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NEPINAHWH

Itnv mapovoa StatpPn eotialoupe oTo MPOPLANUA TNG XPOVIKNG CUV-TUNUATONOLNONG
Opdocswv og akolouBieg moAudildotatwy dedopévwy kivnong (motion capture data)
Kal oe akoAouBieg ewovwy (Bivteo). Aoocuévwv Vo akolouBlwv dedouévwy mou
ovamnaplotolv dpAacell/SpaotnplotnTte;, OTOXOC €ival VOl €VIOMICOUME Kal va
oplooupe Ta xpovika opla yla 0Aa ta {eVyn UTIO-0LKOAOUBLWYV TTOU AVOTTOPLOTOUV [l
kown 6pdon (common action or commonality), &nAadn pwt Spdacn TOU
emavaAapBAavetal TaUTOoNN | KE TTAPOUOLO TPOTIO UETOEY TwV akoAouBwwyv. To v
AOYwW MPOPANUA AOTEAEL ONUOVTIKO EPEUVNTIKO BEA OTLG TTEPLOXEC TNG AvayvwpLong
Mpotunwv kat tng YmoAoylotikng Opaong Kal mapd TNV EPEVVNTIKA TPoomdBeLla ou
ExeL adlepwBel oe auto, dev £xel emAUBel MARpwWC.



H napovoa Siatplpn meplypddel pa anodoTikr, UN-EMOMTEVOMUEVN TIPOCEYYLON N
omola 6ev MPoUTOBETEL €K TWV TPOTEPWYV YVWON Kol UOVTEAQ Twv SpACEWV TOU
EKTEAOUVTAL, EVW ULOBETEL HLa YEVIKA KAl EVEALKTN povieAomoinon Twv 6eSopévwy
€10060U WG TOAUSLACTATEG XPOVOOELPEG. OewpoUe SLAPOPETIKA CEVAPLA YL TLG
akoAouBieg dpdoewv mou Snuioupyouv evlladEPOuceG TPOKANCELS WG TPOG TV
eniAuon tou mpoPARuartoc: (a) o kaBe akolouBia epdavilovral pia r mepLOCOTEPES
OpA0ELC TTOU TIPAYHUATOTOLOUVTAL And €va 1 TIEPLOCOTEPO UTIOKE(PEVA (ATopa N
avtikeipeva), (B) otn yevikn nepimtwon, o aplOuds Twy Kowwv Spdcewv petal duo
akoAouBwwyv Bswpeital ayvwotog, (y) pla kowvr) Spdcon UmMopel va eVIOmIOTEL o€
OTIOLOSNTIOTE XPOVIKO TUAUA oG akoAouBiag, (6) Ta TuApata PG Kowng dpaong
HETaL OUO akohouBwwv evdéxetal va €xouv Sladopetikn Olapkela, va
nepAAUBAVOUV KLVAOELG SLAPOPETLKAG TAXUTNTOG KAl TPOTIOU/TEXVIKNG EKTEAEDNC, (€)
oL §paocelg mou epdavilovtal otig akoAouBieg evoEXeTal va avamaplotouV GUOIKES
KWVNOELS E€VOC 1 TIEPLOCOTEPWYV OVOPWNMWY N QVIIKELWEVWY, KABwWG E€miong Kal
TiePIMAOKEG AAANAETILOPACELC AVOPWTTWYV UE QVTIKEIPEVAL.

Mpoteivoupe SU0 Kawotoueg pebodoug yla tv emiluon tou TMPOBARUATOC TNG
XPOVLIKNG CUV-TUNUOTomnoinong dpacswv oe {evyn akoAouBwv dedopévwy. H mpwtn
HEBOSOG EMITUYXAVEL TNV OVIXVEUCH KOL CUV-TUNUATOToinon Twv N onUavIKOTEPWV
KOoWwv SpAcewv LETAL TwV UTIO cUYKPLoN akoAouBlwv dedouévwy, Baollopevn otnv
e\aylotonoinon ouvaptnong KOOToUG Tou ekdpAlel TO KOOTOC MN-YPOUULKAG
XPOVLKNG OTOLXLONG TWV UTO-alKOAOUBLWV TWV KOWWV SpAcEWV, XpNOLLOTIOLWVTOC TNV
HéBodo Dynamic Time Warping (DTW). H &uadikaoia tautoxpovng avalntnong
AUoswv (kowwv O8pdoewv) Kal €AaxLotomoinong Ttng ouvaptnong KOOoToUG
povtehomoleltal w¢ éva oToxaoTikd mMPoPAnUa BeAtiotonoinong, To onoio AUVeTal
Baocel tng efeAktikng HeBOSou PeAtiotomoinong Canonical Particle Swarm
Optimization (PSO). H &eUtepn péBodoc Baoiletal otnv povtehomoinon tou iSlou
npoPBANuatog, we eva mpoPAnua avalntnong os ypado. O ypadog opiletal wg o
miivakag (uAtpa) mou nepthapPavet tig EukAeideleg amootdoelg OAwV Twv duvatwv
{euywv KopE TwV akoAouBLwv elkOVWY, kaBéva amod Ta omoia avamopiotatal we Eva
Stavuopa xapaktnplotikwy. livetat xprnon tou alyopiBuou Johnson's yia tnv
avalAtnon TwV CUVIOMOTEPWV HOVOTIATIWY O ypAddo Kal KOT'EMEKTAON ylo TNV
eniAuon tou mpoPAnpatog. Kat ot dUo mpwtotuneg pebodoloyieg umtofailovtal os
EKTEVELC MELPOPOTIKEG SLadIkaoleC xpnolpomolwvtog AnBog anod evyn akoAouBlwv
elkOVwV (Bivteo) 1 akoAouBwv mou avamaplotouv 3A Sedopéva kataypadng
Klvnong, avadelkvuovtag TNV AMOTEAECUATIKOTNTAC TOUG OE CUYKPLON UE AAAEC
udloTapeveg amodoTIKEG peBddoug.

EmunpooBeta, Paocwlopevol otnv elpwotn amodoon Twv peBOSdwV  autwy,
OVOTTUOCOUE Ml VEQ HEBOSO yla TNV  eKTUNON tNG opoldtntag petafy Suo
akoAouBwwyv Spdoewv, MOV emiong umootnpPilel TNV e€aywyn EMIXELPNUATWY TIOU
attioAoyouv Tov umoAoylopd autd. H péBodog authy Baoiletal otnv XPOVIKN) CUV-
TUnUatomnoinon Twv {euywv 3A TPoXWWV Kivnong Twv avBpwrivwyv apBpwoewv Kot
TWV OVTLIKEWMEVWY TIOU TtapatnpolvTal oTig akoAouBieg, ouvdualovtag emUTAEOV €K
TWV TIPOTEPWV YVWOTH ONUACLOAOYLKA TIAnpodopila yla TIG KATNYOPLEC TOUG Kol



uroAoyilovtag TNV ONUOCLOAOYLKN) TOUG opoloTnta. Tal amoteAéopata autng TG
Stadkaoiag ava akoloubia povtedomolouvtol we Evag ypadog ou avamapLlota To
TIEPLEXOUEVO TNG akoAouBlag ava QvTIKEIUEVO. ZUYKEKPLUEVA, KADE QVTIKE(UEVO
avtiotolxel oe éva koupo tou ypacdou. OL akpéEG Tou ypddou HovieAoTolouv
mAnpodopia pe BAacn Ta AMOTEAECUATA TNG XPOVLKNG CUV-TUNHUATONOLNONG HETALY
TWV QVTIKEWLEVWY TNG aKoAouBlag Kol Ttng ONpACLOAOYLKNG Toug TAnpodopiag,
edpooov auth eival SlaBéolun. Itn ouvEXElM n opolotnta/anootacn MeTaly Suo
akoAouBwv Spaceswv PBaociletal otnv anootacn (Graph Edit Distance) petafy twv
avtioTolwv ypadwv toug, Kal UTOAOYIlETAL WG TO KOOTOG plag BEAToTnG Avong
avtlotoixtong (bipartite graph matching) oe dwuepn ypado mou cuvtiBetal amo toug
SVo0 empépoug ypadwv. H mpotewvopevn pebBodoloyia agloAoyeital MEPAPATIKA 0T
npoBARuaTa tng Katnyoplomoinong Spdcewv, tng avrtotolxiag Spdoewv (action
matching) kol otov UTOAOYLOMO TNG OELPAC KaTATaENg METAY {euywv SpACEWV ME
Baon TNV opoLoTNTA TouG (pairwise action ranking) avaueoa og TpUTAETEG akOAOUBLWV
€IKOVWV. Ta amoteAéopata 06nyouV OTO CUUTIEPACHA OTL N TIPOTELVOUEVN HEBOSOC
€xeL afloAoyn amodoon, cuyKPLoLUn 1 Kal KAAUTEPN AUTNC TwV KOAUTEPWY YVWOTWV
OUYXPOVWV HEBOSWVY YN EMOMTEUOUEVNG KOL ETMOMTEVOUEVNG LABNONC.

NEEELC KAELOLA: XPOVLIKA CUV-TUNUatomnoinon dpdcewv/SpactnplotTwy, opoldtnTa
OKOAOUBLWV €lkOVWY, opolotnta akoAouBwv Sedopévwyv kataypadng kivnong,
avalntnon/avaktnon oKoAoUBWVY EIKOVWY, Katdatoén opolotntag SPpAcEWV Katd
{elyn, avtlotoiylon/Taiplaopo Spdcswy, avayvwplon 6pAcewv/dpaotnploTATWVY.
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ABSTRACT

We focus on the problem of temporal co-segmentation of actions in sequences of 3D
motion capture data and in image sequences (videos). Given two data sequences
representing action relevant information, the goal is to detect and temporally co-
segment all pairs of matching sub-sequences (temporal segments), where the
segments of a pair represent a common (identical or similar) action or sub-action. This
is an important and challenging problem in the research communities of Computer
Vision, Pattern Recognition and Machine Learning, which despite the research efforts
devoted to its solution, remains unsolved in its full generality.

We investigate the problem of interest by following a data-driven, unsupervised
approach, where no a-priori models and labels of the actions represented in the



sequences are available. Various challenging scenarios and conditions are considered,
i.e., (a) one or multiple actions are demonstrated by different subjects in each
sequence, (b) the number of common actions between the sequences may be
unknown, (c) the common actions may be located anywhere in the sequences, (d)
instances of the common action or sub-action can be of variable duration and of
different speed and execution style and (e) actions may involve a single or multiple
humans, generic objects or even complex human-object interactions.

Two novel, efficient methodologies are proposed in this thesis to deal with this
problem. They are based on a stochastic optimization approach and a deterministic,
graph-based approach, respectively. Furthermore, we leverage the robust
performance of the proposed temporal action co-segmentation strategies to develop
a method that estimates the similarity of the original sequences and provides
meaningful arguments supporting this estimation, making a step towards explainable
assessment of video and action similarity.

Specifically, two novel methods are introduced to perform temporal co-segmentation
between two sequences of motion capture data (3D/6D human skeletal data and/or
object pose data) or of RGB images. Each data sequence is treated as a multivariate
time-series for any of the data modalities. The first method discovers and co-segments
the N best pairs of common sub-sequences (commonalities) between the compared
time-series by minimizing a cost function that expresses their non-linear temporal
alignment cost. The cost is quantified using the Dynamic Time Warping (DTW) method
and its minimization is treated as a stochastic optimization problem that is solved
using Canonical Particle Swarm Optimization (PSO). The PSO method relies on
evolutionary search strategies to minimize the DTW-based cost function and is applied
iteratively in order to discover the N best commonalities. The second method treats
temporal action co-segmentation as a search problem on a graph defined on the
matrix of the pair-wise Euclidean distances (EDM) of the frame-wise features between
the two compared time-series. An efficient graph-based search algorithm is used for
solving the problem of discovering N commonalities. The number of the N best
commonalities to be discovered for two time-series may be unknown or given a-priori.
Both methods have been extensively tested using pairs of image sequences (videos)
or pairs of sequences containing 3D motion capture data. Various types of action
scenarios have been considered such as physical exercises, daily living activities and
human-object interaction, while quantitative experiments demonstrate the
effectiveness of the proposed methods in comparison to existing, state-of-art
approaches.

In addition, a novel method is proposed for fine-grained similarity assessment of two
actions in videos that capitalizes on the effectiveness of temporal co-segmentation
between the trajectories of the tracked human joints and/or the tracked objects and
their semantic relatedness. A graph matching approach based on Graph Edit Distance
is employed to combine the object-level features and semantic information, towards



computing spatio-temporal correspondences between objects across videos, if these
objects are semantically related, if/when they interact similarly, or both.

The proposed framework aspires to take an important step towards explainable
assessment of video and action similarity. Itis evaluated on publicly available datasets
on the tasks of action classification, action matching and action-based ranking in
triplets of videos and is shown to compare favorably to state-of-the-art unsupervised
and supervised learning methods.

Keywords: Temporal action co-segmentation, video similarity, temporal alignment,
pairwise action ranking, action matching, action recognition, Graph Edit Distance,
Particle Swarm Optimization.
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