, T0TE TO dedopéva e Tig PEPaeg
YEVOO-ETIKETES TOV EYOVV ovaTeDEl 0O TOV TPMOTO TAEIVOUNTY|, EVIILEPDVOLV TOV dEVTEPO
ta&vount) Kot avtioTpoemc. To televtaio Pripa teptiapuPdvet T cuvOLAGHEVT XPTOT TOV
TPOPAEYEDV 0md TOVG OVO EVIUEPMUEVOVG TOEIVOUNTES, Y10, TO TEMKO OTOTEAEGHO TAEVOUNONG.

Evd n pdbnon pe emifieym £xet ta mAeovekTHOTA TNG, 01 TEXVIKEG LdONnoNg e
emiPreym Kot yopic eniPAeyn, ypPNOHOTOOVVTOL TO GLYVA 6TV aviyvevon embécewv DDoS.
Ot pébodot pe emifreyn, ekpeTaALledOVTOL SESOUEVA [E ETIKETES EMIOECTG KOL KOVOVIKOV
dedopévmv, v ot uEBodot ywpic emifreyn, ETIKEVIPOVOVTAL GTNV OVOYVMDPLCT] OVOLOALDY GTN
SIKTLOKT) Kivnon.
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3.2.4 Ewwoyvtiki padnoen — Reinforcement learning

H evioyvtikn pdbnon aeopd Evav mpdktopa mov e£gpeuva Eva AyvmaTto TeptBaAlov yia
va emtoyel éva otoyo. H evioyvtikn pddnon Paciletor oty vrdBeon 6TL OA01 01 GTOYOL
UTTOPOVV VO TEPLYPAPOLY OO TNV HEYIGTOTOINGN TNG AVOUEVOUEVIS GUGGMPEVTIKY OVTOUOPNG.
O mpaktopag Tpémel va Labet vo avTIAauPAveETOL THV KOTAoTOGT TOV TEPPAALOVTOG, e GKOTTO
va ethyel TNV péytot aviapolPny. To tvmkd mhaicto g Evioyvtikng Mabnong avtiet and 1o
TPOPANLa ToL BEATIGTOV EAEYYOL TV Aladikactdv AMyng Atopdcemv tov Markov (Markov
Decision Processes - MDP)[36].

Mua ypfioIun HETPIKN Y10 TO GUEGO OPEAOG, eivan 1] cuvdptnon aéiag, 1 onoia
QTOTVTIMVEL TN GUGGMPEVTIKT AVTOLOP TOV avapéveTal va cVAAEYDel amd ekeivn TV
KOTAGTOOT Kol LETA, 6TO dtdoTnpa Tov akoAovlel. O 6tdOY0G VOG alyopiBUOL EVIGYVTIKTG
naonong, eivatl va ovoKaAOWEL TNV TOATIKY EVEPYEL®V, TOV B0l LEYIGTOTOMGEL TV HEGT TN
g ovvaptnong a&iag mov umopet va eoyBel amd kdbe KOTAGTACN TOV GLGTHLOTOC.

Ot ady6p1Bpot evieyvTikng pdnong pmropovv va Katryoplonombobv o adyopifuovg ympig
povtélo (model-free) ko pe povtého (model-based). Ot adydpBpor ywpig povtéro, dgv
Kataokevalovv éva pntd poviédo mepPdriovioc (dniadn MDP), adrd elvar mo kovtd o
aAyopifpovg SoKIUNG-AA00VE TOV EKTEAODV TEPALATO GTO TEPIPAAAOV KOl TAPAYOLV TV
BEATIOTN TOMTIKY EVEPYELDV.

Ot akyopiBuot ywpic povtéro sivan gite Paciouévor oty aia gite otnv moAttiky. Ot
alyopdpot faciopévorl oty aéia Oempodv 0T 1 BEATIOTN TOMTIKY amoTELE] AmOTELECHLA TG
exTiunong g ocvvdaptnong oo kabe Katdotaong, Le akpifelo. XpnoLorounvtog Lo
aVadPOUIKT GYECT, O TPAKTOPOS OAANAOETIOPA e TO TTEPPAALOV Y1 VOL OEIYLUATOANTTNGEL
LOVOTATIO KATOGTAGEMV Kol avVTUUOIPOV. AEGOUEVOV APKETMOV LOVOTOTIOV, UTOPEL Vol
ekt Ot n cvvaptnon aiog oo MDP. MoMg yvopileton 1 cuvaptnon a&iog, 1 avakaivyn
™G PEATIOTNG TOATIKNG Elvarl amAdg BEpa KpItnpiov amANGTOTNTAG GE GYEOT LE TNV GLVAPTNON
a&log og KGOe Katdotoon ¢ dadkaciog.

Ao ™V GAAN TAeVPA, 01 alyOp1Ool BACIGUEVOL GTNV TOAMTIKY] EKTILOVV amevdeiog TV
Bértiotn molttiky, xwpig va poviehomotohv t cuvdptnon aéiag. Me to va Bpickovv v
TOMTIKY ameVOEinG YPNOILOTOLOVTAS BAPT TOV EKTAOEVOVTOL, LETOTPETOVY TO TPOPAN AL
naonong o éva mpoPAnua Pertiotonoinone. Onmg kat pe Tovg adyopibuovg Pacicpévoug oty
a&la, 0 TPAKTOPAG SELYLUTOANTTEL LOVOTATIO KATAOTACE®MV KOl AVTOUOBAOV, OU®S TP, O
o010)0¢ givor 1 amevBeing PeAtion TG TOATIKT, [LE OUTOTEPO GKOTO TN LUEYIGTOTOINGT TNG
HEOMG TIUNG TG cvvapTnong a&ilag oe OAESG TIG KATAGTAGELS.

Ot akyopiBpot evioyvTikng pabnong pe povtéro (model-based), kataokevalovy éva
HOVTELO TOV TEPIPAAALOVTOC OELYUATOANTTOVTOS TIG KATUOCTAGELS, TOIPVOVTOG EVEPYELEG KO
TOPATNPOVTOS TIG avTopolBES. [ kKabe KatdoTaon Kot duvaty evéEpyela, To LOVTELD TPOPAETEL
TV aVapEVOUEVT OVTAIOPT Kot TV avapevopevn peAlovtiky kataotaon. H mpo elvan éva
TPOPANLA TOAVIPOUNGNS, EVO 1) Oe0TEPN €lvar £va TPOPANO EKTIUNONG TUKVOTNTOG,.
A&gdopévou evOg LOVTELOL TOL TEPPAAAOVTOG, O TPAKTOPOS UTOPEL VO GYEIAGEL TIG EVEPYEIEG
TOV YOPIg Vo OAANAOETIOPA Gpeca e To TeptPdArov, KTl To omoio Buuilel v avOpdmivn
nopeia okEYNG otV TpootdOela va emiAvong evoc TPoPANLLATOG.

Qo1660, 6T0 TAAic10 TV eMBEcewv DDoS, pe 1o mepipdirov drantépa ToAOTAOKO, 1
onovpyia vog akpPoig poviélov ivar SvokoAn. Axoua, ot embéoceic DDoS amottovv
AVTIOPACELS TTPAYLATIKOD YPOVOL, EVA Ol TPAKTOPES Y1 VoL LABOLV, amatovy onuavTikd ypdvo
Kot pe Tig embéoelg DDoS va pmopovv va Tapovv ToAAEG LOPPES, 01 TPAKTOPES AVTILETOTILOVY
dVOKOAIEG GTO VO TPOCAPUOGTOVV YPYopo o€ VEQ Kol anpOPAenta tpdTLTa eniBeonc, e TO
TOPOTAVE® VO OAMOKANPOVEL TNV OVTIANYT] Y10 TV AOVVALT TOPOVGIN TG EVIOYLTIKNG Labnong
oToV YOpo TPOANYNG emBécemv DDOS.
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3.3 OzpsAwdelg adyoprOpor Miyxavikng Mabnong pe
emiBAeym

3.3.1 Logistic Regression (LR)

H LR avrkel oty otkoyévela Tov HOVTEA®V unyovikng pdbnong pe emifieyn. Zov
alyopBpog ta&vounong, ypnoponoteitor cuvnlwg yo Ty exilvomn TpoPAnpdTev SvadIKNg
Ta&vounong. Xt dvadiky taStvouno, vdpyovy dedopéva pe 600 mbaveg KAAGEIS N
amoteléopata (cuvnBwg 0 kKot 1), Kot 0 6TdY0g Elvar 1 KATAGKELT EVOC LOVTELOL TOV UTOPEL v,
TpoPAEyEL o€ oo KAGOT aviKovy véa onueio dedouévmv pe BAon To YopaKTPLOTIKAE TOVC.

H LR ektipd v mBavotta vog suuPdvtog va cuufetl, Ommg yneioe 1 dev ynoioe,
Baciopévn o éva cuVOAO dedopévev avesdpttov petafintav. Epocov 1o anotéhespo eivot
pa mhovotnta, n eEaptapevn petaPfAnt neplopiletan peta&d tov 0 kan 1. O tpodTOC e ToV
omoio n LR Aettovpyel, eivon mpoomabdvtag vo LEYIGTOTOMGEL Tr GLVAPTNON TNG UEYIOTNG
mOavoedvelog (maximum likelihood) Lo def Mican fon KOV = fup ()0

def 1
we  Jwp(X) =
Y10 VoL TPOGOLOPIGEL TOVG GUVTEAEGTES TOV LOVTEAOV, SOKLUALOVTOS O18pOopES TIES TOV PrTa
HEG® TOALOTTAMY ETMOVOAMYEDY, OGTE VO PEL TNV KOADTEPT SLVATY) EPAPLLOYT.

AoV Bpebet 0 PELTIOTOC CLUVTELEGTNG (1] CLUVTEAECTES Y1 TEPIGCOTEPES OO Lo
aveEdptnreg LETAPANTEC), uTOopoHV Vo VITOAOYIGTOVV 01 Opot TOAVOTNTOG Yo KAOE TapaTpnon
KoL VTOAOYIGTOVOV, Umopel vo TpokLYeL pia TpoPAremopevn mhovotnta. o dvadikn
ta&vounon, o Thavotnto pikpoteptn amod .5 6o wpofréyel 0 evd pio mBavotnTa peyolvtepn
and 0.5, O mpoPAréyet 1.

Prabability of passing exam varsus hours of studying

1.001 - - - - L] = * = = ®

Probability of passing exam

- - - - - - - - - -

Hours studying

Ewkova 8 H atyuoetdng kaumuAn mou xpnotwuornotei n LR

HEeKvOVTOS 0md T0 GHVOLO OEOOUEVMV TTOV TEPLEYEL TAPOUDEIYLATO LLE ETIKETEG, KAOE
TopAdELYpLa £XEL EVAL GOVOAO YOPUKTNPIOTIKAOV (aveEApTnTEG LETAPANTEG) KO ia ovTicTOyN
etikéro kKAaong (0 M 1). H LR mpoorabel va Bpet tnv kaAdTepn @approyn piog KoumOAng
oYNUOTOG S (KAUTOAT GLYLOELD0VE) TOV OVTIGTOLXEL T YOUPOKTNPIGTIKA TNV TOAVOTNTO VI|KEL
ot Betikn KAdon (khdon 1). 'Eva mapddetypo ovtig g o1yHogdovs KapmvAng divetot oty
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gwova 8, LLe TNV Katryoplonoinom va £xel va Kavetl pe v mibavotnta tpofifacuov and o
e€étaon avdroya pe to Sdfacpa.

O ahyopBpog mpocappolel Tovg cLVTELEGTEG TOV GyeTilovTan pe KAOE XOpaKTNPIETIKO
Yl VO EAOLYIGTOTOGEL TNV GUVAPTIOT ATMOAELOG, TOL HETPA TN OLALPOPE AVALEGO OTIG
TPoPAETOUEVEG TOAVOTNTEG KO TIG TPAYLLOTIKES ETIKETES KAGOMG. [l éva cuykekpipévo chvoro
YOPOKTNPLOTIKOV E16080V, VITOAOYILETAL O YPOPUIKOC GLUVIVACUOE WX+D Kot oTn cuvéela
TEPVAEL LECH TNG CLVAPTNONG GLYUOELDO0VE, Yo va Pyet | tpoPrenoduevn mbovotnta.[37]

3.3.2 Support Vector Machine (SVM)

To Support Vector Machine (SVM) eivat évag odyoptOpog punyavikng pabnong pe
emifreyn, mov ypnotponoteitat Kupiwg yro Katnyoplonoinot. Amoteret Evav 1oyvpd alyopdpo,
oL Ppiokel Eva vEPEMINESO G EVav YDPO VYNANG 100TACNS Yo va yopicetl BEATioTO
duapopeg katnyopieg dedopévmv. O Pacikdg otdyoc evog SVM givar va Bpet 10 KaADTEPO
SVVOTO VITEPETIMEDO OV LEYIGTOMOLEL TO TEPIODPLO HETAED TWV KOTNYOPLDV, EXLTPETOVTIOG
KaAVTEPT Yevikevon o€ adtakpita dedopéva. Ta SVM etvar yvootd yio v ikavotntd Toug va
YEPLGTOVV OESOUEVE VYNANG S1A0TAONS, TV 0vVOEKTIKOTNTA TOVG £VAVTL TNG VITEPEKTAIOEVONG
Kol TNV eveMEla TOVG HEGM NG XPNONS OLULPOPETIKOV GUVOPTNCE®Y TUPVA. 26TOCO, UTOPEL VoL
elvai ypovoPopa yio peydlo GOVoAo dESOUEVOV KOl OToUTOVV TPOGEKTIKY pOOLIOT TV
TOPAUETPOV, OGS 1| TOPAUETPOG Kovovikonoinong (C) kot n emloyn tov Toupnva.

KdaBe onpeio dedopévav avamapiotatol g £vo S1GvuGHO GE £VaY XMPO LYNADV
dwotdoewv. O otdyoc eivan va Bpebdet Eva vrepeninedo mov va daympilel BEATIOTO TOL oNUEiDL
OEOOUEVOV OAPOPETIKAV KAAGEDV. XTIV UNYAVIKY] Labnon, to 0p1lo mov ywpilet ta
nopadelypata S1POPETIKOV KAAGE®V, Aéyeton Oplo andpacng (decision boundary). H e&icwon
TOV VIEPEMMEOOV, SIVETAL QIO OVO TAPAUETPOVS, EVA OAVLGHA W {10V O100TAGEMY LE TO
YOPOKTNPLOTIKO SIOVOGHO X KoL VOV TPOYUATIKO aptOud b: WX + b .

O aryop1Bpog TpoPAémet TNV KAGOT TOL TOPAOEIYLATOS X LECH TNG CLVAPTNONG:
y = sign(wx — b), 6mov Sign givar pofnpatikn cuvapTnon Tov SEXETOL WG EIG0J0 0TOONTTOTE
TN Kot emotpéPel +1 og mepintwon mov 1 elcodog givar OeTikde apBuds, eved oty avtifetn
TEPIMTOON EMOTPEPEL -1. TdY0C TOV
SVM aAyopiBuov eivar to vontd
vrepeninedo, mov ywpilel To Betikd amd

«2)

TOL OPVNTIKA TOPAdELYpLaTo v £XEL OGO TO
duvatov peyaldtepo mepddplo, TNV
AmOGTACT) TV VO TO KOVIIVAOV
TOPOOELYUAT®V TOL VKOV GE KAOE
KAGoT. AVTd To TANGLEGTEP ONUEiDL
dedopévev ovopdlovtal «OTOGTNPIKTIKE.
dtavoopatay. o va emrevybel avtd
npénel va ehayrotomombei  Eviieideia

vopuo Tov W (cupporileton [w||) ko . ' v
o ¥
4
divetan and Tov TOTO ’Zle (w’)? |, 6mov
Ewkova 9 lMapadetyua Staxwplopou Suo SlaoTacewy UE
D 1o m\n0o¢ TV duotdoemy. unepenineso
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Ta SVM emutpénovy évo paiaxkod mteptddplo, Tpdypa mov onuaivel 6Tl emtpémovy Alyeg
AavBoGHEVEG TAEIVOUNGELS TPOKEWEVOD VoL emTELYDEL Evag KOADTEPOS GUVOAIKOG SLOY®PICUOG.
H woppomia petatd g peyioronoinong tov meptBwpiov ko g avoyns Aavlacsuévey
Ta&VOUNGE®MY EAEYYETAL OO TNV TAPAUETPO Kavovikormoinong C. Mmopolv va, avtipetonicovy
OMOTEAEGLATIKA TEPITTMGELS OOV TA. OESOUEVA OEV EVOL YPOUUIKE S10Y®PIGILO GTOV aPYIKO
YOPO xapokploTik®V. H te)viKn mupriva meptiapfdver tn HeTOTpOT TV 0E00UEVOV GE EVOV
YDPO VYNAOTEP®V S10GTAGEMV YPTCLULOTOLDVTOAG LU0 GLUVAPTNOT] TVPHVA (.. TOAVOVULLIKT,
ouvaptnon Paong Padpidag), kKabGTOVTIG Ta SEGOUEVA YPOLLUIKA dtoy®pictpLa.

MoMc to povtého ekmadevtel, e€aptdton LOVO amd Vo VTTOGVUVOAO TV OEOOUEVOV
ekmaidevong mov ovopalovtal VTOGTNPIKTIKA dtovocpata. O Tivakog Tupfva, Tov
neptlopPavel To ecOTEPIKA YvVOpEVO HETAED OAmV ToV (gvyopldv onueinv dedopévev, pmopet
Vo TPOVTOAOYIGTEL EK TOV TPOTEPWV Y10 VO LT LVOOVV o1 TpoPAéyelc. ['a va ta&tvounoet
éva véo onpeio dedopévev, 1o SVM alloroyel t B€on tov o€ oyéon e to vrepeninedo. Eqv
Bpioketon og pia mhevpd, taSivopeitor wg pio kKAdon, av Bpioketon otnv GAAN TAELPA.,
ta&vopeitor mg 1 GAAN kKAGom.[38]

3.3.3 Random Forest Classifier (RFC)

To Random Forest Classifier givot puo dnpuo@idfg pébodoc pnyaviknig pabnong pe
emipreyn, mov ypnotponoteitat 100 Yo TaEvOUNoN OGO Kot Yo TPOPANLUATO TOALVOPOUNOTG.
Amotelel po eméktaon tov adyopiBuov Decision Tree Classifier kot eivat yvootog yio thv
amotelecpaTikKOTNTA Kot TNV eveMéia Tov. Ot kuprdtepot dEoveg Aettovpyiag Tov opilovtan
TOPAKAT®. Apyikd, 0 alydpiOuog axorovbel v dradikacio tov bootstrapping. Zvykekpiuéva,
dnpovpyet ToAra dévtpa andpacng (Decision Trees), yio va gilcaydyet TokiAio peta&d ovtdv
TOV 0EVIPWV, YPNOOTOIDVTOS TV TEYXVIKT TNG TVYXOL0G SEYUOTOANYING LE OVTIKATAGTAOT).
Anhadn yo kGBe 0EVTpOo, dNpovpYEiTAL £Va TUYOHO VTTOGVUVOAO TOL OPYLKOD GUVOAOV
exmaidgvong. Avto 10 VY0 VITOGVVOLO TTEPLEYEL TEPTITOV dVO TPITA TOV OPYIKAOV dESOUEV®DV,
Ko OpIopéva onpeio dedopévev pmopel va erovoineovv, eved GAla pumopel vo Taporeipfovy.
Ka0e 6évtpo 610 0660¢ ekmaideveTal GE £voL Amd ALTA T TVYOHO VITOGVVOALL.
2NV GLVEYELD, EKTOG OO TN
derypotoAnyia 0e00péEVOV,

Instance 10 RFC e16dyet eniong
Random Forest _— | TUYALOTNTO OTNV EMAOYY| TOV
: e W YOPUKTNPLOTIKAOV KOTA TN

Random Forest Simplified

/o‘_,__. !) = \ My omopacsmy o8 Kabs
V \ -~ AR T, \ J4 e ,
g/% go\;\ P/Og ?ﬁ} 51)0 KkOpPo tov dévrpov. Avti va
\ A AN o o W = \ p Aapfavel voyn OAa Ta
SbdbEbED dddd bW Jodb duady M "’Fx )
Tree-1 Tree-2 Tree-n YOPOKTNPLOTIKA, AapPdver
vréYN Hovo Eva Tvuyoio
Clogs-A Class-B Class-B VITOGVVOAO TV

| YOPOUKTNPLOTIKAOV Yol KAOE
[I\‘ﬁUOﬁl.\-\'ﬂli":‘! ' mOov StaxAddmon. Avti 1
Final-Class] 81(161’1((101(} OV(’)HGCSTUJ
S Tuyaio emAoyn

Ewéva 10 Adomotnuévn axnuatonoinon tou Random Forest Classifier XOPOKTNPIGTIKOV KOL O
010Y0G TG elvar va petmbei 1
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oLOYETION HETAED TOV HEHOVOUEVAOV SEVIPOV GTO dAC0G, KAPIGTOVTOS TO O TOIKIAN Kot
My6tepo mBava v VTEPEKTOOEHOVTAL.

Kda0e dévipo andpaonc oto RFC avantiocoetatl aveaptnta. Zuvnwg, ta dévipa
AmOPAOTG EMTPETETAL VO 0vOTTUYOOVV Pabid péypt va ptdoovv 6e £va cLYKEKPIEVO BAB0G 1
LEYPL VO TANPOVV £VaL KPLTNPLO SLOKALO®ONGS, OTI™G Eva eEAGIGTO aplOpd SetydTmV OV
OmoTOOVTOL Y10 oL OIKAGOMOT 1 LEXPL N TEPAUTEP® SLOUKAASMGT VoL UV PEATIOVEL TNV
«kaBopdmTon (Yo Ta&vounon) 1 to HECO TETPUYMVIKO GaAua (Yo Tadvopounon). [a ta
mpoAnuata TaEVOUNoNG, OTAV £PYETOL 1) GTIYUN Vo YiveL Lo TpOPAEYT|, KOE dEVTPO GTO dAGOG
ynoilet yuo v KAdon mov mpoPAénet. H khdon pe Tig meplocdTEPEG YHPOLS OVAUESO GE OAN TO
dévtpa yiveton 1 TeMKN TpoPAemoOpevT kKAAon. Avtd ovopdleton "TAstoyneio yneov". T'a
TPoPA LT TOAVOPOUNONG, KAOE dEVTPO TapEYet Lo aplOuntiky TpoPreyn. H tehkn
mpoPreym v To RFC givar o pésoc (LEcog) 6poc OAmV TV TpoPAéyemv Tov yivoviol omd To
HEHOVOUEVQ SEVTPOL.

To tehkd amotéreopa Tov RFC, givar to cuykevipopévo amotéreouo OAOV TV
LELOVOUEVOV TPOPAEYEDV TOV SEVIPMOV. AVTN 1) GUYKEVIPMGN UELDVEL T1) LKV LLOVOT] Kot
tetvel va mapdyel mo otabepéc Ko akpieic mpoPAéyelg oe GUYKPIoN LE VO LELOVMOUEVO
JEVTPO OmOPOoNC.

Ta RFC avrikovv otnv okoyévela tov ensemble learning, 1 onoia wepthapBdaver tnv
YPNON TOAADV HOVTEA®V Y10, VO TETVUYEL KAADTEPEG TPOPAEYELS. ZuvovalovTag TG TpoPAEYELS
TOAADV SEVTPOV OTOPACTG TOV EKTALOEVOVTOL GE EAAPPADS OLUPOPETIKE VITOGHVOAD OEOOUEVMDV
Kot yopoktnplotikadv, 1o RFC mapéyovv Evav 1oyvpo Kot E0EAKTO olyOplOHo U ovIKNG
HUaONoNG mov UIoPEL VoL AVTILETOTIGEL 10, EVPELD VKA EPYACIDV, AKOUO KOL L€ GUVOAQ,
JEJOUEVMV LE AVICOPPOTLOL KO TAPEXOVY KOAVTEPN aKpifeta amd Eva Ldvo dEVTIPO AmOPOoNC,
&yovtag ynin axpifela ko pikpd kivévvo vrepeknaidevonc[39].

3.3.4 Naive Bayes (NB)

O Naive Bayes &ivot évag movotikog adyoptfpog unyavikng padbnong mov
y¥pNoLomoteital kKupimg yia epyacieg ta&vounongs. Baoiletar oo Osdpnuo tov Bayes kot
ovopdleton "apelng" emeldn KAvel po amAomotuévn vroBeot, OTL T YOPOKTNPLGTIKE TOV
xpNoonotovvtot oty tagvounon gival vd cuvinkn aveEaptnta. Avt n vrodeon
ovopdleton "apelng" Kot amAomolel ONUAVTIKA TOV VTOAOYIGUO EVOD TOPAyEL KAANL
AmOTELECLLATOL, WO10ATEPO OTNV TOEVOUNGT] KEWEVOD KO GTNV aviyVeLoT) avemBOUNTG
aAAnroypagiag (spam filtering). H Aeitovpyia tov cuvoyileton ota e€ng:

» To Oedpnpa tov Bayes: O NB Baciletar 610 Osmdpnpa tov Bayes, éva Oepehimdeg
Beopnuo mbavotikng Oewpiag mov ypnoyonoteitat yio TpoPAEYEIS N ElKacieg PAcel TV
otoyeiov. To Osdpnua tov Bayes dratvndveratl og e€ng:

__P(BIA)-P(A)
AAB===,05

e P(AIB): H mbavotnta tov suufavtog A va copfel dedopévov 6Tt cuvePN o cuppdy B.
e P(B|A): H mBavomta tov cupfavtog B va cuufei dedopévov 6tL cuvéPT to copfav A.
e P(A): H andctaon mhovotnto Tov cupfdvioc A.
e P(B): H andéotacn mbavotta tov copPavoc B.
Y10 mAaicto ¢ taivounong pe tov NB, to A avtimpooomrevet v eTikéTa TG KAAONG 1) TV
Katnyopia wov BEAovpe va TpofAéyoupe Kot 1o B avTimtpocsmrenel T YapoKTNPIGTIKA YEVIKA 1|
TOL YOPAKTNPLOTIKA TTOL cLGyETIovTaL e Ta dedopéval.
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» H Agemic Yno0eon: H "apelnc” vidBeon tpoépyetar amd v vodeon, 0Tt Ta
YOPOKTNPLOTIKA TOL YPNCLOTOIOVVTOL Y10 THV TaSvounon eivat vtd cuvOnkn aveapnra,
dedOUEVNC TNG ETIKETOG TNG KAAONG. AVTO onpaivel 6Tt n Tapovsio 1 omovsio vog
YOPOKTNPLOTIKOV OEV EMNPEALEL TNV TOPOVGIO 1) ATOVGIK AALOL YOPAKTNPIGTIKOV.
MoOnpartikd, ovtd propet va ypoapet og e&Ng:

P(X1,X2,...,XnlC) = P(X1|C) - P(X2[C) - ... - P(XalC)
omov P(Xi|C) eivar n mBavdtnta tov yapakmpiotikov Xi dedouévn v kidon C.

» Exrmaidogvon tov Tadwvopnti NB: 'a va exkroidevtei évog ta&vountg NB, ypetaleton
€va cHVOAO OEOOUEVMV LE ETIKETEG KO TAPUOETYLLOTO SLAPOP®V KAACEWDV, LE TIC AVTICTOLYES
TIEG TOV YOPOUKTNPLOTIKAOV TOVS. AvTo Kobiotd tov NB, évav adydpiBpo pabnong pe
enifreym. O alyopiBuog vroroyilel Tig
aKoAov0eg mBAVOTNTES Y100 KAOE
KAdon:

o [Ilpoemieyuévn Ihi@ovornra P(C): H Likelihood
mOavotTo TG KAbE KAAoNS va
eupaviCetoar 610 cHvoro
dedopévmv. Mmopet vo extiun el

AN
®G TO KAAGLLOL TOV TOPOUOELYLATMV D \ N
670 GUVOAO EKTOIdELOTG TOL { Bayes’ Theorem |
aviKovv Gg Kade KGO, l
e [NiBavotnro LovOnrns Kiaons P(Xi

[C): T k&Be yapaxtmpioTikd Xi
repoona fos X1 530 *
nopatipnong tov Xi dedopuévng g

KAdong C. Yroroyileton pe Baon

T1g epgavioeig Tov Xi péoo ota Ewova 11 Synuatikd o Naive Bayes
napodeiypata g kAdong C ota

dedopéva eKTaidevong.

> Tpoépreyn: Mo o Ta&vountig EKTadeVTel, Lmopet va ypnoomomOei yio tpoPréyelg oe
véa 0edopéEva. AedopEVov EvOG GUVOAOD YapaKkTNPIGTIKAOV X Yo £va VEO oNUEID OEO0UEVOV,
o ta&wountg vroroyilel v mBavotta kébe Khdong C ypnoyomoidvag to Aemdpnia Tov
Bayes:
_ PXIC)-P(O)
P(CIX)= B
pe P(CIX), n mbavoémra 6t 10 onpeio dedopévov aviket oty kKhdon C dedopévov ta
yapaxmmpilotikd X, P(X|C) to yivopevo tov mbavotitmv cuvOHKNg TOV XOPpaKTNPLOTIKOV Y10,
Kabe yapaxmprotikd kat P(C) eivon n mpoemideypévn mbavotnta g kAdong C.
O ta&wountg avabétel Ty €TikéTa oTNV KAGON e TV peyardtepn mbovotnto.
[TpoPremduevn Kidon = argmaxcP(CIX)

» E&opaivven: XV npdln, oploUEVEG TYES YAUPOKTNPLOTIKAOV EVOEYETOL VO, UMV
eupaviCoviot 6ta ded0UEVO EKTAIOELONC Y10 L0 GUYKEKPLULEVT KAAOT], 00NYDVTOG GE
undevikég mbavotntes. o v avTIHET®OTION VTOL TOL TPOPANUOTOS, GLYVA
ypnoponoovvtan TeXVikEg e€opdAvvong onwg n eEopdivvon Laplace (mpocBet
eEopaAvvon) yuo vo amo@evyBovv undevikég mbavotnteg Kot va yivel o Ta&tvountig mo
avOEKTIKOG.
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O aAy6p1Bpog NB, eivatl vToAoyioTikd amodoTikOg Kot KAUAKMVETOL KOAG LLe PLEYAAM
GUVOAQ, OEGOUEVIOV KOl YDPOVS YOUPAKTNPIOTIKMOV DYNADY SL0GTACGENDV Kol AVTILETOTILEL OPKETA
KoAd dedopéva e avicoppomia, 101KA Otav ypnotponoteiton eEopdivvorn (smoothing). QotdG0,
o€ mepimAoko TPoPANHOTO, TOL TAPOVSIALOVY dEGOUEVE VYNADV OUCTAGE®V, OTWG EIKOVEG,
NY0G 1 GEVApPLO OOV 1) AVEEAPTNGIN YOPUKTNPLOTIKAOV deV 16YVeL, 0 NB pmopet va givar
averapKns. 'Eva yopaktnplotikd mapddstypo, tval n avaivon g KukAo@opiog o1ktvov, 0mov
TOAAG YOPOKTNPIOTIKG etvar cuvdedepéva Kot eEaptmvtal petald tovc. H apyn Aettovpyiag tov
NB, vobétet aveEaptnoio HeETOED TOV YOPOKTNPIOTIKOV, TPAYUO TOV SVGYEPOIVEL TNV
OVTILETOTION TEPTTOCEMV LE 16YVPEG eaptoelg peta&d tovg (m.y. embéoceig DDOS).

3.3.5 Decision Tree Classifier (DTC)

To Decision Tree Classifier givat évag adydpiBpog pabnong pe enifieym, mov
KOTOOKELALEL Lo OOpT| TapOLOLOL LE EVAL OEVTPO, Y10 v AapPavel amopacels | TPoPAEYELS
Baociopéveg ota yopakmmploTikd 16000v. To dévipo gival, OLGLUGTIKA, VUG UN-TEPLOOKOG
YPAPOG TTOL YPNOIUOTOIEITAL Y10 TN ANYT OTOPACE®V. X KAOE KOUPO dakAAd®waong Tov Ypapov,
e€etaleton £va CLYKEKPLUEVO YOPAKTNPIGTIKO j TOV XopaKTNPLoTIKOD dtovucuatog. Edv ) tiun
TOV YOPOKTNPIOTIKOV vl KATM Omd £vo GLYKEKPILEVO KATMOPAL TOL £XEL OPIOTEL GOUPMOVOL LUE
10 TPOPAN L0, TOTE akolovbeitat 1 apltoTep| SakAAd®OT, VO € avtiBetn mepintwon 1 6e&id.
dravovrog otov kopPo tov puALov (leaf node), £xel AneOel n andPaon Yo v KAGoN otV
omoio avNKeL TO YapaKTNPoTiko. Xtov adlyopBpo DTC, ta dedopéva elc6o0v givar
mopadelypata pe KAoeLS, Tov avikovv oto oet {0,1}.

To dévipo amopdcewv Eekvd wg évag novo kOUPog mov amokaAeitol «kopupog pilay.
Ka0e kOpPoc 610 04vIpo avTITPos®TEVEL Lo OTOPOCT 1 VO TEGT GYETIKA LE £V
xopokTNPLoTiKd. Ot koot cuvdéovtal pe KAadd, kot ot tedkol koot ovopdlovral "eOAra" 1
"teppatikol kKOpPot," kot TepEYoLY TNV ETIKETA TNG KAAONG (oTNnV TtepinTmon ¢ TaSvounong)
N v tpoPrendpevn Tiun (otnv mepintmon g maivopounong). To dévtpo KatackevdleTon
AVOOPOUIKA YPNOLUOTOIMVTOS Lo O100TKAGTo 10V OVOUALETAL «OVOOPOUIKOS STOUEPIGLOGH
(recursive partitioning). Ze ké0e kO6pPo, 0 aAyoplOpog EMALEYEL TO KAADTEPO YAPAKTNPLOTIKO KO
TOV KOADTEPO SOYWPIGTIKN TN Y10 TO YOPOKTNPIOTIKO, AEI0A0YDVTOS SLAPOPO. KPLTHpLol, OTMG
N pelwon tov pécov TeTpaymvikod c@aipatog. To emAeyév YapaKTNPIoTIKO Kot oNUElo
S ®PIGHOD, YPNGILOTOLOVVTOL Y10l VO SLOYMPIGOVV TO dEGOUEVO GE VTTOGVVOAQ, TOL Eivol OGO
70 JVVATOV TO «KaBapE» GE GYECT UE TIG ETIKETES TOV KAACE®V (Yo Tatvounon) 1 060 10
duvatdv o opotopopea (Yo taAvdpounon). H dadikacio avt, cuveyiletonr avadpopkd yio
Ka0e vTooHVOLO PEYPL va cuvavTnBel Eva Kprtiplo dlakomng, Omwg 1 enitevén Tov PEYIGTOV
BaBovg, o eAdyioToc aplBudc detypdtomv oe Evav kOpPo M 1 enitevén eAdyioTov emmédon
KaBapdtnToc.

IMa tpoPreym N Tagvéunon, exwvdet amd tov plikd kOpPo Ko akoAovBovvton ta
KAadwd pe Baon Tig TIHEG TV YOPAKTNPIOTIKOV £16000V. Ze kaBe kOpUPo, eEAEyyETaL TO
YOPOKTNPLOTIKO EVOVTL TOV ETAEYEVTOC OO WPIOTIKOV ONUEIOV. AVALOYO LLE TO OTOTELEGLO TOV
eA&yyov, petaxwveitol 6tov aplotepd N 0eE10 kOUPo-madi, Emg 6Tov va PTaceL o€ Eva EOAAO
KOpUPo, Tov omoiov, N eTKETA TNG KAAGON S N 1 TPOPAETOUEVN TN ATOTEAEL TNV TEMKN
TPOPAEY.

Ta DTC, umopovv va ¥e1ptotovy 1060 aptfunTiKd 0G0 Kot KOTNYOPIKA YOpOKTNPLOTIKA
Kot eEaipovv otV droyeipton eALeIT®V dE00UEVOV, LEGH ATOPACEDY PUCIGUEVOV GTO
dbéoua yopakmmploTikd, 600 duvatdmreg Wiaitepa ypNoeg oy aviyvevon twv DDOS.
EmumAéov, elvar moAd amhd oty gpunveia Toug, amontohv A IoT Tpo-enelepyocio OEOOUEVDV
(6mwg KMPAK®ON Kol KOVOVIKOTOiNo™) Kot UTopovV VO EVIOTICOLV U YPOUUKEG GYECELS OTA
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dedopéva. Qotoco, ta DTC, sivan emppenn o overfitting, 16img étav to dévtpo eivar Babv Kat
TOAVTAOKO, ivar EvoicONTO G€ PIKPES OIAKVULAVGELS GTO OEGOUEVE KO 0V KAAGELS Efvart un
GOPPOTTNIEVES, T OEVTPO. TTOL TTAPAYEL EIVAL TAPUUOPPDUEVOL.

3.3.6 K-Nearest Neighbors (KNN)

O aAyopiBpog k-Nearest Neighbors (k-NN), yvootog kot wg k-NN, givon évag
aAyOPIOLOG UN-TOPOUETPIKNG LABNoNG Le eTiPAEYT, TOV XPNGLOTTOLEL TV AITOGTACT, Y10, VO
TPOYUATOTOLEL TOEWVOUNGELS 1) TPOPAEYELS GYETIKA LLE TNV OULAOOTOINGT VOGS LELOVOUEVOD
onpeiov dedopévov. Evo puropel va ypnoporomBet ko yio tpofAquata wolvopdunong
(regression), cuvnbmg ypnoipomoteitan g odlyopiOpog ta&vounong, Aapupdavovag vadyn ot
mopopoo onueia propovv vo Bpehodv kovtd to £va 6To GAAO.

IMo mpofAnpata ta&vopnong, avatiBetor pia etikéta TaEng pe faon v mhsoynoeio,
TOV YOOV - INAAOT 1 ETIKETO TOL EIVOL TTLO GLUYVEA AVTUTPOSOTEVUEVT] YOP® ATt EVO OEOOUEVO
onUEl0 OEOOUEVOV YPNGILOTOLEITOL, LE KOPLOL S10pOPAd LLE TNV TOAVOPOUN N, Va. Efval OTL 6TV
Ta&vounom ot TIEG elvat S10KpLTég, EVA 6TV TaAvdpounon covveyeic. [pv ypnopomombei o
k-NN, npéner va kabopiotel  amdetacn petaéd tov onueiov. H mo cuvnbiopévn petpikn

omdeTOoNG oL YpNoiponoteitar eivor 1 Eukheiden amdotaon d(x,y) = \/ 2?:1(yi — xi)?

, OAAG PN OLUOTOOVVTOL KO GAAES HETPIKES, O™ 1| ATtOcTaoT Tov Manhattan 1| 1 Andotaon
Minkowski, avaioya pe T @UOT TV dES0UEVOV.

.......

00

ofii oo

Ewodva 12 Mapadetyua Asitoupyiog k-NN yia tnv taéivounon tou pwb onueiou.
AxoOua, LIhpyEL KO 1) ETA0YN TNG TIUNG TOL K, Tov aviumpocwnedel Tov aptiud tov
TANGLESTEP®V YEITOVWV OV O AnpBovv vtoyn. Mia pukpn tun tov k (m.y., 1 1 3) xabiotd T0
povtédo mo gvaichnto oto B6pvPo ota dedopéva aALd pmopet vor 00N YNCEL GE LITEP-
npocappoyn (overfitting). Mia peyolotepn tiun tov k (.y., 5, 10 1 tep1o66TEPO) TOPEYEL pIdL
0 oMo TPOPAEYN 0AAG umopel va 0dnynoet og vmo-tpocappoyn (underfittng) tov
dedopévmv, pe v emioyn Tov k va e€aptdrtotl and 10 Kkdotote TPOPANUO Kot GOVOAO
dedopévav.

O k-NN ypnowomnoteital eopémg Ady® ™G OmAIGTNTAC TOV, GAAG Elval GNUAVTIKO VO
eMAEYEL TPOGEKTIKA 1 TIUN TOV K Kot 1 HETPIKN aAmOGTAGNS Y10 BEATIOTN amOd00T, KO’ OTL
umopel va givat omodotikd o€ LiKpa 1 pecaio peyén cuvolmv dedopévey, aAld vo unv
Aertovpyel pe vynAotepeg dootdoelg dedopévov. Emmiéov, K-NN amotedei évav lazy learning
alyop1Opo, mov amodnkKevel To dEdOUEVE EKTAIdELONG Kot OV T VITOPAALEL GE GTAO10
ekmaidevong. Amo v dAAN, TEpa amd TNV XPOVIKN TOV TOAVTAOKOTNTA GE LEYAAN dEGOUEVO KoL
™mv evaictnoio Tov oty emthoy” Tov K, 0 alyopdpog vroeépet and v "katdpa tov
doTace®V" dTav PN CIULOTTOLEITOL LE VYNAEG SLOCTAGELS OEGOUEVMV, LLE TNV EVVOLOL TNG
amOGTACTG VO YIVETOL MYOTEPO CNUAVTIKN KoL, TEAOG, TNV OOITIOT] Y10 KOVOVIKOTOIN o
TPOKEUEVOD Vo €EAGPAMGTEL OTL OAO T YOPAKTNPIOTIKE EYoVV TNV {d10 EMdpAOT GTOV
VTOAOYIGUO TNG ATOGTACTG.
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3.3.7 Neural Networks (NN)

To 6voud kot 1 doun Tovg elval eumvevcuéva amd TovV avOpOTIVO EYKEPAAO, LLLOVUEVO,
TOV TPOTO L€ TOV 0Toi0 Proroyikol vevpmveg petadidovv onpato petald Tovg. AmoteAovviot
and otpouate KOpPoV, mepriappdvovtog £va enimedo 10000V, Eva 1] TEPIGSOTEPO KPVUUEVOL
emineda kot £va eminedo e£0d0v. O drywpiopdg twv NN, avdrioya pe To TA00¢ TV EMmTESWV,
yapaxtpilelt ta NN pe tepiocotepa omd tpia enineda, cov «Pabdid uddnon» (deep learning),
OAM®G Al «vevpmViKo diktvon. Kdabe kdpupog, 1 vevpdvog, cuvdéetat pe Evov dALoV Kot Exet

Deep neural network gva GUGXSHGM‘C:VO deog
Tnput tayer Multiple hidden layers Output layer Kot £V0L KOTOOAL

(threshold). Eav 1o
AMOTELEG LA OTTOLOVINTTOTE
atoutkov Koppov Ppioketon
| Thvo amd v kabopiopévn
TN KotweAiov, o
GLYKEKPIUEVOS KOUPOG
{ EVEPYOTOLEITOL KOl GTEAVEL
A dedopéva 610 EMOUEVO
: eMinedo TOL OKTVOV.
Awopopetikd, dev

mpomBeiton kavéva
Ewova 13 Mapadetyua NN deep learning 5880ué\/0 OTO EMONUEVO

QQOOO
GOOGO
OO000
QQOOO

emimedo.

Ta vevpikd diktva Pacilovior oe dedopéva ekmaidevong yio va pdbovv Kot vo
BeAltidvouy v akpifeld Toug pe TV TéPodo Tov ¥povov. 261000, EPOGOV £YovV PLOUIGTEL Yla
axpifeta, amoteAovV 1oyLPE epyaieio TEYVNTNG VONILOGUVIG, EMITPETOVTAS TASIVOUNOT KoL VO
OLLOOOTOINGCT OEGOUEVAOV LLE VYNAT TOVTNTAL.

[pénet va emonpuaviel mwg o NN, pmopodv va ypnopomomBovv kot cav pdbnon pe
emiPreym, aAdd ko yopig emifreyn. Zuykekpipéva, otnv pabnon pe enifreym, exmodevoviot
o€ 0edopéva e ETIKETES, OOV KAOe £10000¢ cuoyetileton pe (o avtictoyn entBounty) £€£0d0.
To diktvo pabaiverl va avtiotoryilel T1g £16000V¢ 6TIG ££600VG, TPOSAPUOLOVTOS TIG
TOPAUETPOVG TOV KATA TN S1APKELD TG EKTOIOELONG YO TNV EANYLOTOTOINGN EVOG
TPoKkaBoPIoUEVOL GOAALOTOG 1] GLVAPTNONG CPAALATOG. XTIV Habnon yopig emifreymn, Ta NN,
eKTOOEVOVTOL GE dEGOUEVO YOPIG ETIKETES, U GTOYXO VO AVAKOAVYOLV poTifa 1 SopéS péca oTa
dedopéva, yopic enifreyn. Evoc yvootdg tomoc NN avtig g Kot yopiog, Eivotl o
avToK®OKoToN TG (autoencoder), 0 0moiog oTOXEVEL VAL LABEL L0l GUUTEGUEVT] OVOTAPACTOON
TOV 10000V Kal 6T CLVEYELD VA TIC avakataokevdoel[40].

[Mpoxtikd, kébe atopkds kOUPog Aettovpyei cav Eva povtédo linear regression,
OTOTEAOVUEVO OO dEdOUEVA E1GOO0V, PApT, Eva KATOPAL Kot pa ££000. Me TOV TPOGO10pIGHO
TOV €MIESOL €16600V, avatiBevtar Bépn. Avtd ta Bapn Bonbodv ctov Tpocsdiopioud g
onpociog kdbe petaPfAnNTNG, Le Ta LEYOADTEPQ VO GUUPBAALOVY TTEPIOGOTEPO GTNV ££000 GE
oLyKplon pe AAAdeg e160d0v6. Ev ouveyeia, 6deg ot elcodot morlamhactalovtal (e To avTicToLyo
Bapn tovg ko abpoilovrtal. To amotélecua Tepva amd (o GLVAPTNOT EVEPYOTOINGNG, 1| OOl
kaBopiler v ££080. Avti 1 d1adIKaGio TEPAGLATOG OESOUEV@V A0 £Vl EMIMEOO GTO EMOUEVO
opiletl avtd 10 vevpikod dikTLO MG £va dikTvo feedforward. Ta meprocdtepa vevpikd dikTva ivar
feedforward, mpdypa mov onuaivel 6Tt péovv povo mpog pia Korevboven, amod v €i60d0 otV
££000. Q06TO00, VITAPYOLV Kol LoVTEAN avTifETNC KatevBLVoNG dtadpoung (backpropagation),
dnAadn kivnong and v €060 mpog Vv €i60d0. Me 10 backpropagation, vdpyet | dSvvatdtnTa
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VTOAOYIGHOV GOUALOTOC GE KADE VEVPDOVA, EMTPETOVTAS TNV TPOGUPLOYT TOV TAPUUETPOV TOV
HOVTELOL OVOAOYMC.

H a&oidynon g axpifetog tov NN, yivetar pécm piag cuvaptnong k66tovg, cuviomg,
OV HEGOL TETPaY®VIKOD o@dAipatoc (MSE). tnv mapokdtm e&icmon, 1o i €ivat 1o voOUEPO TOV
detypotog, yi“ gival 1o TpoPAETOUEVO OTOTEAEGLO, VI EIVOL 1 TPAYLOTIKT TN, KoL M givat o
aplOpOG TOV SEYUATOV.
Cost Function = MSE = ﬁ m (i —yi)?

ne telMko otdyo Vv edaytotonoinon . Kabdg 1o \

HOVTELO TTpocaprOlel oTa dEOOUEVO, YXPNOILOTTOLEL TN
OLVAPTNGOT KOGTOLG LABNONG Yo VoL TAGEL GTO GNUEl0
OVYKALONG 1] TOTIKO ELAYLOTO.

Ta feedforward NN, | multi-layer perceptrons
(MLPs), amotelovvtal and évo eninedo 16050V, £va, \
KPLQO eMINEDO 1 TEPLOTOTEPQ, KOl EVAL EMIMEOO £EGOOV. N
Etvor onpovtikd vo onueiwBet 41t amotelovvran A
TPAYLOTIKE 0O GLYLOEWELG VEVPMVES, KAOMG TaL I
TEPLGGOTEPQ TPAYLATIKE TPOPATLLATO EIVOL U] YPOLLLKAL.
Ta Convolutional NNs (CNNs) givat Tapdpota pe to
feedforward diktva, aAld cvviBwg ypnoponoovvTaL yo Ewdva 14 Synuatikr avanapdotacn ouykAonc
TNV OVAYVAPLoT EIKOVOV KOl GTNV OPACT] VTTOAOYIGTMV. O€ TOTKG EAdyLOTO
Expetadiedovtan apyég amd ) ypopkn dryeBpa, Kupimg
TOV TOAAOTAOGLOGLO TIVAK®OV, Y10l VO, Avoyvmpicouv HoTifa o€ ol eova.
Ta Recursive NNs (RNNS),avayvopilovtot amd to ETovVaAnTTIKE KUKADLOTO TOVS, Kot
YPNOLOTOL0VVTOL KVUPIWG LLE YPOVOSEIPLAKA OEOOUEV, Y10 TPOPAEYT LEAALOVTIKOV
OTOTEAECUATOV.

3.3.8 Gradient Boosting (GRB)

To Gradient Boosting givai puo texviky unyavikng pabnong pe exifieymn, mov
YPNOLUOTOEITOL TOGO Yo TPOPANUATO TAAVOPOUNONG 0G0 Kot Yol TaEvounon. AViKeL TNV
owoyévela tov ensemble learning, 6tov 0 GLVOLACUOE TOAADY HOVTEA®Y ONLOLPYEL Eva TTLO
oyvpd Kot akpiPéc povtéro. H Aettovpyia tov GRB, Eexva pe éva apyikd povtéro, katd
Kavova pe 6évipo amogacng (Decision Tree) otabepod Pabovc, o omoio ev cuveyeio
EKTIOOEVETOAL GTO GUVOAO EKTOUOEVONG, KOl 01 TPOPAEYELS TOL YPTCULOTOLOVVTOL WG APETNPIOL.
Metd, vohoyiletor 1 S1apopd LETAED TOV TPAYLATIKOV TIUMOV-GTOX®V Kol TV TPOPAEYE®V
OV €YoV amd TO aPyIKO LOVTELD. AVTEC 01 SLopOopPEG OVOUALOVTOL VTTOAEILIATO 1) CQAALLATOL.

"Eva véo 06vTpo amdpaong, ekTotdeVeTal Yl Vo, TPOPAETEL QVTEG TL SLUPOPES, OVTL Y10l TIC
APYIKES TIUEG-OTOYOVG KOl ETKEVTIPAOVETOL GTO, GPAALATO TOV TPOKANONKOY 0md TO apyLKo
povtéro. Ot mpoPAEyelg mov £yvav omd 10 apykd LOVIELD EVIIUEPDVOVTOL TPOCHETOVTOGS TIG
TPoPAEYELC OV £ytvay omtd TO VEO HOVTELD, IE GKOTO Vo O10pHMCEL TOL COAALATA TTOV
npokAnOnKav apykd. H dtadwacio oty eravaiapfavetol ya évo tpokafopiopévo aptipod
EMOVOANYE®V 1 LEXPL VO EMLTELYDEL £va cuYKEKPIIEVO emtimedo akpifelag. Xe kKaOe emavainym,
eKTodEVETAL £VOL VEO LOVTEAO GTO VITOAEILLLLATO, GO TNV TTPONYOVUEVT) EXOVAANYT.

H tehikn mpdPreyn mpaypatomoleitoan cuvovalovtog Tic TpoPAEYELS OAMV TOV
povtédwv. o tpofAnpota Ta&vounong, Tov pag agopobv, n tpdPfreyn neptropupdavet v
My e mieoyneiag (majority voting). To Boaoikd oto GRB givan 6t kéOe véo povtéro,
TopdTL OO LLOVO TOV, amoteAel Evav addvapo padnt (weak learner), tpootifeton 6to Guvoro
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KOl EKTTOLOEVETOL Y10 VO OTOTUTTACEL TOL GOAALATO 1] VTOAEIULOTO, TTOV OPVOLV TOL
TPONYOVLEVO LOVTEAL. AVT 1| GEPLOKT] Oladtkacio pddnong, Pertidvel Ty amddooT| pe kabe
EMOVAAN Y|, KATOANYOVTAG OE €valL 1oXLPO Kot oKPPBEG LOVTERO.

H 7o dnpogiing vionoinon tov GRB, givon to Gradient Boosting Machine (GBM), pe
aAreg yvmotég va eivor To XGBoost kat to LightGBM, 1o kabéva pe Bedtiotonomaoels kot
TPOGOETO YOUPUKTNPIOTIKA Y10l TTLO OITOOOTIKT SLOOIKOGI0 EKTOIOEVONC.

3.4 Oepnelwdelg adlyoptOpot Miyavikic Madnong xwpic
enifAsym

3.4.1 Isolation Forest (ISO FOR)

O aiyop1Bpuog Isolation Forest eivon €vag adyoptBpog aviyvenong avoraAl®y, Tov
YPNOWOTOIEITAL GTI) UNYOVIKY] LABNon xwpig emiPAEYT, Y100 TOV EVTIOTICUO OVOUOAIDV GE £VaL
oVVoAo dedopévav. Elvar 1dtaitepa amotehespatikds, 101Kd o€ dEOOUEVA VYNADY d100TAGE®Y,
KoO16TOVTOG TOV KATAAANAO Y10 £pYOGIEG OTMG 1 OVIYVELGT ATATNG, 1) AGPAAELN SIKTO®V Kol O
evromiopog embécemv DDoS.

H kevtpn éa etvar g ot avopoieg eivar cuviBmg omdvieg Kot S10pOPETIKEG Ad
Vv TAgloymoeio Tov onueiov dedopévov. Eivatl, £161, «OmOHOVOUEVES) TEPITTOGELS GTOV XDPO
YopoKTNPLOTIK®OV. O akyopBpog avadpopukd dtopepilel 1o GHVOLAO dESOUEVMV LLE TNV TUYOLN
EMAOYN EVOG YOPOKTIPLOTIKOD KO H0G TUYOH0G TIUNG dlaipeong LETAED TV EAG(IOTMOV Kol
LEYIOTOV TYLMV 0VTOD TOV YOPOKTNPIOTIKOV. AV 1) dtadtkacio cuveyiletar péypt va
OTOLOVMGEL KAOE oNUEID OEOOUEVMOV GE LLOVOOTKA VTTOGVUVOALL.

Av16 Tov avapévetat, eivar 0Tt o1 avopaAieg o amopovmBovv mo ypryopa omd To
KAVOVIKA onueio dEd0UEVDV, apoD amontohv AYOTEPES OLUPEGELS Y1 VO OTOLaKPLVOOOV omd
™V TAeloyneia TV dedopévev. ['a va kabopiotel avtd, vidpyet £va okop avopoiiog o€ Kabe
onueio dedopévmv pe faon 1o HECO UNKOG SLOOPOUNG TOV OOLTEITOL Y10 VO, TO ATOLOVOGEL Tal
onpeio IOV ATOHOVAVOVTOL YPNYOPO AapBEvouy vYMAOGTEPO GKOP AVOUOAOG. XTIV GUVEYELD,
nével povo va optotei éva, 0pto (threshold), Ttéve oo to omoio ta onpeio Oa popkdpovtor g
avOLoALEC.

[Tapdro mov 1o Isolation Forest eivat amoteAesLaTIKO GTNV OVIXVELOT) OVOUOALDV,
€101KA Y1t SedOUEVA LYNANG S1ACTAONG KO IKOVO VO YEPLOTEL LEYAAD GUVOAL OESOUEVW®V, dEV
elval 1000 KOAG OTaV 01 avopaAieg etval TUKVEG 1) cuecmpevuéveg poli. Axouo, cav
alyopOpog ywpic enipreyn, yperaletal, Aoywkd, onpovtikd péyedog cuvorlov dedopévev
EKTOOELONG, Y10 VO TETVYEL KOAQ amoteréopota[41].

3.4.2 Local Outlier Factor (LOF)

O Local Outlier Factor (LOF) givan éva adydpiBpog aviyvevong avopoiav, Tov
YPNOWOTOIEITAL GTNV PUNYOVIKY] LaBnon xwpig eniPAeyn yio TOV EVIOTICUO OVOUOMOV GE £val
GVUVOAO 0E00UEVMV Kot €tvat, Kol TS, 1010{TEPA XPNCYLOS GE OEOOUEVI VYNADY O10CTAGEDY
OOV TOPAOOGLUKES PLEBOOOL OTIMG TPOGEYYIGELS UE ATOCTUCT) EVOEYETOL VAL U1 AELTOVPYOVV
OOTEAEGLLATIKAL.

O LOF &ekwvad pe Tov bmoAoyIopo TG TOTIKNG TUKVOTNTOS TV onpeimv dedopévav. Ta
Kké0e onpeio 6to GHVOLO dedopEvmv, VTOAOYILEL TNV TUKVOTNTAE TOL GE GYECT LLE TOL YELTOVIKA
onpeta dedopévov. H mukvotmrta ivar ovclaotikd po pétpnomn tov 1déco kovtd Ppioketot 1o
onueio ota yerrtovikd tov. Ta onueio pe vymidtepn mokvotta Bewpodvror 6T Bpickovion o€
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TUKVOTEPEG TTEPLOYEG TV OESOUEV@V, EVD TO oMpeia pe yapnAdTePN TLKVOTNTA fpicKovTal og
apoEg mEPLoyEC. Metd amd avtdv ToV VTOAOYIGHO Yo KéBE onpeio dedopévmv, o LOF cuykpivet
TNV TUKVOTNTO EVOG CNUEIOD LE TIC TUKVOTNTES TV YELTOVIKMY TOL ONUEI®V. ZUYKEKPIUEVQ,
e€etdlel TG N TukvOTNTO EVOG oMpEiOV cLYKpIVETAL LE TIG TLKVOTNTEC TV k-TANG1EsTEPOV
YETOVAOV 1oL, 6oL 10 'k' elvan pia Tapdpetpoc mwov opileton amd Tov xpnoTy. ZTdY0g eivat va
BpeBodv onueia Tov £YOVV CNUOAVTIKA YOUNAOTEPT) TUKVOTNTO OO TOVS YEITOVEG TOVG.

To okop LOF yia éva onpeio dedopévov vtoroyiletor wg 0 HEGOS 6pog TOV AGYOL NG
TUKVOTNTAC TOV TPOG TIG TUKVOTNTEG TOV K-TANGIEaTEpOV YETOVMVY ToL. Mabnpatikd, To okop
LOF y1a éva onueio dedopévav 'p' opiletar og:

LOF(p) = Mukvétnta(p)

€ éva ymAo okop LOF, va
Méon NukvoTnTa(TwV K—TANGLETTEP WY YELTOVWY TOV D) H wn P ’

VTOONAMVEL OTL TO onpueio dedopuévav 'p' Bpioketorl og apa TEPLOYY GE GVYKPION LUE TOLG
YEITOVEG TOV, KOOIGTAOVTAG TO SuVNTIKA avadpalo. [ Tov evtomiopd avopaiav, opiletot Eva
Kat®@AL Yia to. okop LOF, tave and 1o omoio Oewpodvral avopaiieg Kot amd KATw, KOVOVIKA
onpeia dedopévov.

O LOF &ivon évag adyopidpog Baciopévog otny mokvotnTa, TPy o Tov cnpaivet ot
etvat evaicntog otV TomKN Katavoun TV onueiov dedopuévov. Akoua, 1 ETAOYN TG
napapétpov 'k' etvon kpiown, pe plo pikpn Tiun va eépvet evaichnoia otov tomikd B6pvpo, evd
pio peyaddtepn vo tov Kabiotd Arydtepo gvaicinto oe pikpd cuvora avopoiimv. TElog,
pmopet va givot vTOAOYIGTIKA aKkPPOG Yo peydro chvora dedopévav, kabmg amottel Tov
VTOAOYIGUO OMOGTAGEMV HETOED TOV ONUEI®V SESOUEVOV.

3.4.3 K-Means

O K-Means givor évag olyopiBpog clustering (opadomoinong) unyovikng nabnong xopic
emiPAeym Kot xpnGLOTOLELTAL Y10 TNV OUAOOTOINGT £VOG GLVOAOL CNUEIWV OEOOUEVMVY GE
oLoTAOEG PAGEL TV OPOOTATOV TOVS. O 6TdY0G eival va ympicel Ta dedopéva oe K cuotdoeg
(clusters), 6mov ke onpeio dedOUEVOV OVAKEL GTN GLOTAJO. LLE TO TANGLEGTEPO PEGO
(centroid).

Apykd, emAéyeton n Ty Tov K, ta apyikd centroids toyaio amd to dedopéva. o kibe
onueio dedopévav, vroroyiletan n Evikeideio amdotacn tov amd 6Aa ta K centroids kot
avatifetat ot cvoTdda Tov TANclEsTEPOL centroid. Avtd to Prina avabétel kabe onueio
Jed0UEVOV OTNV TANGIECTEPT GLGTAJN. ZTNV GLUVEXELX, Eava-vrohoyilovtot ol Bécelg TV
centroids tng k@Oe cvotddac, Ppickovtag Ty péon T OA®V TV oNUEi®V dEdOUEVMV TOV
&yovv avatebel ot cvotdda avty. Avtd Ta véa centroids, avimpocmrebovy 10 "KEVIPO" TG
Kd0e cuoTadoac.

YvveyiCovtag v emavainym tov fnudtov avabeons Kot evuépmong, o aAydpidog
OLYKAIVEL EAAYIOTOTOLDVTOG TO AOPOICHA TOV TETPAYDOVAOV TOV OMOCTACEDV HETAED TV
onUel®V OE00UEVAOV KOl TOV OVTIGTOL(OV KEVTIP®VY TOVG TO LOVTEAD PTAVEL GTNV GOYKALOT), Kot
TEAELDOVEL OTOV T KEVTPOL OV OAAGLOVY TAEOV OMUaVTIKG TNV BEoM TOVE 1 LETA OO OPIoUEVO
apOuo emavoinyemv. Otav o adydpBpog cvykiivel, vdpyovv K cvotddec, kot kabe onueio
J€JOUEVMV OVIKEL GE 0L OO OVTES TIG CLOTAOES.
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Ta Baocikd Beticd Tov K-Means givai 1 evkoAio 6Ty ¥pnom tov Kot 1 SLVETOTNTO TOV
o€ KMUOK®OOT HeYOA®mV cuvOL®V dedopévev. QoTd00, eivat evaicnTog otV apyiKn ETA0YN
TV CeNtroid, pe dS1aPopPeTIKES aPYLKOTOMMGELS, VO 001 YOOV GE SLAPOPETIKEG TEMKEG AVaOETELS
OLGTANG, OV KOl AVTO OVTILETOTICETOL PE TOALEG EKTEAEGELS LLE SLOPOPETIKES OPYIKOTOGELS,
KOl ETA0YT TOL KAAVTEPOL AMOTEAEGHLOTOS. AKOUN, cvyvd, o K-Means, cuykiivel og tomikd
aKpOTOTA, TPAYLLA TTOL CNUALVEL OTL EVOEYETOL VO UnV Bpet v BEATIoTN AboN.
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o e 0 o O
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o O o © o ©O
X o
O P % 8 ®
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Ewova 15 Mapadetyua xpriong tou K-Means ue K=3 clusters

3.4.4 Self-Organizing Maps (SOMs)

‘Eva Self-Organizing Map 1} SOM, yvoot6 kot og xapts Kohonen, givat évag tomog
texvnTov vevpwvikov diktoov (NN) mov oyedidotnke yio pabnon yopig emifreyn,
OTTIKOTOINGT dedOUEVOV Kat peimaon ¢ dtootdoswv dedopévmv (dimensionality reduction). To
TeAeLTaio, YIVETOL HEG® OLOKPITNG OTOTVTTMOTG TV OEOOUEVAOV E1GOO0V-EKTOIOEVONC, GLVNOM®G
o€ Vo dlnotdoelg, €€ ov kat to map (xaptng). Ta SOMS, drapépovy and ta dAia NN, oo
YPNOUOTOIOVV aVTAYMVIGTIKY pabnomn kot oyt d1opbwong cpaiudtov(m.y. Gradient Descent ue
backpropagation) kot glodyovv, otnVv ovoia, pio GuVAPTHON YEITVIOGNG, Y10 VO, S10TNPTIGOVV TO,
TOTOAOYIKA YOPAKTNPLOTIKG TV SES0UEVAOV E1GOJOV.

H Aertovpyio tovg, cuvadet pe to competitive learning. H kopdid evog SOM amoteAeitan
amd éva TAEYHO VEVLPOVE®V, GLVNOWMS OpYavVOUEVOVY GE i diodtdotatn dtdtaln, e KaOe
VELPOVA GTO TAEYLLA, VO, OVTITPOGMOTEVEL L0, LOVADIKT) BE6M GTOV YDPO TV E1G0d®V. AV
JaTaén TV VvELpOVOVY 6To ALY givat ov emttpénel ota SOMS va Statnpodv Tig Tomoloyikég

OYECELG TOV
VELPAOVOG GTO
GUGYETIGUEV
QTOTEAOVV
VLG LA TILDV.
O TAGEDV
dtvuopdtov
T0 TAN00G TV
£1600mV Ko,
Bapn opilovran
OV EMAEYOVTOL

SizexX

g16660v. O :
, , input vector
gvatl pa
EAEYYEL TO Ewova 16 Anotunwon Stavuouatog .oodou o€ xaptn SOM

TPOCAPLOYADV TOV PBapdv Katd T didpkela TG exmaidocvonc. Apyilet pe éva

€16600mv. Kdbe
ALY €XEL
Bapn, T omoia
0VCLOOTIKA, £vo.
To mAn0og twv
aVTAOV TOV
Bapawv etvon 1610 pe
JoTACE®V TOV
apyKa, avTd To
o€ TUYaiEG TEC,
oo TO OEOOUEVOL
puBLOG pabnong
TOPAUETPOG TTOL
péyebog Tmv
OYETIKA VYNAO

eMimedo Kot GLVNOMS HEWOVETOL GTAOKA KaTd TN dtdpketla TG ekmaidevonc. Téhog, n
ovvaptnon yerrviaong, kabopilel T ywpikn kTaon eTOPUCNG TOV £XEL £VOG VIKTNG VEVPADVOG
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(Best Matching Unit - BMU) ctovug yertovikohg tov veEupdves. Zuvifme ovamopicToTol og
yKoovotovh cuvdptnon pe kévipo 1o BMU.

[To avoAvTikd, N apykomoinon yivetat pe TNV dSNUIOVPYIN TOV TAEYUOTOS TOV VEVPOVOV
Kol TNV apyonoinon tov Papmdv toug. H dradikacio ekraidevong etvol EXTavaAnNTTIKY Kot
Aertovpyel og e€ng. 'Eva onpueio dedopévav emiéyetol Tuyaio omd 10 GHVOLO OES0UEVOV KoL
nmapovotaletal 6to SOM. To SOM kabopilel moro vevpavag £xel Ta Pépn mov etvar mo
noapopoln pe ta dedopéva £10680v. Avtog o vevpwvag ovopdaletor n BMU. Ta Bépn e BMU
KOl TOV YEITOVIKOV TNG VELPOVOV TPOSopUOlovTol MGTE Vo, YIVOUV 0G0 TO dUVATOV TOPOLOLNL LLE
T dedopéva 16600V, e TO TOGH TNG TPOGOPLOYNG eEopTATOL Amd TOV pLOUO HABNoNS Kot T
ovvdaptnon yerrvioonc. H BMU Aapfavel n peyaldtepn mpocapoyn Kot 1) TPOcapLoyn
LEWOVETOL e TNV amooTooT ard avtnyv. O puBudg Habnong HetdveTot 6Tad1oKd, EXITPETOVTOG
LEYOADTEPEC TPOGAPUOYES OTA BAPT OTO APYIKA CTASIO TNG EKTOLOELONG KO TTLO AETTEG
TPOocapUoYES apyodtepa. To id10 cupPaivet kan pe v aktiva g yertoviag (EAEyyxetat amd ™
ouvaptnon yerroviag), teplopiloviog GTadloKd TNV ETIOPACT] TOV TO OTOUAKPVGUEVOV
vevpovov. Ta Tapardve eravolapPdvovtor Yo KATo1oV GUYKEKPILEVO aPOUO ETAVAANYEDY
KOl LETA TNV EKTOOEVOT, TO TAEYL VEVLPOV®V ToV SOM opyavmdveTal, HOTE TOPOLOL oTUEL
JEJOUEVMV VO OVTIOTOLYOUV GE KOVIIVOUG VEVPMVES, SLOTNPADOVTOS TIC TOTOAOYIKES GYECELS TV
dedopévmv. Metd v dnuovpyia Tov, 0 ¥aptne, Lmopel va xpnoionmombel oe TOALES TEXVIKEG
€K VoV, OTmg oe adydpiBuovg clustering, regression n classification, pe peiopéva miéov
YOPAKTNPLOTIKG GE GYECT LE TO. OPYLIKE Kot akopa yia ovéAvon dedopuévov 1 ko visualization
(omtwcomoinon).

H xvprotepn ko o ypnoun svvatdmra tov tpocspépovy ta SOM eivar 1 peimon
dwaotdoewv (dimensionality reduction), kvpimg Adym g IKavOTNTOC TOLG GTNV SLUTHPNOT TOV
TOTOAOYIKADV GYECEDV TOV OEOOUEVMV E1GOO0V KO TNG IGYVPNG IKOVOTNTAG GTIV aViXvVELON
notifav[42].

3.5 Underfitting xat Overfitting

"Eva povtého £xet xyaunio bias, 6tav mpoPArénel cootd Tig £TIKETEG TOV training set. Otav
TO HOVTEAO KAVEL apKeTA AGON oTIg TPoPAEYELS TOV, TOTE EXEl LYNAO bias Kot TPOKVTTTEL TO
eowvopevo tov underfitting. Me andd Aoy, To poviédo dev eivan apketd ocHvOETO Yo va
Tapla&el Kadd pe to dedopéva. Avtd odnyel € LYNAS GEAALN EKTOIOEVONC KOl LYNAO GOAALLQ
eAEYYOL, LTOONADVOVTOG OTL TO LOVTELD Ogv Umopel va Kavel axpiPeic TpoPréyels TO60 610
training 6c0o ka1 oto test set. Ta adbvoua poviéda urnopei va TapaPAETOVY GTUOVTIKA
YOPAKTNPLOTIKG Kot epeovilovy avemapkn yevikevon. Aoyikd, n Aven tov underfitting eivou n
avénon g TOALTAOKOTNTOG TOV LOVTEAOL TPOGOHETOVTOG TEPICCOTEPES TAPAUETPOVS N
YPNOYLOTOUDVTOG TTLO TOAVTAOKES OLPYLTEKTOVIKEC.

To overfitting, a6 v G, cvuPaivel Otav Eva poviédo eivat vVIePPOAKA TOADTAOKO
Kot Tpocapproletot vVepPoAIKd KaAd ota dedopéva ekmaidevons. Avtd onpaivel 6Tt To LOVTEAO
Oyt Lovo amotvdvel Ta facikd potifa oto dedopéva, aAld pobaivet exiong to B0pvPo Kot TV
TUYOLOTNTA TOL LITAPYOLY oTa dedopéva ekmaidgvons. 'Etot, evd e€dyet moAd cmoTtég
mpoPAEYELS Yl TO training Set, dev mpaypatonotet Tig 01eg TpoPArdyelg oto test set. [ToArot
Adyor pmopovv va odnynoovv og overfitting, [Le TOLG KVPLOTEPOLG v givar gite Eva Wdlaitepal
TOAVTAOKO LOVTELO MG TTPOG TN PVOT TV 0edoUEVOV, eite éva dataset e ToAAG
YOPOKTNPLOTIKA Y10 pikpd TAN00g dedopévmv. Emmpdcobeta, Evag axodpa Adyog mov 0dnyet o
overfitting givat kot to peydio variance (diaxdpovon). To variance givol 6tatioTikdg 6pog Kot
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oTNV 0VGia APOPE TO GEAALN TOV HOVTEAOL eEAITIOG TOV HIKP®V SOKVULAVGEDY TOV
TPOVSALovV 01 TIHEC TOV training set. ¢ amoTéEAEG LA, VO VTEPPBOMKA TPOCOUPHOGUEVO
HOVTEAO Bl £xel YO UNMAG QAL EKTAIdELONG OAAL VYNAO GOAALL EAEYYOV, dElXVOVTOG OTL
amod10€l KA oTo 0EG0UEVE. EKTOLOELONG, OALA KAKA OTA VEQ, OOV OEV UTOPEL VaL YEVIKEDGEL
omMOTA GE VEQ, U dlaKpLTikd dedopéva. Avarldyme, Ao yio to overfitting etvoal ) yprion, icwg,
€VOG 10 amAoD poviédov N 1 peimon tov daotdoswv tov dataset. AAAn pia yvowoty Aon, sivol
1 KOVOVIKOTOiNo™, 1 TPOSHNKN Op®V GTNV OVTIKELLEVIKT] GUVAPTIOT) TOV HLOVTEAOV, Y10 VO
Bonbnoet otov éleyyo tov overfitting.

H ypnon evdog Cross-Validation set, oniadr evoc axopa test set emtpémel v
a&loAdynon g amdO0oNG TOV LOVTEAOL GE SLUPOPETIKA LITOCVLVOAL T®V OEJOUEVOV, BonbdvTag
OTOV EVTOTMIOUO TNG KOTAAANANG TOAVTAOKOTNTAG, GUVEICOEPOVTOG GTNV AVTILETMICT KOl TOV
dvo mepmtdoewv fitting.

A X ’ 3 X
X X
X
Xxxxx‘ Xxxix_
Under-fitting Appropirate-fittin'g Over-fitting '

Ewova 17 Mapadetyua underfitting, kaAou fit ko overfitting

3.6 Texvikéc Ekpadnong Xvvoiov (Ensemble)

Ot teyvikég expdOnong cvvorov (ensemble techniques) givar pébodot pumyavikng
néaonong, mov cuvdvalovy Tig TPOoPAEYELS Ao TOAAY PactKd LOVTEAL Y10 VO TTOPEYOLV L0 TTLO
axppn kot avOekTikn teAK TpoPAeyn. Avti va Pacilovtal g Eva povo HovTéLo, aElOTOloVY
TN GLALOYIKT GOPia TOAAMY HOVTEAWMV Yo VO BEATIOGOVV TNV TPOPAETTIKN ATOIOOT).

O1 teyvikéc ensemble, cuvnBwc mapdyovv kKoldTepn akpifeto and To pepovouévo Bactkd
povtédla. Me tov cuvouacd TOAADY LOVIEA®Y, UTOPOVV VO AVIYVEDGOVY SLAPOPO. TPOTVTOL KOl
va petmcovy tov kivovvo overfitting, pe arotélespo mo a&omioteg mpoPAEyels.

EmimAéov, etvar Aydtepo gvaicOnteg otov 60pufo, apod Hropovv vo, amoakpOVoOLV To.
OQAALOTO T} TIC ECQAAUEVEC TPOPAEYELC TOV KAVOLV T LEpOVOUEVA LovTéda. Opilopéva
TPOPANLATO, UTOPEL VO £XOVV TOADTAOKES GYECELG TTOV OEV UTOPOVV VAL KATOYPOPOVY ETAPKMDG
amd Eva povo poviéro. Ot teyvikég ensemble pmopovv vo cuvdLAcoVY S1APOPEC TPOGEYYIGELG
LOVTEAOTTOINGNG Y10 VO OVTILETOTIGOVY AL TO TO (TN OTOTEAEGUATIKA. AKOO, TOPAYOLV TTLO
otafepd LoVTELD, LEW®VOVTOG TNV €£APTNOT OO GLYKEKPLUEVES TVYOIEG APYIKES GLVONKES KO,
TENOG, elval YVOOTEG Yo TN PEATIOON TNG OLVATOTNTAG YEVIKELONG OO TOL dESOUEVOL
eKTaidEVONG G VEX OEOOUEV, TTPOGPEPOVTOS EVPELN VKA TPAYUATIKMOV EQAPLOYDV.

Yrdapyovv dtapopeg texvikég ensemble, copnepiiapfavopévov tov Bagging, Boosting
ka1 Stacking, k@0e pio pe To S1KA TG TAEOVEKTHLOTO KO TTESTOL EQOPOYNG,.
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» To Bagging avantoocel toAomAd mapadeiyporo tov id10v Pacikod poviélov o dtdpopa

VTOGVVOAN TOV dEOOUEV®V EKTTAIOELONG, CLVNOMG LE ETAVOAAUPAVOLEVT ETIAOYT
(bootstrap samples), pe v telkn TpdPreyn va TPOKVOTTEL O TN GLYYDVEVCT| TOV
TPOPAEYEDV TOV HEUOVOUEVOV BOCIKOV LOVTEA®VY, GLYVA LECH TAEIOYNQioc-Mmajority
voting (ywo ta&vounon) 1 uécov 6povu (Yo maivopouncn). Alyopiduot tomov bagging,
neptlapPdvovy to Random Forest 1 to Bagged Aévtpo Amodgaonc.

To Boosting dnuovpyei moAdamhd foacikd poviéda oe akoAovdia, dmov kdbe emduevo
LOVTEAO EMKEVTIPMOVETAL GT S10pH®ON TOV COUAUATOV TOL £ytvay amd To Tponyovpueva. H
TeMKT TPOPAEYN glvar cuvBmG Evag apOuNTIKOg GLVOLAGIOG TV EEYMPIGTOV PACIKMV
HovtéAwv, 6mov 1o Bapog kKabe poviélov eEaptdtar and TV amddoot Tov. Zuvielg
alyopiBuotl Boosting meptiapfdavovv to AdaBoost, To Gradient Boosting kat to XGBoost.

To Stacking cuvévalel TpoPAréyelg amd TOAA S1UPOPETIKA Boctkd LOVTELD
ypnoponowdvtag £va meta-model, telikd poviéro. Ta Pacikd HovTéELa EKTOIOELOVTOL GTA
oo dedopéva Ko o1 TPOPAEYELG TOVE YPNOIUOTOI0VVTOL OG £icodot yio. To meta-model. To
Stacking emitpénel Tov GuVOLOCUO TOV SUVAUEDY SOPOPETIKOV aAYOPIOU®mY Kot UTopEl va
00MnyNoel o Wiaitepa PeATiOUEVN amddooN.

3.7 Extipnomn Anédoong MovtéAov

MoMg €vag alyopBpog expadnong SNUovpynoeeL To LovTéAo, akolovBel 1 agloldynon
TOL HOVTEAOV, HE TNV xpnon evog test set. To test set mepiéyel mopadelypato Tov o adydpBpog
dev &yetl Eavadel, omdte oV T0 LOVTELO ATOdMGEL KOG oTIG TPoPAEyeLS Tov oto test set,
Bewpovpe 0TL TO HOVTELD YEVIKEDEL IKOvOTOMTIKA. [0 peyodvtepn axpifeta, vrapyovv moALd
epyoreio Kot HETPIKES Yo TNV AE0AOYN O aAyopiBumy unyovikng pdonong. Ot petpikéc mov

YPNOLUOTOLOVVTOL IO GLYVE Etvar:

» O mivakag oOyyvong (confusion matrix)
» H axpifeia (accuracy)

» H axpifeia/avaxinon (precision/recall)
» To F1-Score

» H meproyn kbro and v kapmvin ROC

ITivaxag Xvyyvong (Confusion Matrix)
"Evog mivakag mov cuvoyilel v amddoomn evog
aiyopifuov ta&vounong. Luvnwc ypnolonoteitot

o€ mTpoPAnuato dvadikng tasvounong (dvo KAAGELS:

OeTIKN KoL APVNTIKY]) Kot TAPEXEL U0, OVAAVGT TOV

npoPréyemv tov povtédov[43]. O mivakag

amoteleitol amd TEGGEPIG TYES:

o AinbOeis Octixoi (True Positives, TP): O
aplOUdc TV cOOTAOV BETIKOV TPOPAEYEWDV.

o AinbOeic Apvytixoi (True Negatives, TN): O
aplOUdC TOV COOTAOV APVNTIKOV TPOPAEYEDV.

o  Wevoeic Octikoi (False Positives, FP): O
aplOUdc TV ecPUALEVOV BETIKOV TPOPAEYE®DV
(ZedApa tomov I).

Actual

non-attack

attack

Test Confusion Matrix

70000
20018 2 - 60000
- 50000
- 40000
- 30000
19

-20000

- 10000

non-attack attack

Predicted

Ewova 18 Mapadetyua Mivaka S0yxuong

64



o Yevoceic Apvytiroi (False Negatives, FN): O aplOu6g T0V EGQUAUEVOV OPVNTIKOV

npoPAéyewv (Zpaiuo tomov II).

Axpipewa (Accuracy)

To accuracy petpd tn cvvoiikny opOdTTa £vOg povtédov Tastvounonc. Etvar po amAn ko
ELOVAYVMOOTN LETPIKT TOV GOG AEEL TO TOCOGTO OAWMV TV TPOPAEYEMV OV NToy cmoTéC. Eivat
WBaVIKN OTOV VITAPYEL EVO IGOPPOTNUEVO GUVOLO OEOOUEVDV LE TTEPTTOV 100 ap1OUd BeTiK®V Kot
APVNTIKOV TEPUTOCE®V. Oempel €El00V T YevdN BETIKG Kot ToL YELON OPVNTIKA.
Yroloyiletar wg: Accuracy = (TP + TN) /(TP + TN + FP + FN)

Axkpipero ko Avaxkinon (Precision kot Recall)

H axpifeta ko n avékAnon etval 000 GAANAOGUUTANPOVUEVEG LETPIKEG TTOV YPTCULOTOLOVVTOL
ouyva podi, 10img 6Tav acyoAoVVTOL LLE U1 IGOPPOTNIEVE GUVOAN SESOUEVMV.

H akpifela emkevipdvetal otnv ELOyIGTOTOINOT TOV YELO®V OETIKMOV Kol etvar {OTIKNG
onpaciog 0Tav 10 KOGTOS TOV YeLd®MV BeTIK®V givat vymAo, kat 0€lovpe va Befoarwbovpe, Tmg
otav 10 HovtéLo TpoPArénet BeTikd amotédespa, ivor ToAD Thavo va etvarl cwotod. H akpifeta,
LETPA TO TOGOGTO TMV COGTAOV BETIKOV TPoPAEYEV avdpeso o OLeG TIG OeTIKES TPOPAEYELS.

Ynoloyiletar wg: Precision = TP / (TP + FP)

H avaxinon enkevip®veTol 6TV EAOYIGTOTOINGN TOV YELIMV OPVNTIKAOV Kol Eval amapoitnn
Otav T0 KOGTOG TV YELODV APVNTIK®V gival VYNAO, Kot BAeTe va eEacparicete OTL
avayvopilovior 060 To SLVATOV TEPICCOTEPES TPAYUATIKEG OeTIKEC TEpITTOGELS. METpd TO
TOGOGTO TV COGTOV OETIK®V TPOPAEYEDMV OVALESH GE OAN TO TPAYLLATIKE OETUCA.

Ynoloyiletar wg: Recall = TP / (TP + FN)

F1-Score

To F1-Score givat 0 appovikog pécog g axpipelag kot e avakinong. Eivar o povadm
LETPIKT OV 1o0ppoTel TG0 TNV akpifela 660 kot v avakinon. Eivat idwaitepa yprioyto dtav
yperaletan £vog cuuPPacrdg HETaED TS ATOPLYNG YELOMV BETIKMV KOl WYELODV OPVNTIKDV,
dpa petald axpifetog kot avakAnons. Eival wdwaitepa ypfioito og kataotdoelg 6mov vdpyet
OVIGOPPOTN KATOVOUT TOV KAACEDV 1] OTOV TOGO TO YeLON BETIKA OGO Kol TOL WYELOT OPVNTIKA

&yovv ion onuaocioa.

O tomocg tov eivar: F1-Score = 2 * (Precision * Recall) / (Precision + Recall)

Kopmoin ROC ka1t AUC

H xapmdin ROC (Receiver Operating
Characteristic Curve) kow AUC (Eufodov kdtwm
a6 v Koumwoin ROC) sivar o ypagikn
aVOTOPACTOCT TG OTOO00TG EVOG LOVTEAOV
ta&vounong o dtapopa katd@eia (thresholds),
Y TPOPANHOTA OVASTKTG TAEIVOUNONG.
Avamnapiotd tov PuOpo AAndv Oetikadv
(Recall) évavrti tov Pubpod AAnBodv Apvntikdv
(1 — Specificity) oe d1apopeg pvOuioeig
KaT®PA100. O PuOuoc Yevdov Oetikmv
opileton og:

1 — Specificity = FP / (FP + TN),

True Positive Rate

Receiver Operating Characteristic

1.0

0.8

0.6 1

0.4 1

0.2 1

—— AUC: 0.9998937858840335

0.0
0.0

T T T T
0.2 0.4 0.6 0.8 1.0
False Positive Rate

Ewova 19 Mapadetyua koumuAng ROC kol TNG TLUNG

AUC
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KoL TPOodLopilel OGO KAAG TO LOVTEAD OTOPEVYEL TIG WEVOEIG OeTIkEG TPOPAEWYELG.

‘Eva peydro gppadov kdtm amd v kapmdin ROC (AUC), vmodeikvoel KaADTEPT amdd00T) TOL
HOVTEAOL Kot BonBdet vo KoTavonGovE TOGO KAAR TO LOVTELO JlaKPivel HeTa&y TV BeTik®V
KOl apVNTIKOV KAAcemV kKabnhg Tpocappoletar to katdeAt (threshold). Ev oAiyoig, otdyog g
etvar n a&loddynon g duvatdtrag eVOg LOVTEAOL Va dtakpivel peta&l BETIKAOV Kot apvnTIK®OV
KAMAGE®V GE O14.Popa KATOPALL amOPaonS Kot fondd onv 60yKpion TG GUVOAKNG amdOooNS
JLOPOPETIKMV LOVTEAMV.
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Kepalaio 4

YAomoinon - IIpOGOUOLWGELC -
YUYKPLOELC

4.1 Ewaywyn

To gpeuvnTiKd evOLPEPOV TNG TOPOVOTG SIMAMLOTIKNG EPYACTING EMKEVTPMONKE GTNV
oLYKPIoN TOV EMOOGE®V Yvootdv ML povtédwv, pe erifrleyn kot yopig, oy aviyvevon
DDoS. o ouykekpéva, epoppdéomray poviéha ML, mhve ce 000 amd ta kaAdTEPO YVOGTA
dataset pe kivnon embéoewv DDOS. Ta dedopéva mpo enelepydotniay Kat ol ETOOCELS TOV
LOVTEAMV, VTOAOYIOTNKAY LE TNV YPNOT| TOV HETPIK®Y TovL confusion matrix, tov F1-Score kot
¢ kaprving ROC (AUC).

4.2 Aoylopko

H napovoa epyacio viomomOnke pécm e YAOGGS Tpoypappaticpov Python kot tov
Jupyter notebook. H emidoyn g Python éywve, yio Adyoug gveh&iag g YAdooag, oAAG Kot
EMEON TPOGPEPEL £va, TAOVG10 01KocLOTNHO BIAI0ONKOV Kat epyoieimv unyavikng udbnong,
nov £yovv PBeitioTonomBel Yo GVOKELES TG TEPLPEPELNG. AvTEG Ot PiAtodnkeg emTpémovy v
VAOTTOINGM LOVTEAWV UNYOVIKNG LAONONG G€ DAIKO LE TEPLOPIGUEVOVE TOPOLG, KATL TO OTTO10
eivon kovtd oty peptd tov Edge Intelligence. Eriong, ot duvatdmreg avdivong dedopuévav g
Python (m.%., Pandas) sivon amapaitnteg yio tnv edkoAn npo eneéepyacio kot aviivon
dedopévav[44].

To Jupyter notebook, emAéybnke yio TV evkoAio 6TV SNUIOVPYIC TPOTOTOIWV KO
TEPOUATIOUDV, KAODG EMTPETEL YPYOPES EXAVOAYELS KOl TPOGOUPLOYEG. AKOua, divel TV
SVVOTOTNTO Y10 OPOIES OMTIKOTOMGELS Y10 TNV TOPOUKOAOVON O™ KoL TNV OEIKOVIOT OEOOUEVMV
KOl QTOTEAEGUATOV , BonddVTog 6TV KATAvONGN KoL TNV AVTIETOTIOT TpofAnudtov[45].

"o 11g Tpocopoinoelg ypnoomotdniay ot €€ng PiPprrodnkec:

e pandas Kou numpy ywo tn owoyeipion ko eneéepyacio twv dataset

e time yia v ypovouétpnon twv ML povtélmv

e scikit-learn yio TNV gl00y®Y TOV HOVIEA®V KOL TOV UETPIKOV

e matplotlib ka1 seaborn yio v dnuiovpyic TOV YPAPIKOV TOPACTACEDY
e prettytable yio Adyovg Tapovcioong anoteheoudtov
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4.3 Kpitpwx Emoyng

To dataset UNSW (University of New South Wales)[46] ivat evpémg yvooto kat
amoteAel onueio KAWL otov Topéa g KuPepvoacpdretoc. [Ipocpépet o TANpM GLALOYN Ao
TPOYUATIKE ded0pEVA KUKAOPOPIG G6TO HIKTVLO, LLE TTOIKIAN YKdpa omd cevapla embéocemv. Me
TIC AEMTOUEPELG ETIKETEG TOV KOl TOV ONUAVTIKO GYKO OEQ0UEVAOV TOV, TO GOVOAO dESOUEVOV TOV
UNSW £yt amoderyBel kpioipo yio v avantoén Kot a&loAdynon TV GUGTNHATOV avixveuons
dteiodvong, kabioT®vTog To OEPEAI0 Yo TV €pEvVa GTNV KLPBEPVOUCPAAELL.

To dataset KDDCUP[47] amotekei évav akdpo Ogpéo otov Topéa e aviyvenong
emBéoemv 610 diktvo. Kot maAl etvan éva peyding kAipokog chvoAo OE00UEVOV TOV
neptlopPavel 1060 PLGLOAOYIKG 0G0 Kol KokOPovia TpOTLTO KVKAOPOpPinG 6To dikTvo. H
¥pNoM ToL G€ dyvicpovg 6mmg 1o KDDCUP, cuvéBaie oty avdmtuén 614popmv TeXVIK®OV
aviyvevong dEicOVoNG KoL TOPAUEVEL EVOL TPOTLTO Yo TNV AELOAGYNOT TG
OTOTEAEGLLATIKOTNTOG TOV LOVTEAWMV Oviyvevong embécemv.

Ta dvo dataset emAéyOnkay yo to pealMoTIKd SESOUEVE TTOV TEPIEXOVV, OLPOV
ATOTEAOVVTOL OO TPOYUOTIKA OEOOUEVH Kivnong SkTHov, GAAG Kot Yol TV LEYAAT TTOTKIALLL
TOVG, GE GLVOLOGHO LE AVOAVTIKES Kot OKPIPBElg ETIKETES, TaPAYOVTaG, £TG1, OGO TO HLVOTOV O
KovTva otV mpaypatikotnta ML povtéla yivetar.

Oocov apopd v aEloAdyNoN TOV LOVTEA®V KoL TNV 0G0 TO dLuVaATOV aKplBEcTepn
EKTIUNON AOS00NG, MOTE 1 GVYKPLOT Vo Eival 0EI0KPATIKY, XPNCIHLOTOMmONKaY Yo KdOe
Hovtélo ot petpikég tov confusion matrix, tov F1-Score kot ¢ kapumding ROC AUC, kad’ o1t
ATEG Ol LETPIKEG EEVTNPETOVV dLAPOPOVG CKOTOVG OTNV AELOAOYNON EVOG LOVTEAOD SLOAOIKNG
KOTYOploToinomng:

e 7o confusion matrix, wapéyet pa Kabopn Kot GLVORTTIKY TEPIANYN TG ATOS0GNG TOV
povtéLov, olaywpilovtag Tig TPOoPAEYELS OTIG TEGGEPIS KOTYOPlES Kot £T01 GLUPAAEL
oTNV KATavonomn TV TOTOV CEUALATOV TOV KAVEL TO LOVTELD, OTIMG WELON BeTiKd Ko
YELOT APVNTIKA,.

e 10 F1-Score, cuvdvalet kar v petpikn tov precision kot tov recall oe pio petpikn ko
elval 1dwitepa YpNOO OTOV 1) KATAVOUT] TV KAAGE®V £ivol Un 100PPOTNUEVT.

e 10 ROC AUC BonBd otV emdoyn evog PEATIGTOV KATOEAIOV TTOV 1GOPPOTEL TOV PLOUD
TPAYLOTIKOV BeTik®V (evatctnoia) kot Tov pOud yevdmv Betikodv (1 — Specificity) kot
TEPA AT’ TNV OVOEKTIKOTNTO TOL GTNV OVICOPPOTiRL KAAGEWDV, EMTPENEL T1 GUYKPION
TOALUTA®V HOVTEA®V UE aELOAOGYNON TG GUVOAKNG TOVG 0TOO0GNG GE d1APOPa
KATOEA0 TOOVOTATOV.
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4.4 UNSW-15

4.4.1 TIpo-enelepyooio Tov dataset

To dataset givon d1a0écio oty 1otocerido tov UNSW, o€ 4 apyeio. UNSW-NB15 1.csv (169
MB), UNSW-NB15_2.csv (165 MB), UNSW-NB15_1.csv (155 MB) ka1t UNSW-NB15_1.csv (95
MB) ka1 éva apyeio UNSW-NB15_features.csv (4.04 kB), e ta ovOpaTa TOV YOPAKTNPLOTIKOV
Tov dataset.

To didPacpa Tov apyeiov kat to Tépacua tov o dataframe, pe v cwot elcaywyn Tov
KeQOAd®V and To *features 6to vwOAOITA SESOUEVA, EYIVE LLE TNV YPT|OT) TOV TOPOKATEO KOOUKOL:

csv_files = ['UNSW-NB15_1.csv','UNSW-NB15 2.csv','UNSW-NB15 3.csv','UNSW-NB15 4.csv']
dfs=[]
for file in csv_files:

df = pd.read_csv(file,header=None,low_memory=False)

dfs.append(df)

unsw_dataset = pd.concat(dfs).reset_index(drop=True)

unsw_features = pd.read_csv('./NUSW-NB15 features.csv', encoding="'1SO-8859-1')
unsw_features['Name'] = unsw_features['Name'].apply(lambda x: x.strip().replace(' ', ' ').lower())

unsw_dataset.columns = unsw_features{'Name']

ct_flw_http_mthd 1348145

Ev cuveyeia, pe v ypnon g eviolng unsw_dataset.isna().sum(), is_ftp_login 1429879
Bpiokovpe Katevbeioy mwg Tpio amd T0. GLVOAKE GapPAvVTO EVVEN ct_ftp_cmd e
attributes tov dataset, nepiéyovv tiuég NaN, ta omoia c:—sw—zpz g
. . in R ct_srv_ds

avtetonilovral pe TPELG YPUMHEG K®dwka (1 oTnAn ‘attack_cat’, ct_dst_1tm °
ypnowomoteitat yioo multi-class mpofinpata): ct_src_ltm o
ct_src_dport_1ltm e

#delete 'attack_cat' ct_dst_sport_ltm e
. , . _ ct_dst_src_ltm <]
unsw_dataset.drop(‘attack_cat', axis=1, inplace=True) attack cat 2218764

#replace NaN's with 'O’
unsw_dataset['ct_flw_http_mthd'] = unsw_dataset.ct_flw_http_mthd. fillna(value=0)
unsw_dataset['is_ftp_login'] = (unsw_dataset.is_ftp_login.fillna(value=0)).astype(int)
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Me v xpnon g evToAng .corr(), mave oto dataset kot tov ypagpikdv tov seaborn,
OTTIKOTOLOVE TV 6LOYETION HeTadd Tmv dtapdpwv attributes tov dataset, pe okond tov
EVTOTIGHO KoL, TEMKE TV agaipeon vynid cvoyetilopevmy features, ta omoio dvoyepaivovy

TNV EKTOIOELON TOV LOVTEAWV.
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Av Ko Ypapika, amoktovpe pio 10€a yio. to oo features éxovv vymid cuoyetioud,
ATOTUTTAOVOVLLE TO CEVYAPLOL LE TOL VYNADTEPQ EMIMED UL GYETIKOTNTAG, [LE TNV YPNON TOV EVIOADV:

# List of highly correlated feature pairs
correlated_pairs =[]

# Iterate through the correlation matrix to find pairs of highly correlated features
foriin range(len(highly_correlated.columns)):
forjin range(i):
if highly_correlated.iloc[i, j]:
correlated_pairs.append((highly_correlated.columns[i], highly_correlated.columnsj]))
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Highly correlated feature pairs:

("sloss', 'sbytes') ('ct_src_dport_ltm', 'ct_srv_src')
('dloss', 'dbytes') ("ct_src_dport_ltm', 'ct_srv_dst')
("dpkts', 'dbytes') ("ct_src_dport_ltm', 'ct_dst_ltm')
("dpkts', 'dloss') ('ct_src_dport_ltm', 'ct_src_ltm')
("dpkts', 'spkts') ('ct_dst_sport_ltm', 'ct_srv_src')
('dwin', 'swin') ('ct_dst_sport_ltm', 'ct_srv_dst')
("ltime', 'stime') ("ct_dst_sport_ltm', 'ct_dst_ltm')
('synack®, ‘tcprtt') ("ct_dst_sport_ltm', 'ct_src_ltm')
('ackdat', 'tcprtt') ('ct_dst_sport_ltm', 'ct_src_dport_ltm')
("is_sm_ips_ports', ‘'sintpkt') ('ct_dst_src_ltm', 'ct_srv_src')
('ct_state_ttl', 'sttl') ('ct_dst_src_ltm', 'ct_srv_dst')
('ct_ftp_emd', 'is_ftp_login') ('ct_dst_src_ltm', 'ct_dst_ltm")
("ct_srv_dst', 'ct_srv_src') ("ct_dst_src_ltm', 'ct_src_ltm')
('ct_dst_ltm', 'ct_srv_src') ("ct_dst_src_ltm', 'ct_src_dport_ltm')
('ct_dst_ltm', 'ct_srv_dst') ('ct_dst_src_ltm', 'ct_dst_sport_ltm')
('ct_src_ltm', 'ct_srv_src') ('label', 'sttl')

('ct_src_ltm', 'ct_srv_dst') ('label', 'ct_state_ttl')

('ct_src_ltm', 'ct_dst_ltm')

Me pia oamAr cuvenaywyn pneta&d tov (evyaplov, ta features mov kataAyovv va £xouv pHeyain
ovoyétion eival ta [ 'sloss’, 'dloss’, 'dpkts', 'dwin’, 'ltime’, 'ct_srv_dst', 'ct_src_dport_Itm’,
'ct_dst_src_Itm', 'srcip’, 'sport’, 'dstip’, 'dsport'], ta omoia aparpodvton ko, TEAOG, Ta ‘dbytes’
ka1 to 'sbytes” avtikaBictaviol cav afpoiopa kivnong and ta ‘network_bytes’.

'Etot, kataAnyovpe oto dataset, pe 34 features, ek tov onoiwv to 3 givor Tomov Object,
T omoio Ba ovopdoovpe Yo Aoyovg gvkoriog X dataset, cuv 1 yia tig eTikéteg, To onoio Oa
eivon To Yy dataset. To apyuco dataset siye 48 features cuv 1 yio etikéreg, ek TV omoimv ta 9
Ntov tomov object.

4.4.2 Telka configurations kot ekmaidgven poviEA®v

[poxepévov, to dataset, va umopéoet va. ypnoyomoindei oty ekmaidevon Tmv HovIEA®V, HEVEL
to tpio features tomov object, ‘proto’, ‘service’ ko ‘state’, va petotpamovv Kot avtd og
apOunTIKES TIHEG. AvTo yivetal pe tnv yprion tov OneHotEncoding, piog teyvikng yio
AVOTOPACTACT) OESOUEVOV 0O KATNYOpies og dvadikd davoopata. To dataset Tov
dnuovpyeitan Exet mAéov 195 features, pe povo aptBuntikode tHmoVg Kat ivat £Tolo va
ypnoonom el yio exmaidocvon.

X.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 25447 entries, © to 2548046
Columns: 195 entries, dur to state_no
dtypes: float64(195)

To split tov dataset, yivetar oe 70% training data ka1 30% test data, éva koo split, yio apketd
dedopéva ekmaidevong kot e&icov apketd dedopéva yio testing.

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, random_state=101)

[Tpotov Eekvnoet 1 eknaidevon tov ke poviéhov, epapuodletal n Guvaptnon param_tuning,
1N onoia TaipveL MG OPIGHOTO TO EKAGTOTE LOVTELD, TO EVPOG TV TOPUUETP®V TTOL Ool TEGTAPEL,
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éva uépog tov dataset tavm 6to onoio Oa ypnoiporooet ta Simulations kot ta metrics, yio tov
VTOAOYIGUO TOV KAADTEP®OV OLVATOV TOPAUETPMOV Y10, TO LOVTELO Ko i LeTafAnTn CV, 1 omoia
opiletan mg default oe None, yia v otpatnykr tov cross validation. H cuvaptnon ovolactikd
YPNOLUOTOIEITOL Y10 TV OTOONKEVGT TOV AMOTEAEGLLATMV, KOl ECOTEPIKA TPEXEL TO
GridSearchCV, pag texvikng yio Tov VtoAoyIopd KOADTEP®YV VIEPTATPOUUETPMV, TOV OTOI0
EMTLYYAVEL LEC® TNG OEIOAOYNONG TOV LOVTEAOL LE S1EPOPOVG GUVIVAGUOVS TOPOUUETPMV.

def param_tuning(mlc, parameters, x, y, cv=None):
scoring = {'auc':'roc_auc', 'f1':'f1'}

tuning_clf = GridSearchCV( mlc, parameters, refit="auc',scoring=scoring, cv=cv, verbose=2,
return_train_score=True)

result = tuning_clf.fit(x, y)
return result

H cvvéapton, epapuoletal o kébe povtéro, o éva pikpod Tocooto tov training data, dote va
napOel pia daicOnon yo To moteg mapapeTpot eivar avtég mov Ba fondncovy oty KaAvTEPN
enidoon. O1 KAADTEPOL VITEPTAPAUETPOL, GTNV GUVEYELD, YPTNOUOTOIOVVTOL Y1, TNV dNovpyio
ko fine tuning, Tpwtod 10 povtélo exmardevtel ota training data. "Etot, kavéva poviélo dev
EKTIOOEVETAL LE TVLYOUES TAPAUETPOVS, MOTE VOL GLAAEXHOVV Tl KOADTEPO ATOTEAECUATO GE KAOE
TEPIMTOON KOl VO, YIVEL 1] GOYKPIGT) TOVS 0ELOKPOTIKA.

Mo ™V cVYKEVIPOGT TOV OTOTEAEGUATOV A0 OAES TIG TPOGOUOIDGELG ONUIOVPYOVUE EVaL
dictionary, pe media ya to dvopa Tov HovtéLov, Tov TOmo Tov (Supervised - unsupervised), tig
uetpikég ROC/AUC kau F1-Score kat tov ypovo ekmaidguons Tov Kabe pHoviélov.

2tV 1010 TV ekmaidevon 1pNoILonotohvTan 6V0 VAOTOUEVES Kot TAAL GUVOPTNGELS, Ot

evaluate_result_super ko evaluate_result_unsuper.

» Méoa tovg kat o1 600 vAomoovV TI¢ Pacikég pebBddovg fit() kau predict(), yio v expddnon
Ko yio v TpdPreyn ota data. Katd thv kAnon tovg, viomototvv dvo fit() — predict(), Eva
v ta training data ko éva yo To test data. Xta training data, to anoteléopata, deiyvovv 10
OGO KOAQ TO LOVTEAO EKTTOOEVETAL GTAL OEdONEVA, G TL fabud avayvopilel patterns oe
aVTA KoL Yo To oV To povtéro Exel kaver overfitting 1 underfitting, evéd ota test data, to
OTOTEAEG LA OETYVEL TNV TPOYUOTIKT ETLOO0CT] TOL LOVTEAOV, GE VEN OEGOUEVO TTOV OEV EXEL
Eavadel Kot omoTeELEL TNV OLGLUGTIKY LETPIKT) YO TNV OMOTEAEGLOTIKOTITO TOV EKAGTOTE
HOVTELOVL.

» Ev ovveyeia, vroloyilovv ta metrics, kévovv evaluate v am6d0cm Tov poviéAov kat
amoONKELOVY T OTOTEAEGLOTOL TOV.

» Télog, pe v ypnon tov prettytable, tov seaborn kot tov matplotlib, Tiotdpovv ta
amoteAéopata, to confusion matrix ko v xapmvin ROC/AUC.

H povoadwkn dtapopd tmv 600 cuvaptioewv, eival 6oV apopd To av To LOVTEAO Eival

supervised 1 unsupervised, pe v TpdTY va elcdyet kot Vv xpnon labels and to training set,
EVD M OEVTEPT, EKTOOEVEL GE OEOOUEVA YMPIG ETIKETEG.
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4.4.3 Tpocopowwceic Moviéhmv ko Emddcerg

Logistic Regression (LR)

To tpdTo poviélo mov ekmandevtnke gival owtd Tov Logistic Regression, pe povadikn
napapetpo va mailel poro, to C=10, pia mTapaperpog g omoiag 1 wwoppomia kabopilel to OG0
KaAd umopel va yevikevoet to povtéro 1 LR. Ta amotedéopata g eknaidevong eivar:

+--------- +------- e it - +

| Dataset | Model | AUC | Fl-score

oo +------ e Fomm e +

| Train | LR | ©.9820111542602578 | ©.9588722794516302 |

|  Test | LR | ©.9796564862180454 | 0.9559851591486037 |
+
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Ao to PrettyTable (mavo apiotepd), PAémovpe Tog 1 LR anédwoe moAd kaAd, Kot 060V apopd.
7o fit ot training data kot 6cov agopd v yevikevon oto. test data. Axoua, To confusion matrix
(kdT® aplotepd), dciyvel TmG 10 Tocootd TV missed hits gival oA pikpd, dnwc Kot To
amotéreopua ROC/AUC (kdtom de€1d) deiyvet Eva mold kaAd classification. O Adyog mov i LR
T ye T060 Kahd amodidetal 6To 6Tt lvar TOAD kaAd povtéro yia binary classification
mpoPAnuata, aAAL Kot Elval TOAD KOAY 6TV YEVIKELGN G VEQ OEOOUEVAL.

Support Vector Machine (SVM

Ho--mmo--- 4o------ e L PP T oo +

| Dataset | Model | AUC
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"o 1o povtédo SVC, ypnooromnke to SGDClassifier() tov sklearn. Ot mopdpuetpot
opiotnkav ¢ loss="hinge’, mov £xel va KAveL pe TV Agttovpyio oo YpoppuKoc tasvountie. To
LOVTELO TTPOKTIKG, Yhryvel To kaAbtepo hyperplane (vepeninedo), yio va ywpicet Tic 600
KAMoglg. Axopa, 1o alpha = 1, pe mopdpota Asttovpyia pe to C tov LR kot to penalty = 12, mov
eivon to default, ko mpocbétel Evav 6po Kavovikomoinong oTny GLVAPTNON KOGTOVS, Y10, TNV
ATOPLYY| HEYAA®V Op®V GTIC LETOPANTEG KaTd TV d1dpKeLa TNG EKTAidELONG.

Me pio patid, 1o HovtéLo lxe TOAD KOAEG EMOOGEIS GE OAOVG TOVG TOUEIS, EAAPPADS XEPOTEPQL
a6 to LR.

Radom Forest Classifier (RFC)

H onpovpyia Tov povtédov €ytve o¢ €ENG:

RandompForestClassifier(max_depth = 10, min_samples_split= 2, n_estimators= 100, n_jobs=-1)
To max_depth, kabopilel To péyebog Twv decision trees, pe peyoaldtepe TpéEC vo avEAVouy TV
TOADTAOKOTITOL TOV LOVTELOV, TO min_samples_split, opilel éva ehdyioto threshold yia to
‘omdoIH0’ VOGS E0MTEPIKO KOUPOL GE TopakAadia, EAEYYOVTOS £TGL TNV OladIKaGio
«dnuovpyiag» tov kabe dévipov, To n_estimators, opilel to uéyebog tov ensemble divovtog tov
aplOpd TV GLVOMKAOV dEVTIPMV Kot TEAOG TO N_jobs, To omoio puOcuévo o -1, Kavel tnv
KAAVTEPT dvVaTH TOPAAANANY enelepyacia.

————————— B b e e et
| Dataset | Model | AUC | Fl-score |
do o Frm Fo +
| Train | RFC | ©.9918202391386405 | ©.9701068162606625 |
|  Test | RFC | ©.989159575647468 | ©.9634008539935978 |
do o Frm Fo +
Test Confusion Matrix Receiver Operating Characteristic
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Ed®m, ta amoteAéopato Tov HOVIELOL GUVAVTOOV TOAD YNALS emdooels. O Pacukodg Aoyog sivat
ot ek pVoemg to RFC, amotelel éva povtédo ensemble teyvikng, cuvupacuévo ue
BeAtiotomoinon oe GAOVG TOVG TOUEIS GE OXEON LE O OTAN LOVTEAQL.

Naive Bayes (N-B)

H povadm mopauetpog eivor  priors, n onoia tébnke otnv tiur; None, emttpémovtag 6o
LOVTEAO va, Bpet LOvo Tov Tig mbavotnteg avabeons oe Kabs KAdoM.

Edd, ta amoteléopota Exovv evdlapépov. Evd n petpikn tov confusion matrix gaiverot va
VITOOEIKVOEL KAAEG TPOPAEyeLs, ot petpukég tov F1-Score kot ROC/AUC, diapovovv. H
avTipoon avtr Oelyvel 0Tt To LOVTELD OV amodidel KOAAQ Kol 0 Adyog givar évag, 1 avicoppomio
KAdoewv. To dataset £xel pikpd 1060610 eMOEGEDV GE GYEGT LLE TOV OYKO TNG KOVOVIKNG
KUKAOQOpiog, KATL ToAD Kovtd og éva real-world scenario. Avtd to «Tapa@oVCKMOUEVO
nocootod Tev True Negative, dniovel peydio accuracy, pe tov NB va kével cwotég TpoPréyelg

oTNV TAELOYN (L0 TOV KOVOVIK®OV TaKET®V. Q6T060, Ta. F1-Score dnAdvel Twg oTo avm oA
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TAKETO 01 TPOPAEYELS vl TOAD KOKEC, EVA 1) KOKKLV] YPOLLUT KOVTH 6TV d1YOVI0, KAVEL
AO0Y0 mo oA yio évav «50-50x classifier (ue Aiya Adya, Tuyaio).

+------- - +------- R R P e T e +
| Dataset | Model | AUC | F1-score |
Fo o Fo o +
| Train | N-B | ©.5639379247865877 | ©.2268213070352108 |
|  Test | N-B | ©.5577672169795314 | ©.20725242100798758 |
+------- - +------- R R P e T e +
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Kovtd oto RFC povtého,  povadikn dtapopetikn mopaperpog tov DTC, eivoun
min_samples_leaf, 1 onoia opilet éva eldyoto threshold yio thv dnuovpyio evog pvALov, To
0mo10 TTEPLEYEL KOL TNV ETIKETO KAAGTNG. ZOV TOPAUETPOC, EAEYYEL TNV TOAVTAOKOTITO TOV
SEVTPOL KOl LELDVEL TNV TAoT Yo overfitting.
Kot tah, 6mwg ko pe to RFC, ta amoteléopata etvar mohd Kahd. To povtédo €xet modd ymid
score ko oto train set , delyvovtag TV K=6VVaTH TOV IKAVOTNTO VO KATAVONGEL TOL SEGOUEVQ,
nov oPalet o peyddlo Pabuo, aAdd Kot va YEVIKEVEL GE VEX dEdOUEVAL.

o e Frm +--
| Dataset | Model | AUC |
e t------- Fommmm e +--
| Train | DTC

| Test | DTC

e t------- Fommmm e +--
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K Nearest Neighbors (KNN)

To povtého onuovpyndnke wc eEnc: KNeighborsClassifier(n_neighbors=11), ue tv petofint
n_neighbors, va. givar to Bacikd component tov KNN aAiyopifuov.

I

+
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I
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\
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Neural Networks (NN)
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MLPClassifier(hidden_layer_sizes=(128,64,32), activation="logistic', alpha= 0.01, batch_size=

64, max_iter= 100)
Ot petafintég dSnidvouv,

e hidden_layer_sizes, tov apiOud TV vevpdvev o€ kabe eTinedo ToL VELPOVIKOD
e activation, tnv cuvaptnon evepyomoinong oe kabe vevpmva, ue logistic, mepropilet to

amotéieopa petasd {0,1}, kabiotdvtag o 1Waviko yuo binary classification

e alpha, mov givan évog Tpd6beTOg OHPOC TOWVNEC BTNV GLVAPTNGT KOGTOVG, LNV ETTPETOVTIOG TO,
puoloueva Bapn va Eepbyovv o€ TIHEG

—— AUC: 0.9769779701396635

oo o Fr Fomm +
| Dataset | Model | AUC | Fl-score |
+-------- +------- Fommm e Fomm e +
| Train | NN | ©.9786891198800094 | ©.9594029617473527 |
|  Test | NN | ©.9769779701396635 | ©.9569701980236998 |
+-------- +------- Fommm e Fomm e +
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e Datch_size, mov opilel kGO mOGA delypota To poviédo Ba evnuepmvel ta Pépn tov.

Ot emdo6oe1g Tov NN, givar moAd karég, aAld a&ilel va onuelmBel o onpavtikdg xpovog Tov
YPEWOTNKE Y10 TNV EKTOIOELGT TOV.

Gradient Boosting (GR-B)
O k®dKag Yo TNV LAOTOINGN TOV HOVTELOV UE TIC KAADTEPES TOPAUETPOVG, EtvaL:

xgb.XGBClassifier(objective='binary:logistic', random_state=101, n_estimators= 200,
learning_rate= 0.01, max_depth= 4, subsample= 1, colsample_bytree= 0.8 )

H nmapdpetpog objective €xel opiotei yio mpoPAnua binary classification, n random state, o¢
K@0e emavainyn oty pddnon epovtilel v 010 agetnpia, O1TNPOVTOS TA 1010, ATOTEAEGLATO,
t0 n_estimators, kaBopilel 10 mOcH 6EVTPA Bal KATAGKELAGEL TO LOVTELO, TO learning_rate,
kaBopilel 10 OG0 KAOe OévTpo emmpedletl TV TeEMkN TPOPAeY™, To max_depth, meplopilet To
Babog tov kabe dévipov, To subsample, kabopilel 1o Tocootd amd To training data yio v
avantuén tov kabe dévipov(edd 1.0, dpo dAo to train) kot téhog, To colsample_bytree, mov
opilel To Toc00Td cvuuéToyng Twv feature oty dnuovpyic TV dEvipwV, El6GyovVTag KAmolo
TOYOOTNTA Kol pewdvovtag to overfitting.

oo Hmmmmmm oo e +
| Dataset | Model | AUC | Fl-score |

0.99091539410652529 | ©.9618725984611869 |
0.9890197764207868 | ©.9592666462104941 |
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Kat €dm, 0 GR-B, givan éva povtéro ensemble teyvikng, Alyo dtapopetikd and to RFC, wg
TPOG TNV AerTtovpyia Tov, OTmC £xel ENYNOel Kot EKTEVEGTEPA GE TPOTYOVLEVO KEPAANLO.
Qo1660, To amoteAécpaTa £ivor Kot €00, CTULOVTIKA KOAG TOToOETOVTAG TO 6T o YNAL
eminedo amddoomG.

Isolation Forest (Iso_For)

Edd mAéov, kavoupe Adyo yio. unsupervised poviédo. Zuvenmc, eKmaldevETOL 6€ OESOUEVH XMPIG
eTikéteg. O TOPAUETPOL TTOV Yproiporodniay ivar ot contamination, wov divel pua extipmnon
Y10 TO TOG0GTO oV paA®Y oto dataset kau n_estimators, mov givat To TAN00g TV tress Tov
YPNOLUOTOEL TO LOVTELO.
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Receiver Operating Characteristic

Z —— AUC: 0.37478785767131007

| Dataset | Model AUC F1-score |
+-----m- - e e R e +
| Train | Iso_For | ©.37269648729645076 | ©.168084399669051442 |
Test | Iso_For | ©.37478785767131007 | ©.1679806887422375 |
+-----m- - e e R e +
Test Confusion Matrix
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Onwg eaivetal, To LOVTELO deV To TTYE KOAN Gg Kavéva Topén Twv metrics. O kuptdtepog
AOYoc, eivon ko whAl  evon Tov dataset, mov eivon 1daitepa unbalanced, pe to 1so_For, va unv
umopet va to drayeprotel. AAAO €va GNUAVTIKO YOPAKTNPIOTIKO TOL HOVTEAOL, Eival OTL 1) KVPLOL
KavOTNTa TOL £ivar 1) aviyvevon avopoldv og Eva dataset kot oyt 1 Katnyoplomoinen tovg,

TpayLo IOV T0 KaO16Td emiong apketd avallomioto e avto to binary classification mpopinpua.

Local Outlier Factor (LOF)

[TéM, oo 1610 potifo pe to 1so_For, avtd to povtédo dev to myaivel kabBolov kaid. Ot

VIEPTOPALETPOL Y10, TOV KMOKA TOL £ival 10101, ALY Kot TAAL TO ATOTEAEGHOTO OEV Efvat

wavika. o pio akdpa eopd, n e&nynon Pacileton kot AL oIV OO TS Agttovpyiog Tov

LOVTELOV, TPOGAPUOGUEVO GTnV ovaBeon Score avopoiog og data points avdioya pe tnv

TOTKY TUKVOTNTA 1] AAALDG TNV EVPECT] amopoveUEVEVY instances péoa og £va dataset, kot oyt o

drympropdg og attack ko non-attack, o éva 1d1aitepa unbalanced dataset.
N

————————— e e e et
| Dataset | Model | AUC | Fl-score |
Fm e b o +
| Train | LOF | ©.45658692386716504 | ©.20534785885315807 |
| Test | LOF | ©.4545787357661129 | ©.20223602000136462 |
e i +------- e e il +
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K- Means (KMEANS)

Katd to dokovv, kar 0 KMEANS, dev anodidel cav unsupervised. Ot Adyot mapapévovv ot id1ot,
e T0 LovTéAo va Aertovpyei yia clustering, o dedouéva ywpig eTIKETEC, KO TTop OTL T
Aertovpyio Tov umopet va mAnotdoetl and v pabnon éva binary classification povtélo,
EVTOVTOLG OEV UTOPEL VOL YPNGIULOTOGEL TNV SVVOLUT TTOL UTOPEL VO EKUETAAAEVTEL EVOLg
supervised alyopOuog e TNV ¥pRHoN ETIKETOV, TAV® 6T0. 1010 dedopéval.

‘Eva evéiagépov oto metrics, wotdéco, tov KMEANS, givar ny kaurvin ROC/AUC, n onoia
divel apketd kahd anotéreopa. Kot wdAl, o cuvdvaouds twv Metrics, pog enttpénet va S00UE
TOC TO LOVTELO gV amodidel KO, Kol TO GLYKEKPLUEVA, 1 SLopopd oo Metrics, odnyel kot

TaA oV avicopponio tov dataset.

oo o o B +

| Dataset | Model | AUC

Fl-score

e R R e +

| Train | KMEANS | ©.732175194578896

| Test

| KMEANS | ©.7299788909728931 |

| ©.38538954443890455 |
0.3818989450305386 |

Hommmmoo- Ho-m-oo- oo o +

Test Confusion Matrix
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4.4.4 Egappoynq dimensionality reduction pg tqv ypijon SOM

"Exovtag 81 mog anodidovv ta povtéda oto dataset, miéov Oa elodryovpe TV gpNon TG TEXVIKNG
SOM, yia 660 10 dvvaToHY To Kabapo kat omodotikd dimensionality reduction.
H mpotn evtoin:

som = MiniSom(x=10, y=10, input_len=X.shape[1], random_seed=101, learning_rate=0.5)

E&nydvtoc tig mapapétpouc, e€nyeitar kot n Asttovpyio tov SOM ndvem oto dataset. Apyikd, ot
TOPAUETPOL X Kot Y Onpiovpyovv 1o TAEyuo v SOM, oe dwnotdoelg 10X10 otoyeiov. H
de0TEPN TTOPAUETPOG, input_len, Taipvel amd to dataset to cuvolkd TAnbog tov features, pe to
SOM va yperdletor avt TV TN, AGTE VO LTOPEGEL VAL EIGAYEL KATAAANAQ OAOVG TOVG KOLLPBOVG
Yo, TV amotumwon tov dataset. To random_seed éyel va kavel pe v otabepodTnTa TV
amotelecudToV Yo dtapopeTikd Tpe&itota, Kot TEA0G to learing_rate, to omoio opilet tov
pLOud oL T PAPN TV VELPOVOV oTo grid peTaaliovtal Kotd TV EKTaidgvoT), TPOT
YPNYOPO KOt HETE O OLLOALL.

Ev ocvveyela, Eexvder | eknaidevorn tov SOM:
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som.train_random(X.values, 100000)

To SOM, tpéyet yia 100000 epochs 1 emovaiyels, o€ kabe pio omd Tig omoieg AapPdvetl Eva
Tuyaio dedouévo Kot evnuepmvet to Bapn (weights), tov vevpovov. Edd givatl to pépog g
dadikaciog, otnv oroio To Mapping, Ha kabopicet To features pe v peyolvtepn enidopaon
uéoa oto dataset. A&iCelr va onuelmBei, mog ta SOM, givar unsupervised, ondte to X.values,
etvat opKeTO Yo TNV eKTAIOELON Kot deV XPEBLETOL ) TOPOYT TOV Y, UE TIG ETIKETES.

weights = som.get_weights()

Me 1o Bapn TV vevpavav, vo xovv kabopiotel mAéov amd to dataset, pe v evioin
get_weights(), maipvoovpe 10 Papog Tov kdbe vevpdva Ommwg avtod £yl kabopiotel pésa oto grid,
HETh TNV eKmaidevon).

feature_importance = np.sum(weights, axis=(0, 1))
sorted_indices = np.argsort(feature_importance)[::-1]

e 000 evtoléc maipvovpe avtd mwov BEAovE, Le To feature_importance, vo TEPIEXEL TO
aBpoiopa TV Papdv TV vELPOV®V TOV 0vTIeTOX0VV o€ kabe feature ((axis=(0,1) ), ko otV

sjit ===> Importance 79.88972720302736 sorted_indices, va copTtapovIal MOTE

proto_tcp ===> Importance 72.12756084446269 VO GTODDIWOULLE GTNV GUVEYELL. TO.
state FIN ===> Importance 68.49904656002387 PPLYOLHE OTN Xeu,

service None ===> Importance 57.9346679677669 features pe tig pucpéc eapmoeig 6o
sintpkt ===> Importance 51.74566708428816 dataset. Apiotepd, PAEmovpe Ta TPpDTA

dintpkt ===> Importance 49.27565938130978 , . .
djit ===> Importance 42.1083106085804356 ctoveio Tov feature_importance, avta

tcprtt ===> Importance 40.037702609652044 He TV peyoAvtepn Papvnra.
spkts ===> Importance 39.951789343411@4 Me éva amhd Tpé&luo 61O

is sm_ips ports ===> Importance 38.969896573728 . P
ackdat ===> Importance 38.59589847944606 sorted_indices, maipvovpe to. features

dttl ===> Importance 36.81396270863704 TOL £XOVV TNV UEYOAVTEPT| «ETIOPOCT),
synack ===> Importance 35.62048326337956 Kot KOPOLLLE ALTA TV OTOTmV 1

swin ===> Importance 26.96019825669865 o . .
network_bytes ===> Importance 26.574463499884317 GNHAGLA EVOL LIKPOTEPT OO EVA
Lkpo optopévo threshold.

To ene€epyacuévo pe yprion SOM dataset, amotedeiton TAéov and tov id10 apBud data
(oepmdv), dumc pe poig 39 features, évavtt tov 195. X_som.shape

Oleg o1 Tapamdvm EVIOAES, EKTEAECTNKOV OPKETA, -

ypryopa, pe axdpo kou to training , va (2540047, 39)
OAOKANPMVETOL GE PLEPIKEH OEVTEPOLETTAL,

e€aoaAilovTag £T61 OTL OgV LITAPYEL ADENGN TNG XPOVIKNG TOAVTAOKOTNTAG GTOV KMOTKA.

Mévet povo va do0pe edv, TEPO TPOPAVAS Omd TNV YPOVIKY Kol VTOAOYIOTIKT Bertion, av Ta
OTOTEAEGLATO GTO TPEELO TOV HOVTEA®V, Elval TO 1010 amodoTikd. Ommg Kot TPONYOLUEVMC, T
LOVTEAQ TPMTO, UTOIVOLV TNV GuVApPTNON param_tuning(), yio TV €0PECT] TOV KOADTEPOV
duvatov vreproanpopétpov. Edd, mAéov kottdpe v enidoon TV HoVTEA®V, va gival 0G0 To
duvatdv o Kovta otny enidoon ympic v xpnon tov dimensionality reduction, to onoio
TPOQOVAG Ba £xEl AyoTEPO dESOUEVD Y101 TO LOVTELD, GE GYEGT LE TNV XpTion OAwv tov features
Tov dataset.

80



4.4.5 Tpocopowwesig kot Emoocsig pe SOM

Logistic Regression (LR)

To mpdto povtélo, eivon to Logistic Regression, ue v moapdauetpo C=10, va opiletar mdAr oty
Ol Ty

————————— R e e e LT e S
| Dataset | Model | AUC | Fl-score |
F---m—--- e e e e e +
| Train | LR | ©.9834882628629551 | ©.9594500656522746 |
| Test | LR | ©.9811854540082457 | 0.9570571272698933 |
e +------- R e R e e T +
Test Confusion Matrix Receiver Operating Characteristic
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O ypovog ekmaidevon Ba Tapovslactel apydTEPE, MGTOCO O)L LOVO TapaTNPEiTAL KOAN EMidO0N
amd T0 HOVTELO, aAAG axopa Kot pio eAappd avénon. H amin eEnynon, Pacileton otnv
Aertovpyia Tov dimensionality reduction, pe ototyeio ta omoia £xovv LYNAN GLGYETION He GANa,
VO GLYKEVIPOVOLV AydTtepT PapdtnTa Kot cuvenmg va Bewpodvtal un ypnowa. H arlomroinon
tov dataset, Bon0a emiong to amAd oyetikd povtédo tov LR, va amoddoel kaivtepa
amo@evyovtog kKot To overfitting, mov mbavog cuvéBatve o peyaivtepo Pabud ue to
nponyovuevo high dimensional dataset.

Support Vector Machine (SVM)

- +------- Fommm e Fomm e +
| Dataset | Model | AUC | Fl-score |
Fo e From Fomm +
| Train | SVM | ©.9535589227682015 | ©.9070363228262965 |
| Test | SVM | ©.9539009617842897 | ©.9062451572911824 |
- +------- Fommm e Fomm e +
Test Confusion Matrix Receiver Operating Characteristic
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I"a to povtédo SVC, 1 amddoon perwdnke ehappmg. I'a v axpifela, oto F1-Score, éneoe
katd 0.002, o omoio oe oyéon pe o AUC, mov avéndnke katd 0.002, pog Aéel 0t omddoon
TOV HOVTEAOL Ogv PeTaPANONKE.

Radom Forest Classifier (RFC)
Onwg kot 610 SVM, 01 EMOOCELS KOt £6M TOPEUEIVOY GTO 1010 TOAD IKOVOTOMNTIKO EMITEDO.

LeSsss {SSSSsss eSS sssSs T e +
| Dataset | Model | AUC | Fl-score |
R +------- T R e e e e +
| Train | RFC | ©.9884125610928582 | ©.9792075323656335 |
| Test | RFC | ©.9827309605851702 | ©.9672337744171392 |
Fo-mmm - t------- Fommm e Fommmm e +
Test Confusion Matrix Receiver Operating Characteristic
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Naive Bayes (N-B)

H avénon otic emddoelg tov N-B, eivar onpoavtuey. Tap, 6Tt mapapével axodpa £va amd to
HOVTELQL LLE TIG XEPOTEPES EMOOGELS, GE GYEOT) LE T AMOTEAEGLLOTO, TOV LE TO TPOTNYOVUEVO
dataset, vapyet Evrovn Pertioon. O Aoyog, eival Kupiog Kot TAAL TNV HEI®GOT TOV TOAADV
ovoyeticpévav features, To oroio mnyaivel kOvIpo otV Paciky VIOBECT TOL LOVTELOV, TMG
6Aa o features eivon ave&dpta. Ed®, £xoviog Sidéel Ta mepiocdTEPU GLGYETIGUEVO, LETOED
ToVg «bypnotay features, o N-B pmopei mAéov va kavel akpiBéotepeg mpoPriyelc.

i S e S B e S S +
| Dataset | Model | AUC | Fl-score |
e R Fommm e e e +
| Train | N-B | ©.9295037380217589 | ©.7021853294934778 |
| Test | N-B | ©.9300609514673376 | 0.7029688878768039 |
+o-mmmm - +------- Fommmm e e e +

Test Confusion Matrix
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"Evag axoun Adyog, sivar kot 1 peimon g apatdtTog Tov dE00UEVMV, 1) 0TToio OTAV LITAPYEL G
peyaro Padpd, SuoKOAEVEL TO LOVTELD Vo, KAVEL TPOPAEYELS OTIC TIOUVOTNTEC.

Decision Tree Classifier (DTC)

Apelntéa peimon otig emdocels, g idwog tééng pe to RFC.

+--------- +------- R e R e +
| Dataset | Model | AUC | Fl-score
o e From Frm +
| Train | DTC | ©.9919328979815913 | ©.988340029937761
| Test | DTC | ©.9753928021158802 | 8.9605911330049262 |
to-mmmmmo- +------- Fommmmm e tommm e +
Test Confusion Matrix
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K Nearest Neighbors (KNN)
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Eloappd avénon oto AUC, kapia oxeddv odhayn oto F1-Score.
e R et e +
| Dataset | Model | AUC | Fl-score
- -- +------- e Fomm - +
| Train | KHN | ©.9812298737327877 | ©.9634836945909003 |
| Test | KNN | ©.9762611023753878 | ©.09557584822482877 |
e R et e +
Test Confusion Matrix Receiver Operating Characteristic
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N
I

eural Networks (NN)
_________ o oo
Dataset | Model | AUC
********* +-------+

Train | NN | @

Test | NN | @
--------- +-------+
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____________________ +
Fl-score |

.9783787906590613 | 0.9630153676846285 |
.9764946345061326 | ©.9597182652738209 |

Receiver Operating Characteristic
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2V mponyoOuevT ekmaidgvon elyav onuelmBel o1 KaAég EmOOGELS TOV, AAAG e TOAD
onuovTikd ¥povo ektédeonc. Edd ta amoteléopata and dmoyn metrics, sivat idio aAld 6mmg Oa
deryBel apydtepa 1 doPOpE GTNV YPOVIKT TOALTAOKOTNTA ivol TEPAGTLO.

Gradient Boosting (GR-B)

,,,,,,,,, o

,,,,,,,,,,,,,,,,,,, +

+
| Dataset | Model | AUC | Fl-score |
i o e From +
| Train | GR-B | ©.9900582282898728 | 0.9698836412111978 |
| Test | GR-B | ©.989030138622732 | 0.9589851598558614 |
i o e From +
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[paktikd undevikn arlayr] 6TV SLVOTH TPOYVAOGTIKY IKOVOTNTO TOV HLOVTEAOV.
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Isolation Forest (Iso_For)

Mmnaivovtag 6to Koupdrt tov unsupervised povtéhmv, Tai Tapatnpovue 6Tl 1 amddoon
mapopével ota it yapnAd erineda. H e€nynon g un avénong g anddoonc, £XEL VoL KOVEL e
mv e€apetikn wkavotnta tov SOM, ot dlat)pnon TV TOTOAOYIDOV YOPUKTNPIOTIKOV TOV
features. Zvvenmg, yio Tovg id10V¢ pe TponyoLuEvmg Adyovg, ov to 1S0_For, dev pmopovoe va
OTOOMGEL KOAG, OEV TO KATAPEPVEL KO EOM.

| Dataset | model | we [ Fioscore |

o Fommmmm e Fommm e B +

| Train | Iso For | 0.3678315901469494 | 0.16593988475315372 |
| Test | Iso For | 0.3668086001751167 | @.16445483776673486 |

Fo-m - F--------- Fommmmm e R il +
Test Confusion Matrix Receiver Operating Characteristic
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Local Outlier Factor (LOF)
Kopio aAlayn| otig emdooels.
R EE TR - Fo Fom +
| Dataset | Model | AUC | Fl-score |
R EE TR - Fo Fom +
| Train | LOF | ©.475982974837283 | ©.2135972313588651 |
|  Test | LOF | ©.47188483475907883 | ©.2096334976331072 |
e i +o---m-- e e e T +
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K- Means (KMEANS)

| Dataset | Model |
o Hommmmm o o

Actual

Train
Test

| KMEANS | @.732204688789957

+ —+

_____________________ +
Fl-score |

©.385445142223864 |

| KMEANS | ©.7300475801543471 | ©.38198378318328333 |
domm o tomm e e +
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446 AmOTELEGNOTO KOL TOPATPCELS

Ye k0B Tpooopoimon poviéAov, Tpochicape Eva Set eVToOA®V Yo TV XPOVOUETPNOT TG
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False Positive Rate

dwdkaciog eknaidevong tov poviédmv. To (evydpt start_time = time.time(), mpwv v
eknaidevon kot end_time = time.time(), netd, pe pia amAn aeaipeon pog £dve Tov ypdvo Tov

yperalotav kébe povtéro yia v ekmaidevon Tov. OAa to aroteAéopata, and Tig

TPOcOUOIOGELS Kot cuykekpiéva ot petpikég AUC, F1-Score kot o1 ypovotl ekmaidgvuonc,

1.0

amofnkevTNKOV Kol cvykevipmOnkay o€ évo dataframe, o oroio TopovotaleTot TOPAKATO.

Names No SOM With SOM

Type AUC F1 Time Type AUC F1 Time

1 LR supervised 0.979656 0.955955 4.49 supervised 0.981185 0957057 2.07
2 SWM supervised 0.953750 0.908935 1.41 supervised 0.953901 0906245 1.07
3 RFC supervised 0.989160 0.963400 7.16 supervised 0.982731 0967234 6.67
4 N-B supervised 0.557767 0.207252 223 supervised 0.930061 0.702969 1.38
5 DTC supervised 0976376 0.962036 1.57 supervised 0.975393 0.960591 1.15
6 KNN supervised 0.975432 0.955774 319.00 supervised 0976361 0955758 179.53
7 NN supervised 0976978 0956970 370.99 supervised 0976495 0959718 14544
8 GR-B supervised 0.989020 0959267 4695 supervised 0989030 0958905 19.30
9 ISC_FOR wunsupervised 0374788 0.167981 10536 unsupervised 0366809 0164455 20.41
10 LOF unsupervised 0454579 02022368 27919 unsupervised 0471885 0209633 10480
11 KMEANS unsupervised 0.729979 0.381899 1.43 unsupervised 0.730047 0.381983 0.71

Ta povtéla mov Egxydpioav eaivetar va eivar ta tpio povtéda tov RFC, DTC ka1 GR-B,
ta ool and wicw KpvPovv v ida eyyevn Aettovpyia, pe to RFC va paivetot o mo «kaid»
Kot oo o Tpio, AOY® amdO0o™g 6€ GLVOLAGUO e ¥POoVIKT TolvTAokdtTa. Elvol n mpdtn
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(OPA TOV OTOTVTTMOVOLLLE TIG YPOVIKEG TOAVTAOKOTNTES TOV LOVTEAW®V Kot divouv pio GAAN
dldotacmn oty eKova Toug. Ot ypdvor Tov PAETOVLE eivan 6€ SEC Kol £XEL EVOLUPEPOV TG TO,
novtéla ekmadenTnKoy OAo e Eva peydlo subset tov dataset, aAhd Oyt 6e OAOKANPO, HE TOVG
rpovovug ekmaidevonc, otic tepumtdocels Tov KNN kot NN, va Eepevyouy akdpa Kot pe
Hetpévo TAN0og dedopévav.

Q061000, KOITOVTOG 0TO 0510, PAETOVLLE TO ATOTEAEGLOTO TNG EKTTAIOELONG TOV
HovTél®V pe v ypnomn tov dataset, mov £xel enelepynotel pe SOM. Eivan pavepd, tmg e dAa
TO, LOVTEADL VITAPYEL EMTAYVVGT, KO GTO, TTLO YPOovoPopa, ivorl aKOUa TTo EVIOVN, UE TIG
EMOOCELS TOV HOVTEA®V, O)L LOVO va LEvouy 181G aAAd OTtmg oty Ttepintwon tov N-B, va
Beltiovovtotl KioAag. Me éva ypriyopo M.O., Byaivel pabnpotikd tog pe v yxpnon SOM, n
eknaidevon ohokAnpovetat mepimov oto 50% tov Ypodvov Ywpig Vv xpnon SOM.

4.5 KDDCUP’99

45.1 TIpo-enelepyooio Tov dataset

To dataset ivon d1a0éciuo oty 1otocerido tov KDDCUP. To apygio mov ypnoiporomcoue
eueic eivon to corrected, pe ta labels dopbwpéva kot o kddcup.names, pe ta ovouata TV
YapaKTNPIoTIK®V ToL dataset.

To d1GPacpa Tov apyeiov kot to TEpacpa tov o dataframe, £ywve pe pio amdr evioln
read_csv(), 6mwc¢ kat o didfacpa Tov apyeiov pe ta ovouata tov features ko pe pio tepattépm
enefepyacio dnuiovpynonke to dataframe pe to dataset tov kddcup.

Evéiopépov, e avtd to dataset, eivor n vmoapén apketdv eddv label, 6oov apopd to gidog twv

TOKETOV.

label guess passwd. 53
smurt. 2807836 buffer overflow. E1%)
neptune, 1072017 land. 21
normal. a72780 warezmaster. 20
satan. 15892 map. 12
ipsweep. 12481 rootkit. 10
portsweep. 10413 loadmodule. 9
nmap . 2316 ftp write. 8
back. 2203 multihop. 7
warezclient. 1020 phf. 4
teardrop. 979 perl. 3
pod. 264 spy - 2

And tov wotdtomo tov kddeup, ta label towv 'back.’, ‘land.’, 'neptune.’, 'pod.', 'smurf." ka1
'teardrop.', £xovv va kévovv pe DoS emBéoeic ko o 'normal.’, amotehobv To Kovovikd makéta
Kivnong diktbov. Me v ypfion TeV TopaKAT® evioldv Aorov, adeidlovpe To dataset, amo ta
noakéta pe ta vwoloura labels.

mask = kddcup_dataset['label'].isin(['back.’, 'land.’, 'neptune.’, 'pod.’, 'smurf.', 'teardrop.’, 'normal.'])
kddcup = kddcup_dataset[mask]
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OvclooTtikd, eTidyvovpe pia pdoka pe tig Tnég labels mov pag apopovv(1™ evrodn) kot mepviye
to dataset amd avt)v(2" evorn).

Ev ocvveyela, pe v gpron g VIoAng:

kddcup['label'] = kddcup['label'].apply(lambda x: 1 if x in ['back.’, 'land.’, 'neptune.’, 'pod.’,
'smurf.', 'teardrop.'] else 0)

avtikof1otob e TOVg d1dpopovg Tumovg enifeonc amAd oav enibeomn, kabiotovtoag To label , o

uio Boolean tiun, emibeon i 01 Kavovpe kot Evav éheyyo yia to av vrapyovy tipég NaN, pe

v evtoAn isnull(), ka1 eEaxpipdvovpe Tmg to dataset eivar kabopo.

Onwg ka1 6to mponyovuevo dataset, pe v yprion e evioAng .corr() kot tov seaborn,
OTTIKOTOLOVE TNV cVoyETIoN puetaéd tov dapdpwv attributes tov dataset, pe okomd v
apaipgon vynAd cvoyetilopuevav features.

H Aiota pe t1g evtoAéc givar mavopotdtunn pe povadikn oddoyn to dvoua tov dataset.

duration - - 100

wrong_fragment
urgent

hot
num_failed_logins
logged_in
num_compromised
root_shell
su_attempted -Jij
num_root -l
num_file_creations I

- 0.75

- 0.50

num_shells
num_access_files -Jil
num_outbound_cmds -
is_host_login -Jjij
is_guest_login -l
count
srv_count -
serror_rate -I
srv_serror_rate i
rerror_rate I
srv_rerror_rate -
same_srv_rate -Jli
diff_srv_rate i
srv_diff_host_rate -JJj
dst_host_count -Jli
dst_host_srv_count -l
dst_host_same_srv_rate -Jjij
dst_host_diff_srv_rate -
dst_host_same_src_port_rate -Jli
dst_host_srv_diff_host_rate -Jli
dst_host_serror_rate -Jjij
dst_host_srv_serror_rate -Jij
dst_host_rerror_rate -Jli
dst_host_srv_rerror_rate -
label

0.25

index

0.00

-0.25

—0.50

—0.75

rate -Jjij

dst_host_count -

-l
_rate -JHIHE

rate i

pted -l

num_root

num_access_files -

gins i

logged_in -

ytes -
dst_bytes
num_file_creations
count -
srv_count -
srv_diff_host_rate

num_outbound_cmds -

dst_host_diff_srv_rate

rt_rate
dst_host_srv_rerror_rate -

dst_host_serror_rate

dst_host_srv_serror_rate

duration
su_attem

src_b
serror_rate

dst_host_srv_count -

root_shell
dst_host_same srv_rate -

promised -
num_shells

diff srv_|
_src_pol
dst_host srv_diff host rate

same_srv_rate

SMv_Serror

srv_rerror

num_failed_lo
dst_host_rerror_rate -

num_com

dst_host_same_src

index
Koatevbeiav mapatnpovpe tov Aeukd 6tanpd, Tov Lo AEEL TMG TO GTOLYEID
‘num_outbound_cmds’, mapapével 6tabepod kat apa dev £xEL GLVEIGPOPEA GTNV EKTAUGEVOT).
[apaxdto epgaviCovral kot ta Levydpro pe to features pe ta peyodvtepa correlations. Me pia
am\n cvvemaymyn petaéd tov Cevyapudv, o features mov kataAyovv va £xovv peydin
ocvoyétion elval ta ['num_outbound_cmds', 'rerror_rate’, 'srv_rerror_rate’,
'dst_host_srv_rerror_rate', 'serror_rate', 'dst_host_srv_serror_rate’, 'dst_host_serror_rate'],
Ta ool apatpovvtan pe pio amAn evtoAn drop().
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Highly correlated feature pairs: ('dst_host_serror_rate', 'same_srv_rate')

('num_root', 'num_compromised') ('dst_host_serror_rate', 'dst_host_same_srv_rate')
('srv_count', ‘count') ('dst_host_srv_serror_rate', 'serror_rate')
('srv_serror_rate', 'serror_rate') ('dst_host_srv_serror_rate', 'srv_serror_rate')
('srv_rerror_rate', 'rerror_rate') ('dst_host_srv_serror_rate', 'same_srv_rate')
('same_srv_rate', 'serror_rate') ('dst_host_srv_serror_rate', 'dst_host_same_srv_rate')
('same_srv_rate', 'srv_serror_rate') ('dst_host_srv_serror_rate', 'dst_host_serror_rate')
('dst_host_srv_count', 'same_srv_rate') ('dst_host_rerror_rate', 'rerror_rate')

('dst_host_same_srv_rate', 'serror_rate')
('dst_host_same_srv_rate', 'srv_serror_rate')
('dst_host_same_srv_rate', 'same_srv_rate')
('dst_host_same_srv_rate', 'dst_host_srv_count'
('dst_host_same_src_port_rate', 'count')
('dst_host_same_src_port_rate', 'srv_count')
('dst_host_serror_rate', 'serror_rate')
('dst_host_serror_rate', 'srv_serror_rate')

('dst_host_rerror_rate', 'srv_rerror_rate')
('dst_host_srv_rerror_rate', 'rerror_rate')
('dst_host_srv_rerror_rate', 'srv_rerror_rate')
)('dst_host_srv_rerror_rate', 'dst_host_rerror_rate')
('label', 'logged_in')

‘Etot, katoAnyovpe oto dataset, pe 34 features, ex tov omoiov ta 3 givon tomov object, to omoia
Ba ovopdoovpe ko ok X dataset, cuv 1 yuo Tig etikéteg, to omoio Oa givan To y dataset. To
apywé dataset iye 41 features cvv 1 yo gTikéteg.

4.5.2 Tehxka configurations kot ekwaidcvon poviéimy

[Tpoxepévov, to dataset, va pmopéoet vo, ypnoomoindei oty ekmaidevon TV HOVIEA®V, HEVEL
to. Tpia features tomov object, ‘protocol_type’, ‘service’ kou ‘flag’, va petotpamoiv kot ovtd 6
apuntikéc Tipég. Opoimg, pe v xpnon tov OneHotEncoding, to dataset mov dnuovpysiton
éyel 109 features, pe povo apOuntikong TOTOVE Kot €ivot ETOLHO Vo, xpnoomomOei yio
exkmaidgvon.

X.info()

<class ‘'pandas.core.frame.DataFrame'>
RangeIndex: 4856150 entries, @ to 4856149
Columns: 1@9 entries, duration to flag SH
dtypes: floate4(189)

memory usage: 3.9 GB

To split tov dataset, yivetou Eava oe 70% training data kot 30% test data.

X _train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, random_state=101)
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4.5.3 TIpocopoiwceic Movréhov kot Emodcerg

Logistic Regression (LR)

AxorovBmvtog v id1a oelpd, Eekvdpe pe LR. Ou mapdapetpor opiCovtor omd v cuvaptnon
nag, param_tuning(). Ta amoteléopata ¢ ekmaidevong sivat:

Go=m————c fi=——=c—o e e = === o= = — === +
| Dataset | Model | AUC | Fl-score
+----m- - R e R LR e D L R T +
| Train | LR | ©.9997129174516206 | ©.9998624140087556 |
|  Test | LR | ©.9997314326084018 | ©.9998812180773583 |
+----m- - R e R LR e D L R T +
Test Confusion Matrix Receiver Operating Characteristic
1.0 =
/,
> 70000 e
[ rd
L] ’I
= 20012 8 60000 0.8 -
c o .
2 B e
50000 & e
- o 0.6 7
il = .
2 - 40000 = e
& o P
o ’I’
- 30000 a 0.4 L
x S e
[} rd
@ - 11 -20000 d
) ’
o 0.2 1 #”
’f
- 10000 e
e —— AUC: 0.9997314326084018
4
1 0.0 T T T T
non-attack attack 0.0 0.2 0.4 0.6 0.8 1.0
Predicted False Positive Rate

Av16 ov Tapatnpove dpeca eivar o1 dpiloteg EMOOGELS, KATL TOL O TopatnpnOel Kab dha ta
amotedéopata mive ce avto to dataset. O Adyog eivar mog to dataset, evéd eivon unbalanced, o
naxéto enibeonc DOS, sivat avtd Tov VIEPTEPOVV EVAVTL TOV KAVOVIKAOV TakETOV. Ta poviéla
TOV TTPOGOLOLDVOVLE AOUTOV, £XOVV TEPIGGOTEPU OEOOUEVA Y10 TIG EMOECELS, TPAYLLO TOV TOL
KAVEL VoL Yivouv KaAvTepo oty yevikevon(vynia test score), kaidtepa otnv pabnon (vymid
train score) ko kaAvTEpa otV Tagvounon (vynida AUC score).

Support Vector Machine (SVM)

+--------- +------- e ke e +
| Dataset | Model | AUC | Fl-score |
+--------- +------- R e L e R R e +
| Train | SvM | ©.9995820301572882 | ©.9998436610822407 |
| Test | SvM | ©.9997189607002083 | ©.099887471867967 |
+--------- +------- R e L e R R e +
Test Confusion Matrix Receiver Operating Characteristic
1.0 -~
’I
» 70000 L
o 4
[} ’I
= 20011 9 60000 0.8 - -
c @ L
E ‘I.E e
50000 & L7
- v 0.6 P
] = ’
2 - 40000 E e
g g ’1,
E ’
- 30000 3 0.4 /,
EY) | s
[¥] L4
G - 9 -20000 -
= -
[} 0.2 1 #
’I
- 10000 e
Vs —— AUC: 0.9997189607092083
-
| 0.0 T T T T
non-attack attack 0.0 0.2 0.4 0.6 0.8 1.0
Predicted False Positive Rate
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Radom Forest Classifier (REC)

—— AUC: 0.999975024975025

+---om - +------- B et +
| Dataset | Model | AUC \ F1-score |
to--mmm--- t------- Fommm s Fommm e +
| Train | RFC | 1.0 1.0
| Test | RFC | ©.999975024975025 | ©.9999937484761912 |
e t------- Fommm - Fom e +
Test Confusion Matrix
1.0
. 70000
w
]
B 20019 1 60000 0.8 1
= )
g 50000 &
— v 0.6
° 2
2 40000 £
< £
- 30000 g 0.4
~ =
o
8 - 0 -20000
o 0.2 1
- 10000
| -0 0.0
non-attack attack 0.0

Predicted

0.2

0.4 0.6 0.8

False Positive Rate

1.0

A&iler va onpeiwdei to 1.0 F1-Score, ota train data, to omoio dnAdvel T660, TPOKTIKE, TEAEL,
10 RFC, pumopei va dapdoet to dataset kat vo ekmodgvtel mave og avTo.

Naive Bayes (N-B)

—— AUC: 0.9898288008565578

i +------- Fommmm e tommmmmm e +
| Dataset | Model | AUC | Fl-score |
R e Frm Fom +
| Train | N-B | ©.9992823770191166 | ©.9983404212333955 |
|  Test | N-B | ©.9898288008565578 | ©.9897819991411322 |
+----- oo +------- e e L LT R e e e +
Test Confusion Matrix
1.0 -
70000
-
@
% i 20017 3 60000 0.8
< )
3z
2 50000 ®
— v 0.6 A
- 2
2 40000 2
B4 &
- 30000 ] 0.4 A
X =
g- 1615 -20000
© 0.2 1
- 10000
’I
| 0.0
non-attack attack 0.0

Y10 mponyovpevo dataset, o N-B, dev Oa ntav éva poviédo mov Oa mpotiodtay. Qo060 €50,

Predicted

0.2

T

0.4 0.6 0.8

False Positive Rate

10

BAémovpe TG TOL amoTEAESUATO TOV, Elval KOADTEPO OO TV KOADTEPT EMIOOGT TOV KAAVTEPOL
Hovtélov oto Tponyovuevo dataset.
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Decision Tree Classifier (DTC)

————————— T I
| Dataset | Model | AuC | F1-score |
+emmmmmm— === LR ] #mmmmmmm = +
| Train | DTC | 1.0 | 1.8
| Test | DTC | ©.9999874968742186 | ©.9999874967178884 |
foooomooon e B i e R e i +
Test Confusion Matrix Receiver Operating Characteristic
1.0 7
’I
e 70000 -
v} .
o ’I
= 20020 0 60000 0.8 1 .
5 g -~
g 50000 & L
- o 0.6 1 -
° 2 ”
2 40000 = -
¥ 3 -
a e
-30000 @ 0.4 e
~ e
[ = -
g- 2 - 20000 Vg
® 0.2 et
- 10000 e
g —— AUC: 0.9999874968742186
Ed
| -0 0.0 T T T T
non-attack attack 0.0 0.2 0.4 0.6 0.8 1.0
Predicted False Positive Rate
K Nearest Neighbors (KNN)
i e e e it it +
| Dataset | Model | AUC | Fl-score |
Fommmm oo Fo---o-- B e oo +
| Train | KNN | ©.9998876537925826 | ©.9999437158777509 |
|  Test | KNN | ©.9998938171106213 | ©.9999499868715538 |
fommmmnees e e e L e +
Test Confusion Matrix Receiver Operating Characteristic
1.0 -
’I
x 70000 P
m ’I,
£ 20017 3 60000 0.8 1 e
c ] I,’
g 50000 & o
- o 0.6 4 "
[ 2 ’
2 40000 = .
£ o g
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30000 g 0.4 et
ﬁ | o If’
E- 5 - 20000 e
® 0.2 -7
’I
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7 —— AUC: 0.9998938171106213
e
| 0.0 T T T T
non-attack attack 0.0 0.2 0.4 0.6 0.8 1.0
Predicted False Positive Rate
Neural Networks (NN)
o - o i +
| Dataset | mModel | AUC | Fl-score |
e e e T e e +
| Train | NN | ©.9998440979995336 | @.999956225658518 |
|  Test | NN | ©.9999188233621843 | 0.9999740940610895 |
#emmmmmmm- R L L L L LR R R +
Test Confusion Matrix Receiver Operating Characteristic
1.0 =
’I
» 70000 L
) td
2 e
5 - 20017 8 60000 0.8 1 »”°
- Cd
c o ”
2 £ P
50000 & -
— v 0.6 e
[ 2 -,
2 40000 ¥ P
P
3 g e
-30000 © 0.4 e
E ”
ﬁ [ ,4’
s - 1 79979 - 20000 e
® 0.2 - L
- 10000 -~
s —— AUC: 0.9999188233621843
-
I 0.0 T T T T
non-attack attack 0.0 0.2 0.4 0.6 0.8 1.0
Predicted False Positive Rate
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Gradient Boosting (GR-B)

dom o Frm Fomm +
| Dataset | Model | AUC | Fl-score |
dom o Frm Fomm +
| Train | GR-B | ©.9999937463259665 | ©.9999937462868578 |
|  Test | GR-B | ©.9999937484371093 | ©.9999937483980269 |
+---o-m - +------- e e e e e +
Test Confusion Matrix Receiver Operating Characteristic
1.0 -
’I
» 70000 L
[ rd
m ’I
= 20020 0 60000 0.8 - -
I o e
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Isolation Forest (Iso For)

Mmnoaivovtag kot TdAl ota unsupervised povtéda, PAémovue Tmg Adym tov kKaiov dataset, ol
emdooelg eivan avefacpévec. To dataset tov KDDCUP, &yet Myotepa €iom enibeong and to
UNSW dataset, kot to. «katnyoplonolei» oe t666pic Pacikég KATNYOPIES, K TOV OTOI®V 1 pio
eivon DOS attack. Avti n amopdvoon tov embécewv oato KDDCUP, givat mo kovid atov Tpomo
Aertovpyiog Tov 1so_For, to omoio anopovdvel T avopoieg péoa oto dataset, Tpokeiuévou va
T1G dtokpivel. Avtd, cLVERMG, e&Nyel TG To 1010 LOVTELD EXEL ONUOVTIKA KAADTEPES EMOOGELS,
amo to dataset tov UNSW. Qotd60, Kot TaAL, T0. 0TOTEAEGUATA TOV OEV UITOPOVV VL GLYKPIOODV
LLE TIG Ap1oTEG EMOOCELS TMV SUPErvised HoviEA®V Tapandve.

e +---oo- - oo e e it +
| Dataset | Model | AUC | F1-score |
e it F------- - e L LT R +
| Train | Iso_For | ©.683592297048567 | ©.916@532617841404 |
| Test | Iso For | ©.683555760318701 | ©.9158726702408767 |
tom o Fom o +
Test Confusion Matrix Receiver Operating Characteristic
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Local Outlier Factor (LOF)

[TéMm, oo 1610 potifo pe to 1so_For, to povtédo tov LOF, éxet apketd kadd F1-Score pe
oyetikd kakd AUC.

—— AUC: 0.598516855737411

T

0.4 0.6 0.8

False Positive Rate

1.0

Receiver Operating Characteristic

—— AUC: 0.5842378364321351

+----- - R R et E e R LT E T +
| Dataset | Model | AUC | Fl-score |
+----- - R R et E e R LT E T +
| Train | LOF | ©.5784@65866411388 | ©.882913034605405 |
|  Test | LOF | ©.598516855737411 | ©.8820201185875689 |
t--mmmm- - t------- Fommmmm e tommm e +
Test Confusion Matrix
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K- Means (KMEANYS)
Fo o o o +
| Dataset | Model | AUC | Fl-score |
Fo o o o +
| Train | KMEANS | ©.5843322854656284 | ©.423736297490833 |
| Test | KMEANS | ©.5842378364321351 | 0.4228963212629274 |
Fo o o o +
Test Confusion Matrix
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1.0

Y7o dataset tov KDDCUP, ta €idn embécemv pmopovv vo Bempnbodv cav outliers, kdtt to
onoio evéd Ponbd oty KoAvTepT enidoomn poviédwv 0nmg to 1so_For kai to LOF, dvoyepaivet
Wwitepa to povtélo tov KMEANS, tov omoiov ot «opadomomaeio» ennpedloviol apvntikd
and v vrapén outliers. Akopa, o KMEANS, vrobéter tv dmapén cpapikdv clusters
(ouddmv) Kot oyeTiKd mapopolwv ueyedov, pe kavévo and to 600 va £xetl 1oyd oto dataset avto.
YVVETMG, TO. ATOTEAEGLLOTA TOV ELVOL SIKOLOAOYNUEVO GE YOUNAQ ETITED L.
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4.5.4 Egappoyn dimensionality reduction pe tnqv ypijon SOM

IMo pio axopa eopd Ba epappocovpe dimensionality reduction pe v xpnon SOM. Ot evtoAéc
KOl 0 KOOTKOG TOpOUEVOVVY 101€G Kot TAAL 0 pOVOG Onovpyiog Kot ekmaidosvong tov SOM,
elval ToA0 pikpoc.

logged in ===> Importance 199.4536747768545

root_shell ===> Importance 127.11553546516022
srv_diff host rate ===> Importance 121.69476897322974
dst_host srv_diff host rate ===> Importance 115.55270215403418
flag SF ===> Importance 99.432426892943

is guest login ===> Importance 87.89770153839372
protocol type tcp ===> Importance 87.72229597420622

hot ===> Importance 71.40786328537708

service _http ===> Importance 69.64647686546724
same_srv_rate ===> Importance 51.25598418859514

num_file creations ===> Importance 42.284913295370814

dst _bytes ===> Importance 37.35365159559454
dst_host_same_srv_rate ===> Importance 35.811773884284186
num_access files ===> Importance 23.852692812887447
dst_host_srv_count ===> Importance 14.208316975876386
su_attempted ===> Importance 14.171597153160807

service smtp ===> Importance 10.882582892772612

KoaAdvtoc otnv 006vn ta feature

pe v peyoArvtepn Papvnra, Kot
gv ovveyeio apopOVTOS QVTA [LE

TNV KPATEPT], KATAATYOVLE GTO
TeMko dataset.

To dataset yopic v ypnon tov SOM, eiyxe 106 features. Metd 1o SOM, éyetl poag 28.
"Exet evdwopépov, epdGov Ta LovTéda anédmoay dpiota, 0V
TPOPAVDOG TEPX, ATt TNV PEATIOOTN XPOVIKT] TOAVTAOKOTNTA,
KPOTNOOV Kot TIG €MOOGELS TOVS 610 1010 eminedo. H Pertimon
oTIC EMBOGELS TV MELriCS, dev £yl 1dtaitepn onuacio kabdg ta
nePlocOTEPA £fvVOL LOKPLE amd TNV WAVIKT LOVASO arOO0CNG KATH LEPIKA YIAMOCTA. ZUVETMDGC, M
dtpnon TV EMOOGEMV Hog eivar apkeT kot pévetl va dtatnpndel otabepn kabag peudvoovue
TNV YPOVIKT] KOl VTOAOYIGTIKT TOAVTAOKOTNTO.

X_som.shape

(4856150, 28)

455 Ilpocopordoeis kot Emdoceig pe SOM

Logistic Regression (LR)

+---mm - +------- et B e it +
| Dataset | Model | AUC | Fl-score |
Fo e e Fr Fom +
| Train | LR | ©.9993819125882164 | 0.999643475922115 |
|  Test | LR | ©.9996064813585873 | ©.9997561539856318 |
Fo e e Fr Fom +
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O yxpovog ekmaidevon B TapovslaoTEL 6TO TEAOG GTOV GLYKEVTIPMTIKO TVAKO, (OGTOCO
TOPOTNPOVUE MG 1) TTOGT TNG ENLO00NG Elval 6T0 TETAPTO dekadko ynoio. Me amid

pobnpatikd, vanpée dapopd oto AUC kot oto F1-Score katd 0,0001. Ag avagepBei dpme, 6Tt
0 YPOVOG eKTaidEVONG, Elval oxedOV O IGOC.

Support Vector Machine (SVM)

'Id1e¢ KataoTAoELS, e dALOYEG £ GTO TEUTTO OEKAIIKO.

to-mmmm- - +------- tommm e tommm e +
| Dataset | Model | AUC | Fl-score |
to-mmmm- - +------- tommm e tommm e +
| Train | SVM | 2.9994446692537369 | ©.9997623544420958 |
| Test | SVM | ©.9996190606093083 | 0.09998624698555376 |
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Radom Forest Classifier (RFC)
oo +------- B L L Fomm e +
| Dataset | Model | AUC | Fl-score |
oo +------- B L L Fomm e +
| Train | RFC | ©.9999937463259665 | ©.9999937462868578 |
|  Test | RFC | ©.99986259095227556 | ©.9999374835804422 |
oo +------- B L L Fomm e +
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210V UEYPL OTIYUNG KAAVTEPO LOVTEAO Kol TAAL O1 AAAOYEG YIVOVTOL OpPATEG GTO £KTO OEKAOTKO
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ynoeio T@v metrics.

False Positive Rate
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Naive Bayes (N-B)

[Topd to 411 01 1016 EMOOGELC, AOY® TNEG GNUAVTIKNG ETTAYVVONG, LOG 0PKOVV, TO LOVTELO TOV

N-B, mapovcialet kot kaAdtepeg emdooelg petd v ypnon towv SOM, pe ta metrics tov va,
Bedktidvovtol 6To deDTEPO OEKAOIKO.

R R R e T R e e e +
| Dataset | Model | AUC | Fl-score |
- - R EEEEEEEEE R LT EEEEE +
| Train | N-B | ©.99456730710452913 | ©.9981686011988473 |
|  Test | N-B | ©.99482397514940666 | ©.9981949998931457 |
doom - - Fom Fommm e +
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Decision Tree Classifier (DTC)
Kot oA, aAhayég 010 T€T0pTO OEKOOIKO.
fooo - - R e e +
| Dataset | Model | AUC | Fl-score |
fooo - - R e e +
| Train | DTC | ©.9999500439161272 | ©.9999687318431951 |
| Test | DTC ©.999700237247124 | ©.9998874732749028 |
Fommmmm - R et it R +
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K Nearest Neighbors (KNN)

Meiwon ota AUC ko F1-Score xata 0,00001.

- - - Fom - e e i +
| Dataset | Model | AUC | Fl-score |
- - - Fom - e e i +
| Train | KNN | ©.9998189366866094 | @.9998936815575027 |
| Test | KNN | ©.9998125780196297 | ©.9998874648327603 |
o Fo------ oo R L e +
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1.0 -
,I
> 70000 L
[ r 4
o ’I
L - 20016 4 60000 0.8 1 e
c o e
2 = L
50000 & e
- v 0.6 4
[ = i
2 40000 £ e
E g L
. ’t
- 30000 y 0.4 e
_Lu:) F 1’
[ - 14 - 20000 .
= ’
o 0.2 1 ,I
- 10000 ~
L7 —— AUC: 0.9998125780196297
f 0.0 T T T T
non-attack attack 0.0 0.2 0.4 0.6 0.8 1.0
Predicted False Positive Rate
Neural Networks (NN)
Fo-mmm - Fo------ oo Fomm o +
| Dataset | Model | AUC | Fl-score |
- - Fom e Fomm +
| Train | NN | ©.9997811214088277 | 8.9997818734905017 |
|  Test | NN | ©.9997500311641346 | 8.9998061712570733 |
Fo-mmm - Fo------ oo Fomm o +
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Meimon oto Metrics 6to t€tapto dekadIKo, e TNV SL0dIKAGT0 EKTAIOEVOTG VO OAOKANPOVETOL

oxe0OV GTO £va TPITO NG OPYLIKNG.
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Gradient Boosting (GR-B)

e b e e e

| Dataset | Model | AUC

to-mmm oo +------- o

| Train | GR-B | ©.9999812389778995

|  Test | GR-B | ©.999800168573612
e b

Test Confusion Matrix
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Yta unsupervised, to dimensionality reduction, Tépa a6 v enttdyvvon oto 1S0_For épepe kot
erappla avénon ota emdooelc. Xto dataset tov KDDCUP, pe 1ic embéoeig vo umopoiv va
BempnBovv cav kol outliers, to dimensionality reduction, oyt pévo umopei va tovicet ta
outliers péoa og &va YdPO HKPOTEP®V SLOOTACEMV, OALA Vo BonONGEL KOL LLE TOV YOPIKO
drayopropd TV avopodv kabhc Tpofdilovial oe pikpotepes draotdoeic. Unsupervised
novtéra, oav ta 1so_For kot LOF, ennpedlovton Betikd amd v ypnomn tov SOM, kot 61ig
EMOOGELS, TEPQ OO TNV YPOVIKT TOAVTAOKOTNTA.

Receiver Operating Characteristic

—— AUC: 0.7002868661720876

t--mmmm - t--mmmm - tommmmm Fomm e +
| Dataset | Model | AUC | Fl-score \
+--------- +---omm oo - et B e e e T T +
| Train | Iso_For | ©.6991898279347213 | 0.9219372414726426 |
| Test | Iso For | ©.7602868661720876 | ©.9221152997263176 |
i t--mmmm - tommmmm e Fomm e +
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Local Outlier Factor (LOF)

Fo-mmmmm - R R e e +
| Dataset | Model | AUC Fl-score |
Fo-m - o t------- Rt +
| Train | LOF | ©.5836547836272427 | ©.8852120802296466 |
| Test | LOF | ©.6043245951347977 | ©.8839402703181254 |
Fo-m - o t------- Rt +
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K- Means (KMEANYS)
Elogpd Bertioon.
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| Dataset | Model | AUC | Fl-score |
domm - - o Fo - +
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| Test | KMEANS | ©.7380475801543471 | ©.38198378318338333 |
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4.5.6 AmoTELLGHOTO KOl TOPATPGELS

Onwg ko mpwv, pe to (evydpt start_time = time.time(), mpwv v eknaidevon kot end_time =
time.time(), netd, CLYKEVIPMOGALE TOVS XPOVOLS EKTaidgvoNng Yia kdbe poviého. To
ovykevipoTikd dataframe, pe to amoteAéopota yio To MEtrics kat tovg xpOvous EKTaIdELONG
v KéOe povtéro, TapovclaleTol TapaKAT®.

Names No SOM With SOM
Type AUC F1 Time  Type AUC F1 Time

—

LR supervised 0.999731 0.999881 4.33 supervised 0.989606 0.999756 2.30

SVM supervised 0.999719 0.999887 1.93 supervised 0.999619 0.999862 0.87
RFC supervised 0.999975 0.999994 3.97 supervised 0.999863 0.999937 3.75

N-B supervised 0.989829 0.989782 1.37 supervised 0.994823 0.998194 0.79

DTC supervised 0.999987 0.999987 1.1 supervised 0.999700 0.999887 0.74
KNN supervised 0.999894 0.999950 117.24 supervised 0.999813 0.999887 61.76

NN supervised 0.999919 0.999975 167.73 supervised 0.999750 0.999806 64.44

GR-B supervised 0.999994 0.999994 19.78 supervised 0.999800 0.999931  9.31
ISO_FOR unsupervised 0.683556 0.915873 67.38 unsupervised 0.700287 0.922115 13.51

o O 0o ~N o ;AW N

=3

LOF wunsupervised 0.598517 0.882020 167.19 unsupervised 0.604325 0.883940 86.37

11 KMEANS unsupervised 0.584238 0.422896 0.99 unsupervised 0.578837 0.422062 0.70

Ot emdooelg 00 TEPQ, EXYOVV AUEANTEEG SLAPOPES LETAED TOVG, KoOloTdVTAG OAO TOL
LOVTEAD EEAPETIKEL, OGOV 0POPA TIG EMOOCELS TOVG. A OOVLE OUMC, KOt TAAL TNV ETLTAYLVON
7oL TPOGEPEPE 1 ypnom tv SOM. Ot ypdvot givar oe SEC Kot avoroyikd pe to Tpdto dataset,
eatveral ko A n peyaan ypovikn roivmiokdtnto towov KNN, NN kot LOF.

Apiotepd, eivon ta metrics AUC, F1-Score kat o1 ypdvot ekmaidevong yopig tnv ypriion
tov SOM kat de&1d pe v yprion SOM, yia v eneéepyacio tov dataset. Eivar pavepo, yia pia
KO POPEL, TWG G€ OA TO LOVTEAD VITAPYEL CNULAVTIKY EMLTAYLVGT KOl Ol EMOOGELS TOV
HOVTEL®V, TTOPAUEVOVV 101eC G TOAD YNAd emineda.

4.6 ITUUTIEPACUAT

Balovtog to mheovekThpata 1OV TPOoKOHITOLY amd TV xprion SOM ya dimensionality
reduction c¢ éva (Intrusion Detection System - IDS), éyovpe:

1. Tayvtepovg ypovovg ekmaidocvong: H ypnon tov SOM yua m peimon tov Sloetdoemy,
UTOpEL VoL 00N YNOEL GE GNLOVTIKA TOYVTEPOVS YPOVOVG EKTAIOEVOTG, KATL 1O104TEPQL
kpioo og éva IDS, xabog emtpénetl 6to cvotTHa va enelepydletan Kot avaAvEL Ta
dedopéva KuKAOPOopiog SIKTOOV O ATOTEAEGUATIKA, LEDMVOVTOS TV KaBVGTEPN O GTOV
EVIOTIGUO KO TNV ovTidpaoT o€ mapeUPACELS.

2. Awripnon g amw6d0ong: To yeyovog OTi To. AmOTEAECUATO GTIC LETPLKES LETA TN
xpnomn tov SOM mapépevay idia, VTOONADVEL OTL S1UTNPOVV ATOTEAEGLATIKA
ONUOVTIKES TANPOPOPIEG EVD LEUDVOVV TOV YDPO TOV YOPAKTIPICTIKOV. AVTO
eEacparilel 6t 0 IDS ovomud cog cvveyilel va Aettovpyel KaAd dGov apopd v
axpifela g aviyvevong Kot To T0G0oTH YEVIMY OETIKMOV.
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3. Bektiopévn Ontikomoinon: Ta SOM umopovv va mopéyovy pio ToAD Ko OTTiKn
TAPACTACT) TOV OEGOUEVOV, OIVOVTOG TNV OLVATOTNTO OTOKTNONG UioG TOAD KOANG
dwaicOnon g doung kKukAogopiog Tov SiktHov. AVTH 1| OTTIKOTOINGN UTTOPEL VO
Bonbnoet o Pabitepn KaTOVONOT TOV SEGOUEVMV KO GE EVTOTIGUO HOTIPmV Kot
AVOLOADV.

4. Mzsioon tov Overfitting: Me ) peimon Tov dtonotdoemv Tov dedouévmv, To SOM
umopovv va fondncovv ot peiwon tov overfitting, 6mov to povtédo pabaivel Bopvo
oT0 0E00UEVA OVTL Yo TPAYUATIKG poTifa. AvTd 0dnyel o€ €va o avOeKTIKO cVOTNLA
IDS mov yevikevel KaAOTEPA GE VEES KOl U1 YVOOTEG OMEINES.

5. Behtiopévn Real Time Avigveven: Ot taydtepot xpovol EKTaIdELONG KOt 1] LElmo™ TG
SOCTAGIHLOTNTOG, EXLTPETOVY THV AVIXVELGT TPOYUATIKOD XPOVOV, KPIoLUN Yo £yKaipn
avTIOPOOoT GE OCPAAELNG.

6. Aryotepor Yroroyrstikoi [Iopor: Me Ayotepa yopaKTNploTIKA Tpog eneepyacia, T0
IDS cvomua amaitel AtydTeEpOVE VTOAOYIGTIKOVE TOPOVC, KOl KOT  ETEKTACT) OIKOVOLKA
ATOd0TIKATEPO.

To amoteAéopota TV TPocopoIOcE®V Lag £0e1&av Tmg To. SOMS, £xovv KoTamANKTIKN
KAVOTNTO OTNV HEIMON TOV SOGTACEDV EVD TOPAAANAL 10 TNPOVV TAL OVCIMOON
YOPOKTNPLOTIKA TOV SEGOUEVMV, EMTPENTOVTOS TOV TOYVTEPO EVIOMIGUO GE TPAYUOTIKO YPOVO N
rpovo embéoewv, Onmg DDOS, e m peimon Tov Ydpov TV YopoKTNPICTIKOV Kol T1
duvatodTTo YPNYopoTEPNG avAAVOTG TV dEdOUEVAOV KUKAOPOpPTaG 6To dikTvo. AKOpa, amd TV
@voN T0VE, Elvarl Tpocapudcsipa oe peTafaridpeva potifa embécemv, KabioTOVTAG TO
KOTAAANAQ Y100 GEVAPLA, OOV 01 péBodot emiBeomng umopet va e&elyyBoiv e Tov xpovo.

Tehkag, ta. SOMS TpocpEPOVY OMOTEAECUATIKOTNTA, TaYVTNTO Kol eveMElo 6TOV TOUEN
™G aviyvevong embécemv, oAAd TPENEL VO EVEOUAT®OODV GE [0l GUVOAIKT GTPOTNYIKY
OUVVTIKNG 0GQAAELNG, TOV GLVOVALEL TOALEC TEXVIKEG Yia pio a&lOTIoTN TPOCTAGIaL.
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ETtiAoyog

2TOX0G TNG Nnapouoag SINAWUATIKAG epyaciag ATav n LEAETN TwWV EQAPHOYWV TNG MNXavikng
Md&Bnong yua tnv dnuoupyia evog No avBEKTIKOU KAl NPOCAPHOOIHOU ZUCTANATOG EvToniopou
EwoBoAwv (IDS) npocavaTtoAlopévou atov Topea Tou edge. H avalntnon piag anoTeAECUATIKAG
Kal anodoTIKAG AUONG Hag 00ryNoE va €EEPEUVIICOUE TOV KOO0 TwV XapTwV AUTO-0pyAavwong
(Self-Organizing Maps - SOM) yia Tn peiwon tTnG dlA0TACIHOTNTAG, KAl AUuTO avapgloBATnTa
anoTéAeoe Kal To Baoikd onueio, 6cov aopd TNV avTipeTwnon embgoswv Tunou DDoS.

EnkevtpwObnkape otnv aglonoinon tng duvaung twv Xaptwv AUTo-0pydvwong, HLAG
TEXVIKAG pABnong Xwpic enifAeyn, Baclopévng o€ veupwviKA OIKTud. XPNOLHOMNOLACAPE TA
SOMs yla va petaocyxnpaticoupe ta upnAng dlaotacipotTntag 0edopeEva KUKAOpopiag diktuou
o€ €vav Mo dLaXELPIOOo KAl aVTINPOCWNEUTIKO XWPO XAPAKTNPLOTIKWY. TO anoTEAECUA ATAV N
peiwon TNG NOAUNAOKOTNTAG TwV OEQOUEVWY EVW dlATNPOUCE TA BACIKA TOU XOPAKTNPLOTIKA,
EMITPENOVTAG €TOL Mo anodoTIKN enegepyaoia oe €éva edge nepiBailov.

Katda tn dldpKela Twv NEPAPATWY, NAPATNPACAUE CNUAVTIKEG BEATIWOELG OTIG EMOOTELG TWV
HOVTEAWYV evToniopoU €l0BoAwY, o BUO yVwoTA OcT dedopevwy yla enBeoelg Tunou DDoS. H
peiwon t™ng SlactaoipdétnTtag peéow SOM evioxuoe O6xL pOvo Tnv akpifela otov evroniopod
mBavwv enBeoccwv DDoOS, aAAd peiwoe dpacTikd Tov XpOvo enegepyaciag Twv dEdOUEVWV Kal
eknaideuong Twv povTEAwvV MnyxavikAg MdBnong, emtpenovTtag OTO CUOTNUA va eMTEAEL
AnMoOTEAECUATIKA KAl YPAYOPA TOV EVTOMIOUO evVOEXOUEVWYV EIGROAWY, eViaXUOVTAG OXL HOVO TOV
TOMEQ TNG AOQ@AAEOG OAAG KAl TOU @QOPTOU OTOUG UMOAOYLOTIKOUG népoug oTov edge,
kaBiotwvTtag To IDS nio BUOLHO KAl OLKOVOULKA arnodoTIKO.

Katda tov Yann LeCun, "H Mnxavikh MdBnon dev €xeL va KAvel pOvo Pe TNV avantuén twv
HOVTEAWYV, AAAG Kal LE TNV KATAvOnon Twv 0ed0UEVWY Kal TNV BeATIoToNoinon Twv dladlkaoiwyv
enegepyaoiag Toug." e AUTAV TNV €noxr OMNou oL CUOKEUEG edge, dladpapaTtiouv Kupiapxo
pPOAO, N avanTtugn avOeKTIKWV Kal EEunvwyv CUCTNUATWY €VTONIOHOU €I0ROAWYV HUE TNV XPron
Mnxavikng Mé&Bnong, Ba xpelwaotei 6nowa Bonbela pnopel va Bpet ya tTnv enttuxia tng,
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