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[HeTd TIC TPOTEIWVOUEVECG EPYATieC TTapaTiBevTal OXETIKEC 00nYieg ekmovnonc]

(A) Mobility data management and analytics in the maritime domain

Contact: Andreas Tritsarolis (andrewt@unipi.gr) (2024.A1-2); Prof. Nikos Pelekis
(npelekis@unipi.gr) (2024.A3)

2024.A1-2: UniPi-AlS platform (frontend/backend). (1) The web application of the AIS antenna
hosted by the Univ. Piraeus performs real-time visualization of vessels’ movement within Saronic
Gulf, Piraeus. In this thesis, we aim to extend the Visual Analytics (VA) functionality of the
application including advanced analytics operations, such as co-movement pattern mining,
route forecasting, and ETA Prediction. (2) The backend architecture of the AlS antenna consists
of a database, in which the decoded AIS locations are saved and queried at periodic intervals to
visualize the vessels’ latest known position within the past hour. In this thesis, we aim to
modernize the aforementioned workflow by using publish-subscribe frameworks (e.g., Apache
Kafka) in order to facilitate data management and processing and potentially allow for higher
throughput on the front-end side. Bib:".

2024.A3: On the evaluation of federated-learning-based vessel location forecasting
methods. This thesis will build on the work of Vessel Location Forecasting (VLF) using LSTM
neural networks, focusing on a comprehensive evaluation of some key aspects. The research will
assess the performance of both the FedNautilus (federated) learning approaches, examining
factors such as model accuracy, training efficiency, scalability, hyperparameter tuning and
privacy trade-offs. Additionally, the study will explore real-world applicability by analyzing the
impact of fragmented data sources and the challenges of federated learning in maritime

' https://www.datastories.org/unipi-ais; https://doi.org/10.1109/MDM52706.2021.00048;
https://doi.org/10.1080/13658816.2020.1834562; https://doi.org/10.1145/3469830.3470909;
http://doi.org/10.1109/MDM55031.2022.00056; https://arxiv.org/abs/1810.05567;
https://www.oreilly.com/library/view/kafka-the-definitive/9781492043072/;
http://dx.doi.org/10.5311/JOSIS.2020.20.661; https://doi.org/10.1109/MDM52706.2021.00048

p.1/6


http://www.datastories.org/
mailto:andrewt@unipi.gr
mailto:npelekis@unipi.gr
https://www.datastories.org/unipi-ais
https://doi.org/10.1109/MDM52706.2021.00048
https://doi.org/10.1080/13658816.2020.1834562
https://doi.org/10.1145/3469830.3470909
http://doi.org/10.1109/MDM55031.2022.00056
https://arxiv.org/abs/1810.05567
https://www.oreilly.com/library/view/kafka-the-definitive/9781492043072/
http://dx.doi.org/10.5311/JOSIS.2020.20.661
https://doi.org/10.1109/MDM52706.2021.00048

environments. The findings will provide deeper insights into optimizing VLF solutions for
enhanced maritime awareness. Bib:.

(B) Machine learning over spatial-temporal datasets

Contact: Prof. Nikos Pelekis (npelekis@unipi.gr)

2024.B1: Simulating trajectory datasets with machine learning methods. The goal of this
thesis is to use various machine learning methods in order to develop a trajectory data
generation, simulating the digital twin of a real dataset. Bib:®.

2024.B2: Machine Learning techniques meets big spatial data management. The goal of this
thesis is to study and experimentally validate machine learning techniques for big spatial data
management topics, e.g., learned indexes / histograms, etc. Bib:*.

2024.B3: Machine Learning on Large-Scale Spatio-Temporal-Textual Graph Data Using Neo4j
DBMS. The proliferation of spatio-temporal-textual trajectory data from devices and applications
has resulted in massive graph datasets that capture the movements and interactions of entities
over time and space. Modeling this data within Neo4j DBMS allows for efficient storage and
complex querying but poses challenges when applying machine learning due to scale and
complexity. The goal of this thesis is to develop and implement GNN models that can interface
with Neo4jto learn from the graph data and explore Neo4j's Graph Data Science library to perform
tasks like node classification, link prediction, and community detection on spatio-temporal-
textual data. Bib:® .

2024.B4: Evaluation of the energy consumption aspects of trajectory-related Al algorithms.
This thesis will explore the energy efficiency of trajectory-related Al algorithms, a critical factor as
Al systems are increasingly deployed in energy-constrained environments such as mobile
devices, autonomous vehicles, and edge computing platforms. The primary objective is to
evaluate the energy consumption of these algorithms when applied in different settings, such as
real-time processing, large-scale datasets, and complex environments. Bib:® .

2024.B5: Advanced Visualization of Spatio-Temporal Graph Data Using Neo4j DBMS. The goal
of this thesis is to develop vectorization techniques of social data and design an appropriate
vector-based clustering algorithm as the mean for topic detection. Visualizing large-scale spatio-
temporal graph data stored in Neo4j DBMS is crucial for data analysis and knowledge discovery
but poses challenges due to data complexity and volume. This thesis aims to develop advanced
visualization techniques integrated with Neo4j DBMS to enable effective exploration of big graph
data. Bib:’ .

2 https://www.computer.org/csdl/proceedings-article/mdm/2024/745500a083/1YEw7B5XSzm

3 https://github.com/XingruiWang/Two-Stage-Gan-in-trajectory-generation

4 http://people.csail.mit.edu/ibrahimsabek/pdf/21_tutorial mdm.pdf

5 https://papers.nips.cc/paper._files/paper/2017/file/5dd9db5e033da9c6fb5ba83c7a7ebea9-Paper.pdf
8 https://asu.elsevierpure.com/en/publications/edge-intelligence-paving-the-last-mile-of-artificial-

intelligence
"https://ieeexplore.ieee.org/document/https://ieeexplore.ieee.org/document/75269087526908
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(C) Experimental surveys of machine/deep learning techniques over mobility / time
series data

Contact: Prof. Yannis Theodoridis (ytheod@unipi.gr)

2024.C1-15: The goal of these theses is to perform a comprehensive performance comparison of
state-of-the-art methods, in the topics that follow. In particular, after an in-depth study of the
literature, a number (~5) of methods will be selected and experimentally evaluated using real-
world datasets, with the aim to reach conclusions about the pros and cons of each of them.

1. Air Quality Prediction. Bib:2.

2. Human Activity Recognition. Bib:°.

3. Smart/ Green Urban Mobility. Bib:™ .

4. Anomaly Detection in Time Series Data. Bib:"" .

5. Multivariate Time Series Forecasting. Bib:"?.

6. Time Series Compression / Condensation. Bib:™.

7. Traffic Flow Prediction. Bib:™ .

8. Pedestrian Trajectory Prediction. Bib:™* .

9. Travel Time Estimation. Bib:"® .

10. Spatio-Temporal Trajectory Anomaly Detection. Bib:"" .
11. Spatio-Temporal Trajectory Similarity / Distance Measures. Bib:'® .
12. Re-identification of Modified GPS Trajectories. Bib:™ .
13. Aircraft Trajectory Prediction. Bib:*° .

14. Maritime Anomaly Detection for Vessel Traffic. Bib:*" .
15. Vessel Trajectory Compression over AlS data. Bib:* .

8 https://doi.org/10.1016/j.atmosenv.2022.119347; https://doi.org/10.1007/s10462-023-10424-4
% https://doi.org/10.1145/3485125; https://doi.org/10.1016/j.inffus.2021.11.006;
https://doi.org/10.1002/widm.1254; https://doi.org/10.1145/3447744

10 https://doi.org/10.1109/TITS.2021.3084907; https://doi.org/10.3390/s21062143;
https://link.springer.com/article/10.1007/s11036-021-01790-w

" https://doi.org/10.14778/3538598.3538602; https://doi.org/10.1145/3444690;
https://arxiv.org/abs/2209.04635; https://doi.org/10.14778/3632093.3632110;

2 https://arxiv.org/abs/2310.06119

3 https://doi.org/10.1145/3560814; https://arxiv.org/abs/2410.20905

" https://baozhifeng.net/papers/tkde20-traffic.pdf; https://arxiv.org/abs/2307.00495;
https://arxiv.org/abs/2004.08555; https://doi.org/10.1007/s10489-021-02587-w

'S https://arxiv.org/abs/2111.06740

'8 https://arxiv.org/abs/2105.13591

7 https://doi.org/10.1145/3637528.3671874

'8 https://doi.org/10.1109/TKDE.2023.3323535; https://doi.org/10.1007/s00778-019-00574-9;
https://doi.org/10.1145/3406096

19 https://doi.org/10.1145/3643680

2 https://doi.org/10.1038/s41598-023-46914-2

2! https://doi.org/10.3390/jmse11061174; https://doi.org/10.1002/widm.1266

2 https://doi.org/10.1109/ACCESS.2021.3092948; https://doi.org/10.1007/s10707-021-00434-1
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0Odnyieg eKMOVNONG MTILXLAKAG / SIMAWHATIKAG Epyaciag

Awadwkacia - N\wooa cuyypadpng -Xpovodiaypapupa

H epyacia Eekva pe tnv avdbeaor| Tng amo tov emiBAETTovTa Kadnyntn (eite Ttov kab. |. Osodwpidn
eite tov kaB. N. MeAgkn). AkoAouBoUV avaAuTIKEG culNTHOELC PE TOV ETTRAETIOVTA KABNYNTH /KAl
TOV cUUBOUAeVOVTA HETADIOAKTOPLKO EpeUVNTA I uTIoW Lo dLOAKTOPA YIa VA OpLOTIKOTIOLNOEl TO
TAdiolo kal va AuBouv aropiec. Metd pecoAaBei To KUPLO €pYO TNG EKTTOVNONG TNE Epyaciag, katd
TN OLAPKELA TOU oTtoiou eTolpadovtal Kattapadidovral 2 evOlAPECEC EKBECEICTIPOODOU. 2TO TEAOG
katatiBetal Eéva oxEdlo (draft) Tou TeAlkoU TOPOU Kal yiveTal gla Ttpwtn tapouaciaon (uTto popdn
«Ttpofac»). AkoAouBei n katdBeon Tou TEAIKOU TOHOU KAl TOU CUVOJEUTIKOU UAIKOU Kal N TEAKN
Tapovaciacn-e&&taon. Mo avaAutika:

BrApa 1 (1 pAvag ano tnv Eévapén): 1n evdlapeon €kBson MPoodou

To mpwTto Brpa sivat va cuyypagete €va Keipevo mou adopd oToV TIPOKATAPKTIKO OPLOHO TOoU
Bepartog ou €xete avaAdBel, Toug AOyouc yla Toug otoioug Bewpeite OTL €xel KArmola aéia to
OUYKEKPLUEVO BEpa (TpwTtotuttia, £bappoyr KATL), KAl Hld TIPWTN ETIOKOTINGON OXETIKWYV
EPyaclwy He TI¢ oToieg Ba umopovoe va «oUYKPLOED» 1 oTIC oTtoieg Ba «emevdUoel» N OLIKA oac.
Méoa oe Ayeg (~5) oeAidec, pemel va teplypaete (a) To kivntpo (Ttolo ival To «mtpoBANUa» TTou
KAAE(OTE va QVTIUETWTIIOETE KAL YIAT TO CUYKEKPLUEVO a&idel va Tou adlepwoeTe KATIOLO aTo TO
XPOVO 0dgc;), (B) TIC OXETIKEG EpyACieg (TL EXEL yivEL OTO XWPO HEXPL OTLYHUNG;) Kal (Y) TO avTlKel{hevo
epyaciag (Trolo avapevetal va eival To TIEpLEXOUEVO TNE Epyaciag oag; ola epyaleia (cuotnuata
/ peBodouc/ poviEAa) okoTEVETE va XpNoLlPoTioloste; TL dedopéva Ba dlaxelploteite; kKAT.). H 1"
€kBeon poodou dev amnalteital va akoAouBel KATIOLO CUYKEKPLUEVO TIPOTUTIO HopdoToinong.

Bripa 2 (3-4 pveg ano tnv évapén): 2n evdiapeon £€KOson TPoodou

21nv mopeia avamtuéng tng epyaciag, Ba mpémel va kataypadouv kat va cupdwvnbouv amod
KOWVOU pE Tov ETIPRAETTIOVTA Ol AsTITOUEPELEC (OXEDLAOTIKEC, UAOTIOINONG KATL.) TNG epyaciac. H 2n
£€kBeon pooddou Ba TepIAAUBAVEL OE APKETH ASTITOUEPELA TA EENC:

(a) AvdaAuon amattnoswy: Av TtpokeLtal ylia BewpnTiko BEpa, TLTIEPLUEVOUHE aTod TNV avamtuén n
eTMEKTAON plag veag Bewpiag f povtéAou. Moleg dnAadn eival ol tpodlaypadEg Tou TEAIKOU
povtéAou padi pe pla oklaypadnon tng peboédou mou Ba xpnotpotolnbei yia tTnv avamtuén
Tou. Av TIpOKelTAl yla avamtuén cuotnpatog / ebappoyng, TOLEC €ival ol avaykeg Twv
XPNOTWYV, TU ASITOUPYIKOTNTA TEPIHUEVOUUE va TtpoodEpel To cvotnua / edpappoyn. Av
TIPOKELTAL VIO £PYACia EKTEVOUC avaoKoTnong, Told eival ta cuotnpata / Bswpieg / povtéda
TTou Ba cuyKPLBOULV Kal TIAVW CE TIOLOCG AEOVEC.

(B) Zxedlacpoc: Av tpoKelTal yid BewpnTiko BEUa, T BrPATA TIOU TIPETIEL VA TipAyHAToTIoINB0oUV
yla TNV avamrtuén n eméktaon Plag veéag Bewplacg i govtédou. Tétola Brpata mepliapyfavouv
TOoV O0XEJLACHO TNG YAWO oG, TNG onUacloAoyiag, Tou CUCTAPATOC ATTOdELENG, TWV LOLOTATWY,
KATL. Av Ttpokeltal yla avdmtuén ouotnuatog f £hapPoyng, TIC ASITOUPYIKEG EVOTNTEC
(modules) tTou cuotRuatog f tTNg £dappoyng Kal tn pon dedopevwy petal toug, o€
TuTtoTtolnévn popdn (rm.x. UML). Av Tpokeltdl yla epyacia €KIeVoUC avAoKOTNoNG,
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TIPOKATAPKTLIKN TIEPLYPAd TOU «TEPIBAAOVTOC cUYKPLONG» — benchmark — Kal Twy OXETIKWY
Telpapdtwy Tou Ba yivouv.

(y) Edappoyég — Amotipnon: Av Ttpokeltal yia Bewpntiko Bgua, Oa eplypadel ebappUoyeg NG
Bewplac/poviEAou TTou TTpOKELTAL va avarttuXBel o€ cuyKekplUEVa Ttapadelypata. Oa permel
va TIPocdlopLoTOUY Ol JETPAOELE amtodoong TTou Ba yivouv, oTatloTikd Ttou 8a petpnBouv
(avaroya pe tnv edappoyn), KA. Av TtpoKeltal yla cvotnua / epappoyn, Ba eplhapBavet
AR PN Tteplypacdn tng edappoyng ouv Ba avamtuxOei (case study). Av tpokeLtal yla epyaocia
€KTEVOUC avaokomnong, 0a tpodlaypddel Ta TTEIPAPATA TTOU TIPOKELTAL va SleaxBolv Kal og
TL ATIOOKOTIOUV.

(0) Zupmepdopata: 1-2 mapdypadol we emidoyog TN EKBeoNn (CUVOTITIKA TO TIEPLEXOUEVO TIOU
eixe n epyaocia oag)

() BiBMoypadikeg Avadopec®
(o1) Nwooapt

To keipgevo auto amoteAel ouoLAOTIKA ToV «0dNyo» e BAoh Tov ottoio Ba TipoxwpenoeL N epyacia
OTOUCG ETIHEPOUC AEoveC (avaiuan, oxediaon, uAottoinon, amotipnon) kattpodavwe Ba Bondnoest
KL autod otn ocuyypadrn tou teAkoU Kelpévou tng NME/MA adol Ba £xel kabopioel cadpwce tov
«TtivaKka TIEPLEXOUEVWV» TNC.

Bripa 3 (6-12 pveg ano thv évapén): TEALKOG TOHOG

O teAkog topog Ba akoAoubel oe yeVIKEG ypAUUEC TN dopn TNg 2" ékBeong, e TA TEAKKA TA
amoteAéopata. H y\wooa cuyypadng umopei va sival n eAANVIKN A N ayyAlkn evw n popdortoinon
TOU TEAKOU TOpOU Ba akoAouBei Tic 0dnyieg Tou eplypdadovtal ota mapakatw links:

= [IE: https://www.cs.unipi.gr/ > ZMNOYAEX > T[lpoTmtuxlakég 2Zmoudéc > Kavoviopoc
Ekmovnonc Mtuxiwakng Epyaciacg

=  MA: https://www.cs.unipi.gr/ > ZMNOYAEXZ > Metamtuxlakeg 2moudeg > YmoRoAN
Metamntuxlakng AlatptBrg otn «AIQNH»

TEAOC, TO CUVODBEUTIKO UAIKO TOU TeAKOU TOHOU TteplAapBavel: (a) TEAIKO Kelpevo, og Tnyaia
popodn (Word n LaTeX) kat pdf, (B) mnyaio kwdilka Kal cUvoAa OedOPEVWY TIOU
xpnolgotoinkav Kat (y) mapouaciaon, o mtnyaia popdn (Powerpoint) kat pdf.

Z'0oov agpopa otic BIBAoypadikee avadopee, smonuaivovtal ta €A (1) Otav epypddoups pia tdon,
pla arroyn, yia AUcon KOK. TtoU Jev HaAC avhKel (TIVEUPATIKA) TIPETEL va TO oTnPI{oupe Pe TOUAAXLOTOV pla
avadopd. Mo yradupd, Ba Aeyape OTLTTAVTA OKEPTOUAOTE OTL UTIAPXEL EVAC KPLTAG TTOL dlaBAdel TO KEIPEVO
KOl ouveXxwe pwTtdel "kat Tolog to Aéel auto;”. (2) ‘Otav BEAoupe va uTtootnpioupe TO KEIPEVO pag pe
KOUUATL Epyaciag KATTolou TPITOL UTTOPOUE £lTE va KAVOUHE TTApAdPppach TOU TIPWTOTUTIOU KEIHEVOU WOTE
va 1o TEPLyPAYOUUE PE TO JIKO PaAg TPOTO, TIAVIOTE dnAWVOVTAG TNV TInyn, ite va BAAoupe péoa oe
ELl0AYWYLKA TO TIPWTOTUTIO KOPUATL KELWEVOU TIOU pag eviladEpel (AuTo KAAo eival va ieplopidetal o Alyeg
ypappéc) dnAwvovtag maAl tnv Tinyn. Télog, (3) dev emiTpEmeTal yia Kavéva Aoyo va avilypadpoupe /
petadppdaloupe oAOKANPA Keiheva, ite amo AMeg epyacieg eite amnd epyaieia tumou ChatGPT, kat va ta
EVOWHPATWYOUHE 0To JIKO pag.
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Tutukn duapkela eknovnong piag MNE (MA) sivat ot 12 (6, avtiotolxa) HAveg. 2e KABe epintwon,
avwtato 6plo Oswpouvtatl ot 18 (12, avtiotoLxa) HAVEG. 2€ TEPIMTTWON TOU EETEPATTEL AUTO TO
6plo, N eKTOVNON TNE Epyaciac avtopata Bewpeital 0Tl £xel dlakoTel, e evBUVN Tou doltNTN.

To mapov keipgevo eival emiong dwabéouo otnv otoceAida tou Epyaotnpiov EmotApng
Aedopevwy: https://www.datastories.org > Education > Diploma Theses.
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