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To the runaway,
To the greenhorn,
To the one who fights when a menace is born.
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Abstract

Lakes constitute important indicators of climate change. Geographically, they comprise the
lowest points of an internal catchment’s area, collecting the surface runoff water from the
hydrographic network. Their physical, chemical and biological responses to the climate give a
variety of priceless information. In recent years, water bodies have undergone extensive change
as a result of widespread qualitative and quantitative degradation. In terms of quality
deterioration, the first signs of pollution were identified in the surface waters of lakes and rivers.
So, the need for collecting, studying and evaluating the information given from the lake is crucial.

Regarding the issue of bad data quality and scarcity with measurements on monthly basis,
even if the measurements are made at a specific time with a very strict and specific monitoring
schedule, the risk to loose data on peak events, such as point or non-point pollution phenomena
due to natural or anthropogenic factors is hard to answer. Thus, these peak phenomena, cannot
be recorded if the measurement of the specific quality parameter is conducted on a precise date
and time and the peak phenomenon occurs a few hours or days later and before the next
measurement. This risk can only be prevented by continuous, telemetric and integrated
monitoring on a 24-hour schedule, with the state of the art protocols for rapid recording, tele-
transmission and economy in power and monetary resources.

In a world where water is extensively polluted, many models have been applied to predict
water quality parameters. Machine Learning (ML), an application of artificial intelligence, is a
rapidly developing field. Artificial Neural Networks (ANNs), that mimic human brains, are able to
map the non-linear relationships among variables that are characteristic of ecosystems.
Nowadays, specifically, Deep Neural Networks (DNNs), as an upgraded and complex version of
Artificial Neural Network, have dramatically improved the state-of-the-art in many scientific
fields such as environmental studies. As a DNN needs a large amount of data in order to complete
its learning process comparatively to ANN, Monitoring plays a decisive role in lake management
by providing systematic information of the qualitative parameters.

The Study Area of the present PhD Thesis, comprises the catchment area of Lake Kastoria,
which is locatedin the Region of Western Macedonia in Greece, protected by Directives,
Regulations and International Conventions. Lake Kastoria is a shallow polymictic lake, with
intense agricultural activities in its catchment area loading both point and nonpoint source

pollutants. In order to record water quality characteristics (at lake’s surface), four (4) telemetric
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stations were installed at specific locations in Lake Kastoria, namely: Gkiole, Stavros, Psaradika
and Toichio. The above telemetric stations were installed based on the natural, hydrological and
geomorphological characteristics of the lake and the needs that existed in such a way as to obtain
a representative estimation of its water quality parameters. A dataset from November 11, 2015
to March 15, 2018, on an hourly basis from the aforementioned four telemetric stations, is used.
The available dataset consists of 1) Chlorophyl-a — Chl-a (ug/L), 2) pH, 3) Water Temperature —
Tw (°C), 4) Electrical Conductivity of Water — ECw (uS/cm), 5) Turbidity (NTU), 6) Ammonia
Nitrogen — N-NHz (ppm) (Not Available (NA) data for Stavros Station), 7) Nitrate Nitrogen — N-
NOs, (mg/L) and 8) Dissolved Oxygen — DO (mg/L).

Geographic Information Systems(GIS) is used, in order to approximate and understand the
state of the study area. Especially: a) the Land Use Land Cover (LULC) changes from 1945 to 2000
and b) the recordings of the available water quality parameters and their spatial integration and
simulation, by using the Inverse Distance Weighting method (IDW), are presented and discussed.
GIS is used as a powerful tool in creating thematic maps, with any geographical information that
can be quantified. Here, with the support of IDW method and the available water quality
parameters measurements from four different monitoring locations, the spatial information
isintegrated to the whole surface of Lake Kastoria. Useful information is extracted that allow us
to understand: a) The consequences of the LULC changes, in the Water Quality and b) the
correlation of each one of the water quality parameters, comparing with the other similar ones,
in different locations and to assess the environmental and ecological status of the lake. It is
concluded that, the IDW spatial interpolation models and the representative maps that have
been derived, are in agreement with the recordings of the telemetric stations and the water
quality processes, which take place in the catchment area of Lake Kastoria.

Furthermore, the ability of Deep Neural Networks to predict in real-time the quality
parameter of DO, Chl-a and Turbidity in Lake Kastoria, is tested. The examined Feed Forward
Deep Neural Networks (FF-DNN) of DO, are tested for four different structures based on the
number of nodes, used in the hidden layers and the number of input variables. More specific, DO
model with structures:

a) 7-64-64-1 for Gkiole, Psaradika and Toichio stationsand 6-64-64-1 for Stavros station where
NH4 parameter is not available,

b) 4-64-64-1 for all stations,
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c) 7-32-32-1 for Gkiole, Psaradika and Toichio stations and 6-32-32-1 for Stavros station where
NHa4 parameter is not availableand

d) 4-32-32-1 for all stations, are tested.

Moreover, Turbidity and Chl-a models, with structures7-64-64-1 for Gkiole, Psaradika and Toichio
stations and 6-64-64-1 for Stavros station, are investigated.

In order to develop Deep Neural Networks— based on Machine Learning methods — the
following have been used:

1) the PythonProgramming Language,

2) the SpyderScientific Environment,

3) the TensorflowOpen Source Machine Learning Platform and

4) the Nvidia’Scuda (Compute Unified Device Architecture) Parallel Platform (Graphics Card) are
used.

All of the above have been integrated into Anaconda, an Open Source Programming
Language. The Optimal Network Architecture of each structure for each station is selected, based
on MAE, MSE and NSE Statistical Descriptors.

The investigated models of Turbidity and Chl-a, with structures 7-64-64-1 for Gkiole,
Toichio and Psaradika stations and 6-64-64-1 for Stavros Station, couldn’t show a good
performance. The inability of models could be explained due to their lack of the capability to
handle such a large variance in the data. The well-trained DNN, with structure 7-32-32-1,
produces results with the MAE of 0,54; 0,55, the MSE of 0,65; 0,68 and the NSE of 0,89; 0,86 for
the training and the testing process respectively, with a good predictive ability for Gkiole station.
For Toichio station, the structure 7-64-1 prevails with the MAE of 0,48; 0,49, the MSE of 0,52;
0,51 and the NSE of 0,92; 0,93 for the training and the testing process respectively and it
constitutes the structure with the best performance compared with all the structures for all
stations. For Psaradika station, the structure 4-64-64-1 produces the best results in relation to
the other structures of this station with the MAE of 0,57; 0,58, the MSE of 0,65; 0,68 and the NSE
of 0,91; 0,92 for the training and the testing process respectively. Finally, Stavros station with
structure 4-32-32-1 presents results with the MAE of 0,69; 0,70, the MSE of 0,98; 1,01 and the
NSE of 0,91; 0,90 for the training and the testing process respectively.

The optimal selected Feed Forward Deep Neural Networks (DNN) of DO for each station
provide information in Real Time and comprise a powerful Decision Support System (DSS), for

preventing accidental and emergency conditions that may arise from both Natural and
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Anthropogenic Hazards.Based on the literature and the, so far, knowledge of the author, the
importance of this work also lies within the fact that there is no other published work using
the same platforms, tools and methodology of Deep Learning, as in the present PhD Thesis, in
order to investigate the predictive capacity of water quality parameters of lakes in real time,
at both national and international level. Moreover, the fact that Lake Kastoria is monitored by
four telemetric stations, offering continuous and uninterrupted data sets (a few hundred
thousand), support the use of Deep Neural Networks, that need large amount of data in order

to complete their learning process, and enhance the originality of the present PhD dissertation.

Keywords: Machine Learning, DO model, Deep Neural Network, Geographic Information System,

Water Quality, Lake Kastoria
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NepiAnyn

Ou Alpveg amotelouv onpavtikoUG Oelkteg NG KALMOTIKAG aAlayng. Amd yewypadikng
armoPng, amoteAouv Ta XaUnAOTEpA onpela TNG AEKAVNG QMOPPONC ULOG E0WTEPLKNG AEKAVNG,
OUYKEVTPWVOVTOG TA VEPA amd TV eridavelakr) anoppor] tou udpoypadikol Siktuou. Ot PUOIKEG,
XNHLKEG KoL BLOAOYIKEG SpaaTNPLOTNTEG TTOU AQBAVOUV XWPEA,TIAPEXOUV LA TIOLKIALQL AVEKTIUNTWV
nmAnpodoplwy. Ta TeAeutaia xpovia, T USATIVA CWHATA €XOUV UTIOOTEL EKTETAUEVEG OAAAYEC WG
QTOTEAEC A TNE EVPELAC TIOLOTLKAG KAL TTOOOTIKN TOouG utoBaduiong. Ocov adopd tnv untoBaduion
TNG MOLOTNTOC, TA MPWTA ONUASLO PUTIAVONG EVTOTILOTNKAV OTA ETILPAVELAKA USATO TWV ALUVWV Kal
TWV TOTAPWV. EMopévwg, n avaykn ocuAloyng, HEAETNC Kal afloAoynong Twv TANPodopLwY Mou
TlapExovTaL amo tn Aipvn eivat vPiotng onuaociag.

Qoto0o0, o€ éva pnviaioocuotnua mapakoAolBnong, akOUN KoL av oL LETPAOELG YivovTal oE
OUYKEKPLUEVN WPA HE TIOAU QUOTNPO KOl CUYKEKPLUEVO XPOVOSLAYPOUUa, O KivOuvog amwAeLog
SeB0UEVWV OE TIEPUTTWOELG ALYUNG, OTWG TA ONMELOKA 1) KN davopeva pumtavong mou odpeilovral
oe ¢uowkoU¢ 1N avBpwmoyevei¢ mapdyovteg, eivol oxedov avamoPeuKTog. JUVEMWG, T
OUYKEKpLUEVA datvopeva (peakevents), elval aduvatov va kataypadoulv, oTnv MEPLTTWON TIOU N
UETPNON TNEG EKACTOTE TAPOUETPOU TIPAYHATOTIOLEITAL OE LA CUYKEKPLUEVN NUEPOUNVIA KoL wpa,
EVW TO GALVOUEVO aLYUNG, ELdaVIZETAL LEPIKEC WPEG N NUEPEC APYOTEPQA KAL TIPLV ATIO TNV EMOUEVN
HETPNON. AUTOC O Kivbuvog pmopel va amodeuxBel povo He pLloL OuveXr), TNAEUETPLKA Kal
oAokAnpwuévn apakoAolBnon oe 24wpn Bdaon, Le cLyxpova MTPWTOKOAAA Taxeiag eyypadng Kal
tnAepetadoong.

Ta teAeutaia xpovia, OAAA povtéda €xouv edapuooTel yla tnv mPoPAedn moapapéTpwy
mowotnTag vepol He Mnxaviki Maénon (ML). H Mnxavikp Mdabnon, pa ebappoyn teXVNTig
vonuoouvng, lval €vac TaxEwC avantuooopevoc Topéag. Ta Texvntd Neupwvikd Aiktua (ANN),
TIOU HLoUuvTOoL Tov avBpwrivo eykédalo, eival o B€on va kabBoploouv TIG N YPAULIKEG OXEOELS
METAEL TWV METAPANTWY TIOU ELVOL XOPOAKTNPLOTIKEC TWV OLKOCUOTNUATWVY. IAUEpa, Ta Babua
Neupwvika Aiktua (DNN), wg pla avaPabuiopévn ékdoon twv Texvntwv NeupwVIKWY AKTUWV
(ANN), £xouv BEATIWOEL EVTUTIWOLAKA TN CoUYXPOVN TexVoAoyia o€ TTOAOUG EMLOTNUOVIKOUG TOUELG
Twv TepBarloviikwy epeuvwy. Asdopévou OtL ta BabBldNeupwvika Aiktua(DNN) amattouv

EVavpeyalo Oyko SeSopEVwy TIPOKELUEVOU va oAokAnpwoouv tn dtadikaaoia ekuadnong Toug, os
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oxéon He ta Texvntd Neupwvika Aiktua (ANN), eival cadég OTL N cUVEXAG TtapakoAouBbnon Twv
TIOLOTIKWV TIOPAUETPWYV TNG Alpvng Stadpapatilel kaBoplotiko poAo otn Staxeiplontnc.

Ztnv mapovuoa ALSaktopikr AlatpLpn, n mepLloxn HEAETNG MEPAAUPBAVEL TNV AEKAVN QTOPPONG
¢ Alpvng Kaotoplag, n omnoia evtoniletal otnv Nepipépeta Autikig Makedoviag otnv EAAGSa kot
npootatevetal anod 0dnyieg, Kavoviopoug kat AleBveig ZupBaocelg. H Alpvn tn¢ Kaotopldg,amoteAet
ML pNXA, TIOAUMLKTIKA AlRvn, HE EVIOVEC YEWPYOKTNVOTPODLKEG SpaOTNPLOTNTEG OTNV AEKAVN
amoppon¢ tnG. MNPokeévou va Kataypadouv Ta XOPAKTNPLOTIKA TOLOTNTAG TOU VEPOU (oTnv
erudpavela tng Alpvng), eykataotadnkav técoeplg (4) TnAepetpikol ItabBuol o€ OUYKEKPLUEVEG
tonobeoiec otn Alpvn Kootopld kal cuykekplpéva ol otabuol: MkioAe, Itavpdg, Wapadika Kot
Towlo. MNa toug okomoUG TG AdaKkToplknG AlatplBng xpnowlomnotnonkav dedouéva MopaAPETPWY
TIOLOTNTOG YL TO XPOVIKO Staotnua amo tig 11 NogpBpiov 2015 €wg tig 15 Maptiou 2018 os wplaia
Baon amod Toug TEcoEPLG TNAEUETPLKOUC oTaBuoug (mepimou 20000 METPrioelg avd otabud) mou
Bpiokovtal otnv meploxn HeAETNG. H StaBéoun Baon dedopévwy amnoteleital anod TG akoAouBeg
TIOLOTIKEG TMOPAMETPOUC: 1) XAwpodUAAN-a — Chl-a (ug/L), 2) Evepyog Ofutnta — pH, 3) Ospuokpacia
NepoU — Tw (°C), 4) HAektpikr) Aywylpotnto tou Nepol — ECw(uS/cm), 5) @oAepotnta — Turb(NTU),
6) Nitpiko Alwto — N-NOs(mg/L),7) Appwviako Alwto — N-NHa(ppm) (Mn StaBéoiun mAnpodopia
yla To otaBuod tou Itaupou) kat 8) AtaAupévo Ofuyovo — DO(mg/L).

Ma vo TPooeyyloTel Kal va KatavonBel KaAUTepa n KAtdotaon TG MEPLOXNG MEAETNG,
napouotalovtal pe tn Bonbela twv Mewypadikwv Zuotnudatwyv NAnpodoplwv (GIS): a) oL XpnoeLg
yNG Kot ot HeTaBoAéc toug ylo ta €tn 1945 kat 2000, kat B) n Nrtetepuwiotikp MéBodog
Ztabulopévng MapeuPoAng Avtiotpodng Amootacng (IDW). Ta Tlewypadkd IuvotApota
MAnpodoplwv amoteAolv €va oXupo epyaleio ywo TN Snuloupyla BEpATIKWYV XOPTWV HE
omolecdnmote yewypadlkég mAnpodopleg mou pmopouv va ToootikomolnBouv. Edw, pe tnv
UTTOOTN PLEN VIETEPULVIOTIKWVY aAyopiBuwv xwptkng mapepBoAng (IDW) kot T SLaBECIUEC LETPHOELG
TIAPOUETPWY TIOLOTNTOC VEPOU armod TEooeplg SLadopeTIKEG BETEL TTapaKoAoUONONG, Ol XWPLKEG
nmAnpodopie¢ mpooopowwvovtal ceoAokAnpn tnv empavela tng Alpvng Kaotopldg, yia toug 3
OVTUTPOOWTEUTIKOTEPOUG UNVEC (lavoudplog, Matog kat ZemtepBploc). EEdyovtalEToL, XPrHOLUES
nmAnpodopieg, HEow BePATIKWY XOPTWVATELKOVLIONG SlaBaBuLlong XpwUaToC, TTOU O ETITPEMOUV
VO KOTOLVO|OOUE TNV KATAVOLN Kal TN SUVAULKN TNG EKACTOTE MOPAUETPOU. MEe TOV TPOTO aUTO,
duvatal va eKTUAOOUPE TNV TEPLBAANOVTLKA KOL OLKOAOYIKN Katdotaon tng Alpdvng kat va

T(POTEIVOULE TIPOANTITLKA Kol SLopOBWTIKA HETPAL.

xxiii

Institutional Repository - Library & Information Centre - University of Thessaly
20/06/2026 18:21:35 EEST - 216.73.217.151



BAoEL TNC XPWHOTLKAC OTELKOVLONG TWV XOPTWV Tou e€nxbnoav amo tn xprion tng otaduiong
G Avtiotpodng Amootaong (Inverse Distance Weighted — IDW) ouumepaivoupe OtTL oL
OUYKEKPLUEVOL BepaTikol xapTteg akoAouBouv tn AoyLkn Kal Tnv opBoTNTa TWV GUCIKWY HNXAVICUWY
Kat Blodoyikwv dlepyaociwy, kat cupBadilouv Katd MEPITTWON UE TG KOTOYEYPOUUEVEC TILEG TWV
TNAEUETPLKWY OTAOUWV.

JUYKEKPLUEVQ, N XPWHATLKA OTTELKOVLON TOU XAPTN TNG MOPOAUETPOU TNG OEPUOKPACLAG TOU
Nepou — TwumoSnAwvVEL OTL OL XaUNAOTEPEC TIUEG Beppokpaaciag mapatnpouvtal oto BOPELO Kol
SUTIKO TUAMA TNG AlvnG KaoTopLAg Kal 0Toug TPELS MAVEG avadopag, OTIWG KoL AVOUEVOVTAV YLOTL
otn Béon autn eivatl to Babutepo onueio tng Alpvng. Mapola autd, n Alpvn dev eudavilel
oTpwuatwon. AvtiBeta, ol uPpnAotepeg THEG Twepdavilovial O0TO VOTLOAVATOAKO TUAMA TNG
Alpvng. H xapnAotepn tun Bepuokpaociog evrtomniletal tov pnva lavouadplo, evw n uPnAotepn tov
pnva ZemtéuPplo, evvoeital oe OTL adopad TN cUYKPLON HETALY TWV TPLWV TTAPATIAVW HNVWV.

Ye O,TL adopa TNV MapdpeTpo AlaAupévou Ofuyovou, tov pnva lavoudplo, ot uPnAoTEPEG
TWMEG TTOPATNPOUVTAL OTO BOPELOAVATOALKO KAl VOTLOSUTLKO T TN AlUvNG, OTOU N KATAoTAoN
Ut E6PALWVETAL ETILTAEOV OTO VOTLOSUTIKO TUAMA, ToV pva Mdato. H katdaotaon auth otnpiletal
OTO YEYOVOC TNC Umapéng XEMAppwV Tou eKBAAAouv otn Alpvn oo ta BOPELA, AVATOAKA Kol
Alyotepo amod ta votla Kal eUmAoUTI{ouv TN Alpvn UE VEPO TN XELUEPLVN Kal avolldTikn nepiodo.
Tov pnva ZemtéuPplo, ot uPnAotepeg TIHEG AlodAupévou Ofuyovou Teplopilovtal oTo
VOTLOQVATOALKO TUAMA TG Alpvng, Kal odeiletal Kuplwg otV Kivnon Twv udATWV anod To cuxvh
Aettoupyia (avolypa) twv Bupidwv Tou KavaAlou MkKlOAe, 6o mapatnpeital ekpor) LSATWV amnod Tn
Alpvn yla Adyoug tou €xouv va Kavouv pe tn Slaxeiplon tou davopuévou Tou eutpodLlopol Kabwg
KOl OE KOTOOTAOELG alXUnG efattiag auvénuévng otabung vepou, MAVW QMO TO ENMITPENTO OPLO
(629,80 W). Fevikotepa, oL THEG Tou AlaAupévou OEuyovou, MOPAUEVOUV OTABEPEG KATA TNV
Slapkela Tou e€eTallOUEVOU ETOUC.

Avadoplka HE TNV TIAPAUETPO TS XAwpodUAANG, Tov pnva lavoudplo, n vpnAdtepn TR
eudaviletal votioavatoAkd, omou eival n mepiodog mou ot Bupideg tou KavaAlou KIOAe Oev
AelToupyolv, evw Ta UTOAOUTA TUAHATA TNS AlUvNG PEpouv TTOAU XOUNAGTEPEC TIMEC. ITOV HAva
Matio, oL XaNAEG TIHEC TNG XAwPodUAANG-a meplopilovtal oTo BopeloSUTIKO TUAMA TG AlvNG, EVW
Ol HEYOAUTEPEC TLUEC TIAPOTNPOUVTOL OTO BOPELOAVATOAKO KOl VOTLO TUAUO OUTAG, AOYyW TNG
OTapénG XELLApPpwWVY ToU eKBAAAOUV oTNn AlvN KOL TNG EVTOTLKOTIONONG TWV YEWPYOKTNVOTPODIKWV
SpaotnplotnTwy NG €upULTEPNG TEPLOXNG. Tov pAva XemtéuBplo ot UPNAOTEPEG TLUEG

XAwpodUAANG-a cuvexilouv va gudavilovral oto BopeloavatoAlkd TuApa tng Alpuvng, katdotaon
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TIou 8ev mapaTnPELTaL TOOO £VTOVA OTO VOTLO TUHMA, AOYWw TG CUXVAG AElToupylag (avolypa) Twy
Bupibwv Tou KavaAlou TkloAe, omdte kot amodoptiletal n Aluvn aAmo Lo CNUAVTLKA TocoTnTa
avopyavou Kal opyavikoU ¢optiou

AvadopLKa E TNV aywyLLoTnTa, oL UPNAOTEPEG TIUEG epdavilovTal OTO VOTLOSUTIKO TUAUA
NG AlUvNG. AVTIOETWG, Ol XOUNAOTEPEG TLUEG OYWYLHOTNTAC TAPATNPOUVTAL OTO VOTLOAVOTOALKO
TUAMa TNG Alpvng. Toug pnveg avadopdg, lavoudplo kot ZEMTEUPPLO, TO BOPELO TUAUA TNG ALVNG
dEpeL Eva PETPLO Kal XOUNAS Ttpodil, 6cov adopd TNV MAPALETPO TNE AYWYLLOTNTOG, O avtiBeon
ToV Hrva Mdto mou mapatnpeeital pia tTaon avénong TG aywyLLOTNTAG OTO CUYKEKPLUEVO TUNUA.

JUoudwva PE TNV TAPAPETPO TOU PH, N XPWHATIKN QTIELKOVION TWV XOPTWV Yylo TOUG TPELG
unveg avadopdg, mapouvotaletal mapopota. Ot uPNAOTEPEG TIUEG PH, KAl yla TOUG TPELG UAVEC
avadopdg, evromilovtol OTO VOTIOOVOTOAIKO TUAMA TNG Alpvng, €vw oto Popelo  Kal
BopeloavatoAlkd TUAA TNG AlvnG TTapaTnPoUVTaL TIUEG TTOU TEVOUV VO TIPOCEYYIOOUV TLG TLUEG
TOU VOTLOOVATOALKOU TUAHOTOC. Ol xapunAotepeg TIHEC pH, epdavilovtal cuviBwg 0To VOTLOSUTIKO
TUAMA TNG AlMvng, oAAG ol SladopEC HE TOUG UTTOAOLTTOUCG OTABUOUG lval TOOO MLKPECG TIOU €
xpnlouv kamolag epunveiac.

Ye O,TL adopd tnv BoAepotnta, OMWE CUUBALVEL KOL OTNV TIAPALETPO TOou pH, N XpPWHATIKNA
QTELKOVLON TWV XOPTWV YLOL TOUG TPELG LRVEG avadopdg, mapouotaletal mapopola. Ot upnAotepeg
TIHEG BOAEPOTNTAC, KAL YL TOUC TPELG UNVEG avadopdc, epdavilovtol oto SUTIKO TUARKA TNG AlUvng
KOl CUYKEKPLUEVA oTn Bopela kat Notwa MapaAia, Adyw tou aotikoU doptiou mou dExovtal Ta
OUYKEKPLUEVO TUAUATA KL TOU EUTPODLOMOU. AVTIOETWC, Ol XOUNAOTEPEC TIUEG BoAepdTNnTAC, KOl
yla Toug TpELg MAvEG avadopdg, mapoucldlovial oto PopeLoavATOALKO, QVATOALKO Kal
VOTLOQVOTOALKO TUAMA TNG ALVNG.

TéNog, avadoplkd HE TIC TAPAUETPOUC TWV NITPIKWY Kol AUUWVIOKWY |OVIWV Kal Tio
ouykekplpéva tou NitpikoU kat AppwviakoU Alwtou, ol Sitadopomoloelg odpeilovtal otn
Aettoupyia (avolypa) twv Bupidwv Tou KavaAlou MKlOAe, alAd KoL OTLG TILECELG TTOU SEXETAL Alpvaio
0LKOOUOTN O OO TO 0.0TLKO POoPTio KL TG YEWPYOKTNVOTPODLKEG SPAOTNPLOTNTEC.

Eniong, n xpnon twv fewypadkwyv Iuotnuatwv MAnpodopiwv,cupBarieiotn Snuouvpyia
pLoG Baong Sebopévwy e OAA TA YEWXWPLKA Kal USPOAOYLKA XAPOKTNPLOTLKA TTou adopouv:a) TIg
ekBéoelc emupavelwy, B) Tig ool Peic KapmUAeC pe loodlaotaon 50 pETpwy, y) Ta UPOUETPA, 8) TIG
KAlogLg, €) Tnvaktoypappn tTng Aipvng, ot) to udpoypadikd diktuo {) ta 6pLa AekAvng amoppong Katl
n)tig B€oelg TNAEUETPIKWY oTaBUwWY. AKOAOUBEL N KATAOKEU BEUATIKWY XOPTWV Yyl TNV TIEPLOXN

HEAETNG KAVOVTAG XPHON CUYKEKPLUEVWY XOPTWV Tou Yroupyeiou Mewpyilag Omwe: a) o YEWAOYLKOG
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xaptng tou I.I.M.E tou €toug 1983, B) 0 BLOKALHATIKOG XAPTNC KAl y) 0 XAaptng BAdotnong tou
[6pupato¢ Aaowkwv Epguvwv ABnvwv tou £€touc¢ 1978. EmumAéov, kataokeudlovtol XAPTEG TOU
avaBewpnuévou SIKTUOU TPOOTATEUOUEVWY Tieploxwv Natura 2000 kal Twv XPNOEWV yng
(CorineLandCover) mpwtou Kal Tpitou eMMESOU, XPNOLLOTIOLWVTAC YEWXWPLKA Sedopéva amo Tov
€0VIKO Katahoyo “geodata.gov.gr”. Amo to xaptn tnNg HETABOANG TWV XPHOEWV YNG KoL TN oUYKPLon
Twv dedopévwy tou 1945 pe 1o 2000, £xouv POKUPEL LETABOAEG OTLG XPNOELS yNG. Qotdoo, mapd
TNV avfnon TwWV YVEWPYLKWVY Kol QOTIKWV TNywv pumavong, n Aswtoupyia tou [BloAoyikou
KaBaplopol amno to 1995, £XEL LELWOEL ONUOVTIKA TO GALVOUEVO TOU EUTPOPLOUOU.

Ev ouveyela, e€etaletal n ikavotnta twv Babuwv Neupwvikwv Aiktuwv (DNN) va mpoBAénouv
OE TIPOYHUATIKO XpOvo Tig mapapétpoug DO, Chl-a kat Turbotn Alpvn Kaotopla. Ta efetalopeva
Eunpoobiag tpododoaciag Neupwvika Aiktua (Feed-ForwardDNN) tou DO, eAéyxovTal yLo TECOEPLS
SopEC pe Baon Tov aplBuo Twv KOUBWVY TIOU XPNOLUOTOLOUVTAL OTA KPUHHEVA €TiMeESA Kal Tov
opLlOuo Twv petafAntwy elcodou. Mo cuykekplpéva, To LoviéEAoDO pe SoUEG:
a) 7-64-64-1 yla toug otaBpoug Mkiode, Wapadika kat Towio katl 6-64-64-1 yia 1o oTaBud Itaupo,
omou &ev sival dtabéoun n mapdpetpog N-NHa,
B) 4-64-64-1 yla 6Aoug Toug otabuoug,
v) 7-32-32-1 ywa otaBuoug MNkiode, Wapadika kat Totxiokal 6-32-1 yia to otabud Itaupod, Omou n
napapeTpog N-NHs Sev gival StaBéaun kat
6) 4-32-32-1 yia 6Aoug Toug oTabpoug.
Alepeuvwvtal, emiong, Ta LOVTEAQ
€) Turbue dopég 7-64-64-1 yia toug otabuoug Nkode, Wapadika kat Towxio kot 6-64-64-1 yia to
oTaBuo ITaupo Kat
ot) Chl-ape t1g i6leg akplBwg SOUEC OTIWG OL TAPATIAVW.

MNa tnv avamtuén twv BaBwv Nevpwvikwv AKTOwv— pe Bdaon pebBodouc Mnxavikng
Mabnong — xpnotuomnolouvtal Ta ENG:
1) nyAwooa npoypappatiopou Python,
2) TO emioTtnUoVIKO meplBaliov Spyder,
3) n matdopua ekpadnong unxavwyv avolktol kwdika Tensorflow kat
4) n mapdAAnAn mAatpoppa CUDA (Compute Unified Device Architecture) tn¢ Nvidia

OAa ta mapandvw €xouv evowpatwOdel otnv Anaconda, pla yYAwooo MPOYyPAUUATIONOU
oavolxtoU KwoKa.H BEATIOTN OPXITEKTOVIKA SLKTUOU ylo KABe otabuo, emhéyetal pe BAaon Toug

eAdxlotoug otatiotikoug Seikteg MAE, MSE kat NSE. Ta e€etalopeva povieha Turbiditykat Chl-a, pe
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Souég 7-64-64-1 yia toug otaBpoug MkwoAe, Towio kat Wapadika, kabwckal 6-64-64-1 yia to
otabuo Itaupadg, Sev €6elav KaAn kavotnta mPoBAedng oe MPaAyUATIKO Xpovo. H aduvauia twy
HovTEAWV Suvartat va e€nynBei Adyw tng mbavng EAeWP NG LKAVOTNTOG TOU CUYKEKPLUEVOU SIKTUOU
vVa XELPLOTEL Lo Tooo peyaAn Stakupavon ota dedopéva. AvTIOETWG, To KOAQ eKMALOEUUEVO
povtého DO, pe doun 7-32-32-1 Sivel kahd anoteAéopata pe MAE 0,54; 0,55, MSE 0,65; 0,68 kal
NSE 0,89; 0,86 yla to otadlo tn¢ ekmaidbeuong Kal TG SOKLUAG avtiotowa, Ue KOAN LKavotnta
POPAePNG yla To otabuo MkioAe. MNa to otabuod Towyio, n Soun 7-64-64-1 emikpatei pue MAE 0,48;
0,49, MSE 0,52; 0,51 kot NSE 0,92; 0,93 oto 0TAS10 TNG EKMALSEVONG KAl TNG SOKLUNG avTioTolya Kot
amoteAel TN Sopn UE TG KAAUTEPEG EMUOOOELG CUYKPLTIKA E TLG UTIOAOLTEG £EETAIOUEVEC SOUEC YLO
OAou¢ Toug otaBuolg. MNa tov otabud Wapadika, n Soun 4-64-64-1 6Sivel ta KoAUTEpa
anoteAéopata pe MAE 0,57; 0,58, MSE 0,65; 0,68 kat NSE 0,91; 0,92 oto otadlo tng ekmaideuong
Kall TG SOKLUAG avtioTola. TEAOG, 0 oTaBUOCITAUPOC,Sivel Ta BEATIOTA amOTEAECUATA OTN SO 6-
32-1 MAE 0,69; 0,70, MSE 0,98; 1,01 kat NSE 0,91; 0,90 ywa tnv dtadikaoia tng ekmaidevong Kal tn
SOKLUNAG avtioTtolya.

H napovoa StatpiPr) amookomnel oTov eVTOTopo MPoPANUATWY TTou evEEXETaL va TipokUouy,
TIAPEXOVTOG EvVal LOXUPO gpyaleio apeong AnYng amodpacswv (DSS) yia tn Staxeiplon tng molotnTag
TwV vdATwv TNG Alpvng, TNV TPORAEPN TWV MAPAPETPWYV TIOLOTNTOG OE TPAYUATIKO XPOVO KAl TNV
MPOANYN ATUXNUATWY KL KOTOOTACEWVY EKTOKTNG OVAYKNG, TToU a.dpopoUlv T0co Duolkoug 0G0 Kal
AvBpwroyeveic Kivduvoug. Zupudwva pe tv BiBAoypadia kal tn yvwun tou ocuyypadéa, n
Kalvotopla tng mapouoag ALSakToplkng AlatpiBrg €yKeltal oTto Yeyovog OTL Sev mapouotaletol
GAAn &npootlevpévn epyacia mMou va Xpnolpomolel Tig idie¢ mAatdopueg, epyaleia Ko
pebodoloyia thg Babudg Mabnong, mpokelpévou va SiepeuvnBel n wkavotnta mpoPBAsdng
TOPAUETPWY TIOLOTNTAG VEPOU ALUVWV,TO00 ot €BVIKO 000 Kau ot S1EBVEG eninedo.Eniong, n
mANPNG KAAuyn pag Alpvng pe TEooeplg TNAEUETPLKOUG oTaOHOUG o ouveXr Aeltoupyia Kat
TANPN Kot adlaAeuntn napoxn 6£8o0pEvwy, TNG TAENG TWV HEPLKWVY EKATOVTIASWY XIALASWV O€
aplBud, unootnpilouvv ™ XpHon tTwv povtéAwv Badidg Mabnong,evioxlouv Kat EVSUVAHWVOUV

™ SLatpiBn Kat TNV MPWTOTUTiAL TN,

NEEeLG-KAELBLA: Mnyavik MaBnon, Movtého AlaAupévou Ofuyovou, BaBu Neupwviko Aiktuo,

lrewypadka Zuotiuata NAnpodoplwy, Mowdtnta Nepou, Alpvn Kaotopldg
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CHAPTER 1: INTRODUCTION

“The principle of all things is water;
All comes from water, and to water all returns”.
Thales of Miletus, (635-543 BC)

1.1 Lake as an indicator of climate change
Lakes constitute important indicators of climate changeand geographically they comprise a

network of the lowest points of an internal catchment’s area, collecting water from the
surrounding hydrographic network. Their physical, chemical and biological responses to the
climate give a variety of priceless information (Figure 1.1) (Williamson et al., 2009).

Lakes are affected directly by changes in climate:

a) due to changes in mixing regime, including lake stratification, oxygen saturation by increase

in temperature, and the frequency of extreme wind events,

b) by changes in trophic structure determined by temperature and

c) by complex interactions between temperature, nutrients, and physical forces (Jeppesen et

al., 2009).
Climate driver solar radiation |
Climate regulators | GHG, ozone, aerosols, cloud cover |

Climate response and forcing | UV, PAR. IR | [ air temperature | | precipitation I

V4

. water water temperature water leve]
Physical : . .
transparency thermal stratification ice cover

Senlinels Chemical BypaKia, andxs M et < [ﬁgg:':c

‘dead zones’ cyeling

v

fisheries
| (cold vs. warm)

clear-water phase
(timing, intensity)

hhenuli:agy

R, .
Biological {organisms, processes)

Figure 1.1: Flow chart of lakes as sentinels of climate change (Williamson et al., 2009)

Lakes can be considered as sentinels, integrators and regulators of climate change (Figure 1.2).
Lakes are referenced as sentinelsas (Adrian et al., 2009):

v' Lake ecosystems are well defined and are studied in a sustained fashion
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v" Respond directly to climate change and also incorporate the effects of climatedriven
changes occurring within the catchment

v'Integrate responses over time, which can filter out random noise

v' Are distributed worldwide and, as such, can act as sentinels in many different geographic
locations and climatic regions, capturing different aspects of climate change such as rising
temperature.

Moreover, lakes are considered as integrators as they store signals of change in their
sediments—integrating changes not only within theaquatic ecosystem, but also changes in the
surrounding terrestrial ecosystem.

Also, lakes are referenced as regulators as they:

v' Receive, process, and store large amounts of carbon from the surrounding terrestrial
watershed as well as from the aquaticproductivity within their shorelines,

v" Areinvolved in active exchange of greenhouse gases with the overlying atmosphere, and

v' Alter regional climate by changing radiative forcing, cloud formation, precipitation, and

evaporation (Williamson et al., 2009).

R s
regulators

Figure 1.2: Lake as sentinel, integrator and regulator of climate change (Williamson et al., 2009).

1.2 Thesis background
In recent years, waterbodies have undergone extensive change as a result of widespread
qualitative and quantitative degradation. In terms of quantitative degradation, water is wasted

unreasonably for its various uses such as agriculture, industry, energy and domestic use.
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Regarding quality deterioration, the first signs of pollution were identified in the surface
waters of lakes and rivers, during the decade of ‘20s and the first models of Dissolved Oxygen
depletion have been formulated, such as Streeter and Phelps (1925). Afterwards, the groundwater
became gradually contaminated with organic and nutrients compounds. It should be mentioned
that in case of rivers there is sufficient natural buffering capacity, but less for lakes and wetlands,
provided the presence of pollutants that are biodegradable and non-preservatives. On the other
hand, decontamination of an aquifer requires special treatment during which the aquifer becomes
inactive and its full restoration is doubtful (Psilovikos, 1996).

It becomes clear that the need for collecting, studying and evaluating the information given
from the lake is of paramount importance. Therefore, the need for monitoring and modeling lakes’
physical, chemical and biological responses is crucial (Williamson et al., 2009).

Machine Learning (ML), an application of Artificial Intelligence, is a rapidly developing field.
To perform a task, Machine Learning comprises a learning process with an objective to learn and
improve from experience (training data). A datasetin ML (also known as features or variables) can
be qualitative (nominal, ordinal, binary) or quantitative (discrete or continuous). In order to
calculate the performance of ML models, statistical and mathematical models are used. At the end
of the learning process, the trained model can be used to predict new examples from the testing
data with the help of the experience gained during the training procedure (Liakos et al., 2018). One
clearly understands the importance of data sets (Monitoring) in order to apply Machine Learning
techniques.

In a developing world where water is extensively polluted, many models have been applied
to predict water quality parameters with the help of Machine Learning. Artificial Neural Networks
(ANN), that mimic human brains, are able to map the non-linear relationships among variables
that are characteristic of ecosystems (Lek et al., 1996). That is the reason why Artificial Neural
Network Technigues have been applied in many case studies (Chen and Wang, 2020; Mellios et.
al., 2020) to predict water quality parameters such as Dissolved Oxygen (Rankovié et al., 2010;
Akkoyunluet al., 2011; Ay and Kisi, 2012; Han et al., 2012; Wen et al., 2013), Turbidity (Fan et al.,
2016; Khairi et al., 2016; Cao et al., 2019) and Chl-a (Muttil and Chau, 2006; Kuo et al., 2007; Cho
et al., 2014) in rivers and lakes. Nowadays, specifically, Deep Neural Networks, as an upgraded and
complex version of Artificial Neural Network, have dramatically improved the state-of-the-art in

many scientific fields such as environmental studies.
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1.3 Objectives and scope of thesis

Regarding how much Machine Learning has expanded nowadays, monitoring systems play
a decisive role in lake management by providing systematic information of the qualitative
parameters. Moreover, as a Deep Neural Network needs a large amount of data in order to
complete its learning process comparatively to Artificial Neural Networks, it is clear that
Monitoring is of paramount importance for applying Machine Learning techniques and especially
Deep Learning.

The present dissertation provides a scientific insight into:

v" The importance of Monitoring in lake management
v' The implementation of Machine Learning techniques and especially Deep Neural Networks
in Water Quality Management.

Based on the scientific research, the ability of Deep Neural Networks to predict the quality
parameter of Dissolved Oxygen, Chlorophyll-a and Turbidity in Lake Kastoria, in Greece, is tested.
In order to reach the aforementioned goal, quality time series from November 11, 2015 to March
15, 2018, on an hourly basis, from four telemetric stations located in the study area, are used
(around 20.000 measurements per parameter per station).

Geographic Information Systems (GIS) is a very powerful tool in creating thematic maps
with any geographical information that can be quantified. So, if water quality parameters
measurements are available froma deteriorated number of different monitoring locations, with
the support of Spatial Interpolation Algorithms, the limited spatial information can be integrated
to the whole surface of a water body. Useful spatial information is extracted, providing with
thematic color gradient maps that allow us to:

a) Geographically simulate the spatial distribution and variability of parameters on the surface
of a water body — lake.

b) Understand the correlation of this particular parameter with other similar ones, in different
locations

c) Assess the environmental and ecological status of the lake

d) Propose preventive and remedial measures.

With the help of GIS, in order to approximate and understand the state of the study area,
a) the land use changes observed from 1945 to 2000 and b) the recordings of the available water
quality parameters and their spatial distribution all over the surface of Lake Kastoria, are presented

and discussed. In the case of Lake Kastoria, a deterministic interpolation algorithm is applied for
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the simulation of the geographic distributeion of the qualitative parameters of the water, namely
Inverse Distance Weighted method (IDW). The reason why it is preferred to use deterministic
method, instead of geostatistic ones, is that it can lead to successful results with very few
monitoring points (Matzafleri et al., 2009; Zisou & Psilovikos, 2012).Moreover, useful information
is extracted that allow us to understand, the consequences of the Land Use Land Cover (LULC)
changes from 1945 to 2000, in the water quality.Despite the fact that agricultural and urban
sources of pollution have increased, the operation of biological treatment plant since 1995, has
significantly reduced the phenomenon of eutrophication.
The present PhD thesis is intended to:

v Identify problems that may arise

v Provide a useful supportive tool for Water Quality Management of the Lake

v" Provide real-time prediction of water parameters

v' Comprise a powerful Decision Support System, for preventing accidental and emergency

conditions that may arise from both Natural and Anthropogenic Hazards.

1.4 Thesis innovation

Based on the literature and the knowledge of the author, the importance of this work lies
within the fact that there is no other published work using the same platforms, tools and
methodology of Deep Learning, as in the present PhD thesis, in order to investigate the predictive
capacity of water quality parameters of lakes, at both national and international level. Moreover,
the fact that Lake Kastoria is monitoredby four telemetric stations, offering continuous and
uninterrupted data sets (a few hundred thousand measurements), support the use of Deep Neural
Networks, that need large amount of data in order to complete their learning process, and

enhance the originality of the present PhD dissertation.

1.5 Thesis outline

This section describes the structure of this PhD Thesis. In the introduction it is explained
briefly why lakes constitute an important indicator of climate change. Chapter 1 gives the
background, the objectives and scope of the thesis underlying the importance of collecting,
studying and evaluating the information given from the lake via data sets (Monitoring) in order to

apply Machine Learning techniques.
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The following chapters (Chapter 2 and Chapter 3) provide the main body of the Thesis
background. Specifically, Chapter 2 describes in detail the classifications of Machine Learning
focusing in Artificial Neural Networks and Deep Neural Networks, while Chapter 3 clarifies the
importance of Monitoring, the types of the existing Monitoring and introduces the case study of
the PhD thesis.

Chapter 4 refers to a) the recording and evaluation of the existing investigations and studies
with respect to the monitoring and the sustainable management of Lake Kastoria (case study) b)
the recording of the existing policy background that has been implemented in Greece for water
resources management, water quality conservation and restoration, and the protection of aquatic
ecosystems and c) the recording implementation of technical neural networks in order to evaluate
the water quality of agquatic systems.

Chapter 5 introduces the case study (Lake Kastoria) in relation to the land use changes
observed from 1945 to 2000 and presents the recordings of the available water quality parameters
by using thelnverse Distance Weighting method (IDW) with the help of Geographic Information
System.

Chapter 6 gives in detail information about the structure of the models, the tools and
platforms, the statistical descriptors and in general the whole procedure used in this thesis.

Chapter 7 contains the results and discussion of this PhD thesis, while the closing chapter
comprises the conclusion of this thesis and its main contributions followed by suggestions for

future work.
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CHAPTER 2: MACHINE LEARNING APPROACHES

“Much learning does not teach understanding”.
Heraclitus, (535 — 475 BC)

2.1 Machine learning background

Machine Learning (ML) is the phenomenon that a system improves its performance when
performing a specific task, without the need to re-program it. According to this definition, Machine
Learning is designed to create machines capable of learning, improving their performance in
certain areas through the use of prior knowledge and experience. A relevant general definition of
Machine Learning is given by Mitchell (1997): "A computer program says that it learns from
experience E with some class of tasks T and measure of performance P, if its performance on tasks
from T, as measured by P, is improved through experience E."

Machine Learning, as a part of Artificial Intelligence, studies algorithms that improve their
behavior in a task assigned to them using their experience. As for the design of Machine Learning
systems, the ability to identify is defined as the ability to acquire additional knowledge, which
alters existing registered knowledge either changing its features or increasing its position. In the
case of Artificial Neural Networks, learning is the ability of systems to transform their internal
structure, rather than altering the knowledge that is incorporated therein their design.

Although we are far from creating machines that learn as well as humans, algorithms have
been developed for specific areas of learning that have enabled modern commercial applications
to emerge with considerable success.

Machine Learning is classified into broad categories depending on the learning type
(supervised/unsupervised) and the learning models (regression/classification) (Liakos et al., 2018).
Based on the learning type (Figure 2.1), ML is classified in:

a) Supervised and
b) Unsupervised learning.

Specifically, in supervised learning, there is a training set consisting of data points x (from
some set X) and their labels y (from some set Y) and the goal is to learn a function f: %% that will
accurately predict the labels of data points arising in the future (Sammut and Webb, 2017).In other
words, supervised learning is the process where the algorithm constructs a function that
represents given inputs (training set) at known desired outputs, with the ultimate goal of
generalizing this function to inputs of unknown output. It is commonly used in regression,

classification and interpretation problems. In his review, Solé (2007) underlines that“Applications
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in which the training data comprises examples of the input vectors along with their corresponding

target vectors are known as supervised learning problems”.

Machine Learning Types

Supervised Learning Unsupervised Learning
Continuous Categorical Target Variable
Target Variable Target Variable not available
Regression Classification Clustering Association

Figure 2.1: Machine Learning Types

However, in unsupervised learning, the target variable is not available so there is no
distinction between training and test sets with data being unlabeled. The learner processes input
data with the goal of discovering hidden patterns (Liakos et al., 2018). Otherwise, in unsupervised
learning, the algorithm constructs a model for a set of inputs in the form of observations without
knowing the desired outputs. It is used in clustering and association analysis problems. “In
unsupervised learning, there is no instructor or teacher, and the algorithm must learn to make
sense of the data without this guide” (Goodfellow et al., 2016).

Regression and classification are supervised learning approaches while clustering is an
unsupervised learning approach. Regression predicts continuous valued output while classification
predicts discrete number of values. In classification the data is categorized under different labels
according to some parameters and then the labels are predicted for the data. Clustering
separatesthe dataset into groups, called clusters. For each problem to be solved in the field of
Machine Learning, there is an appropriate way of learning and for each way of learning there is at
least one appropriate algorithm that can be used (Figure 2.10).

The most important phase of each algorithm is the Training phase, where the algorithm

uses as an input a training set to achieve its purpose which is the creation of new knowledge. In
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addition, it can either use more or less existing knowledge or not at all. Training is followed by the
certification phase of new knowledge produced. Usually, the authentication is performed first by
the algorithm itself through recall procedures with the help of test data and then by the user's
critique. Finally, new knowledge is given to use in applications where it is needed to solve real
problems. Based on learning models, artificial neural networks are described in detail. In addition
to the ANNs, the present dissertation refers to other models used to predict water quality

(Georgouli, 2005).

2.2 Regression
Regression is a supervised learning model, which predicts an output according to known
inputs. The most known algorithms of regression models are linear regression, logistic regression,

stepwise regression and ordinary least squares regression (Figure 2.10).

2.3 Clustering

Clustering is a typical application of unsupervised learning model, that groups the dataset
into clusters. The scope is to partition the unlabeled data in such a way that points within single
cluster are very similar and points in different clusters are different. It determines grouping among

unlabeled data.

2.4 Bayesian Models

Bayesian models (BM) are probabilistic graphical models in which the analysis is
undertaken within the context of Bayesian inference (Hobbs and Hooten, 2015). This type of model
belongs to the supervised learning category and can be used for either classification or regression
problems. The Bayesian inference can be applied to regression problems. It combines one’s prior
knowledge with the information contained in the data (Elster and Wiibbeler, 2015).

When Bayesian inference is applied to classification problems it is assumed that all items
of evidence are conditionally independent. Such models are commonly referred to as 'naive' Bayes,
because the assumption is considered naive. In bio-monitoring, the use of 'naive' Bayes model fits
well asthe assumption that the occurrence of each taxon is independent of that of the others,
given the water quality class, holds for the vast majority of taxa (Walley and DzZeroski, 1996; Fox

and Roberts, 2012).
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2.5 Instance Based Models

Instance based models (IBM) are memory-based models. They store the training database
and when a new input vector is presented, a set of similar related instances is retrieved from
memory. Afterwards, their corresponding outputs are used to predict the output for the new query
vector (instance). The disadvantage of these models is that their complexity grows with data
(Solomatine et al., 2008). The k-nearest neighbor algorithm is the most used algorithm in this

category.

2.6 Decision Trees

Decision Trees (DT) is the most well-known supervised model and has been successfully
applied in many areas. Decision Trees are classification or regression models formulated in a tree-
like architecture. The DT algorithm leads to the creation of a tree whose leaves are classes. This
tree form can also be read as a set of rules called classification rules and provide a convincing
answer to the question: How can a machine make general rules from specific observations and
how reliable are these rules in practice?

The set of data is organized into a smaller homogeneous subset while producing a relevant
tree graph. Each internal node represents a different pairwise comparison of a selected feature,
while each branch represents the result of this comparison. The leaf nodes represent the final
decision/prediction made after the root-to-leaf path (Liakos et al., 2018). The central focus of the
decision tree growing algorithm is selecting which attribute (also known as features or input

variables) to test at each node in the tree (Saghebian et al., 2014).

2.7 Support Vector Machines

Support vector machine (SVM) is a binary classifier that makes a linear separating
hyperplane to classify data instances (Liakos et al., 2018). A hyperplane is a line that splits the input
variable space and is selected to best separate the points in the input variable space by their class,
either class 0 or class 1.

The distance between the hyperplane and the closest data points is referred to as the
margin. The best or optimal hyperplane that can separate the two classes is the line that has the
largest margin. Only these points are relevant in defining the hyperplane and in the construction
of the classifier. These points are called the support vectors. They support or define the hyperplane

(Figure 2.2) (Ng, 2000).
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2.8 Ensemble Learning

Ensemble learning (EL) models scope to improve the predictive performance of a given
statistical technique by creating a linear combination of simpler base learner. Considering that
each trained ensemble represents a single hypothesis, these multiple-classifier systems enable
hybridization of hypotheses not caused by the same base learner, providing better results in the
case of significant diversity among the single models (Liakos et al., 2018). Random forest algorithm

is a well-known algorithm in this category.

Support
Sovector
N\

~

Support
Fvector

Figure 2.2: Definition of hyperplane via supports vectors (Li and Heap, 2008)

2.9 Artificial Neural Networks

The term Neural Networks (Connectionist Networks, Parallel Distributed Processing
Models) describes a number of different mathematical models, inspired by corresponding
biological models, that is, models that attempt to mimic the behavior of neurons in the human
brain (Figure 2.3).

From 19t™century, scientists believe that the brain is made up of distinct elements, neurons
that communicate to each other. Neurons are the basic building block of the human brain. It is
estimated that the brain contains about 10 billion neurons grouped into groups, each of which
constitutes a natural neural network. Thus, the human brain contains hundreds of natural neural
networks, each containing thousands of interconnected neurons with an average number of

interconnections per neuron between 1000 and 10000 (Georgouli, 2005).
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A neuron is separated from the rest of the cells by a membrane and has the ability to
transmit electrical signals from that neuron to the other neurons it communicates with. Each
neuron consists of 3 main parts (Kotopouli et al., 2009):

1. Dendrites, which act as input channels for the neuron,
2. The main cell body,
3. The axon, which connects one neuron to other neurons.

The axon of a single neuron transmits signals to the dendrites of neighboring neurons via
the point of union called synapse. A neuron can receive signals from a set of neighboring neurons
through the dendrites, process them, and power its output through the axon to another set of
adjacent neurons. The signals coming through the dendrites are 'weighed' and the results are
summed. When the sum exceeds the threshold level (threshold value), the neuron generates an
output on its axon, which will then be transmitted to the neighboring neurons via synapses

(Georgouli, 2005; Psilovikos, 2020).
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Figure 2.3: Biological Neuron versus Artificial Neural Network (Njogholo, 2018)

The mathematical models of Artificial Neural Networks, in correspondence with biological
ones, consist of a number of simple and highly interconnected layers. Each artificial neuron
consists of several inputs xi and only one output y. Each input x; is 'weighed' with a weight w; and

the results are summed by the summation function F (Equation 2.1):

F=Yxi*xwi (2.1)

The artificial neuron gives outputs through the transfer function only when the weighted

sum of inputs is greater than a certain threshold value 6, that is, when (Equation 2.2):
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Yixixwi—0>0 (2.2)

Artificial Neural Networks (ANNs) are divided into Traditional ANNs and Deep ANNs and
are typically used for both regression and classification problems (Sammut and Webb, 2017). Deep
ANNs are most widely referred to as Deep Learning (DL) or Deep Neural Networks (DNNs). It is
important to note here that DNN’s are simply an ANN with more than one hidden layer between
the input and output layers.

A brief description of ANNs:

v" ANNs are usually organized into layers, where the learning procedure takes place.

v’ Layers consist of a number of units or nodes that are interconnected in such way that one unit
is linked to many other units of the same or another layer.

v The units influence other units by stimulating or inhibiting their activation. To achieve this, the
unit receives the weighted sum of all inputs through the links leading to it and produces a single
output through the transition function if the sum exceeds a threshold value.

v’ Inputs are presented to the network via the input layer that communicates with one or more
hidden layers The hidden layers are associated with the output layer from where the decision
/prediction is given.

The key elements of the architecture of the ANNs that need to be defined when creating
them are:

v The number of intermediate hidden layers,

v The number of units (or nodes) per layer,

v" How units connect to each other,

v" The activation function,

v The algorithms (optimizers) used to strengthen the links between units during the training

procedure (Figure 2.10).

2.9.1 Architecture of Artificial Neural Networks

In terms of how the nodes are connectedto each other, there are two main categories:
1. Feed forward and
2. Feed backward
In a Feed Forward Neural Network (single or multi — layer) (Figure 2.4), the nodes are

organized at different layers so that the nodes of a layer feed the next-layernodes until the last-
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layer nodes are fed. So, if there is no feedback from the outputs towards the inputs, the network
is called Feed forward neural network. Such ANNs arereferred as Back-Propagation (BP) networks.
According to Sazli (2006), Back-Propagation algorithm is the most used algorithm in the training of
Feed-Forward Neural Networks. However, it should be clarified here that in the context of machine
learning by referring to an algorithm, we mean a “Learning Algorithm’’ including the Optimization.
So, a Back-Propagation is used as a sub-routine in the Optimization Algorithm (for example a
Gradient Descent Learning Algorithm) to find the parameters of the model. However, in some
cases, one can use Gradient Descent (Psilovikos & Tzimopoulos, 2004) without using Back
propagation such as in logistic or linear regression, where the gradients can be calculated directly

from the inputs and cost function value(Sazli, 2006).

Input layer Hidden layer Output layer

Figure 2.4: A multi — layer feed forward neural network (Sazli, 2006)

In the case of Feed Backward (or recurrent) networks, the nodes of a layer feed the nodes
of the same layer or previous layer. If feedback relates to nodes at the same layer, then the
networks are called auto-associated memories, differently they are called hetero-associated
memories (Figure 2.5). Moreover, there is usually only one hidden layer. Although Feed Backward

networks are very useful, Feed Forward networks are most commonly used(Network, 2018).

2.9.2 Advantages of Artificial Neural Networks

ANNSs are significantly different from other computing techniques as (Karamoutsou and

Psilovikos, 2019):
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v They do not use symbols to represent model concepts
v They do not program the behavior of the model
v’ They are programmed to learn to produce specific outputs with given inputs.

The advantages of ANNs are summarized below:

Design:

A Neural Network is designed according to the human brain. Engineers derive from
neurobiology new ideas for solving complex problems. ANNs are also designed to provide
information not only on the particular set of models with which it is trained but also on any new
model shows up. ANNs are uniform in analysis and design, meaning thatthe same symbolism is

used in all scientific fields thereby permitting the diffusion of relevant know-how.

|

\O—’

Figure 2.5: Feed backward neural networks: auto-associated memories (left) and hetero-associated memories (right)

(Georgouli, 2005)

Implementation:

An ANN is constructed by the link of neurons, which are considered non-linear devices.
Non-linearity is a very important property if the physical mechanism for producing the input signal
is non-linear. Moreover, knowledge, in ANNs, is represented by a scattered format rather than a

technically structured symbolic format.

Structure:
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ANNs have the ability to adapt their weights to changes in their environment by simply
repeating their training with a new set of examples from the changing environment. A hardware-
implemented ANN has the important property of being "fault-tolerant". For example, if an
intermediate level connection is deleted or a weight is corrupted, the network operation will not
be affected because the overall average error will not change significantly. The layer structure of
ANNs enables parallel functions and enables them to be implemented in VLSI (Very-Large-Scale
Integration) technology that makes them suitable, among other technologies, to be incorporated

into real-time applications (Georgouli, 2005).

2.9.3Deep Neural Networks (DNNs)

Deep ANNs are most widely referred to as Deep Learning (DL) or Deep Neural Networks
(DNNs). DNN’s are simply an ANN with at least two hidden layers between the input and output
layers. Depending on the nature of the problem, it can be supervised, partially supervised, or even
unsupervised.

A deep learning system is self-teaching. The computer trains itself to learn from datain a
similar way to humans. That is one of its main advantages and has dramatically improved the state-
of-the-art in many scientific fields (Liakos et al., 2018). It should be mentioned here that this is
possible due to the layers of ANNs.

As it is described above, the simplest Artificial Neural Network consists of one hidden layer.
In case that an ANN has more than three layers, including input and output layer, is called Deep
Neural Network. In other words, without Neural Networks, there would not be Deep Learning.
Differences between Artificial Neural Networks and Deep Neural Networks are listed below
(Georgouli, 2005; Koutsoukas et al., 2017):

v The structure of the networks comprises the primary difference between Artificial Neural
Networks and Deep Neural Network as described above (Figure 2.6)

v Deep Neural Networks need large amount of data in order to complete their learning process
comparatively to Artificial Neural Networks.In Deep Neural Network learning process is time
consuming

v Deep Neural Network is also called theBlack Box, because the learning process in Deep Learning
is very hard to explain

v Deep Neural network is more accurate
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@ Input Layer () Hidden Layer @ Output Layer

Figure 2.6: Artificial Neural Network (left) vs Deep Neural Network (right)

2.9.4 Activation function

Activation functions play an important role in neural networks. Their goal is to determine

(Sentas, 2013; Psilovikos, 2020):

a) The output of a learning model,

b) Its accuracy, and

¢) The computational efficiency of training a model.

The function is attached to each neuron in the network, and determines whether it should
be activated or not, based on whether each neuron’s input is relevant for the model’s prediction.
Depending on their type, activation functions help to normalize the output of each neuron to a
range between 1 and 0 or -1 and 1. Activation functions also have a major effect on the neural
network’s ability to converge and the convergence speed.

As mentioned below, one of the goals of activation functions is that they must be
computationally efficient as they are calculated across thousands or even millions of neurons for
each data sample. Modern neural networks use a technique called back-propagation to train the
model, which places an increased computational strain on the activation function, and its
derivative function. The inputs, are fed into the neurons in the input layer. Each neuron has a
weight, and multiplying the input number with the weight gives the output of the neuron, which

is transferred to the next layer (https://missinglink.ai/guides/neural-network-concepts/7-types-

neural-network-activation-functions-right/).

Activation function should be differentiable. It should be like this as to perform Back-
Propagation optimization strategy while propagating backwards in the network to compute

gradients of Error(loss) with respect to Weights and then accordingly optimize weights using
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Gradient descend or any other Optimization technique to reduce Error (https://towards

datascience.com/activation-functions-and-its-types-which-is-better a9a5310cc8f).

The simplest activation functions are linear (Figure 2.7), such as:
v" Threshold functions,
v' Sign functions,
v' Hard limiter functions and

v Ramping functions.

F(S) F(S)
1— 1—
_Threshold . Threshold
s"j p'/
I 0 | 5 I 0 | 3
-1 1 -1 1
-1— -l
Threshold Function Sign Function
1 1—
| 0 | ? 0 |
1 1 -1 1
— . _] -1-
x<0, y=0
%<0, y=-1 - O<=x<=1, x=y
x>=0, y=1 x=>1, y=1
Hard Limiter Function Ramping Function

Figure 2.7: Linear activation functions (Georgouli, 2005)
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y=1/(1+e") x>=0, y=1-1/(1+x)
x<0, y=-1+1/(1-x)

Sigmoid function

Gaussian function

Figure 2.8: Sigmoid and Gaussian activation functions (Georgouli, 2005)

However, nonlinear functions are commonly used, such as sigmoid functions, Gaussian
functions (Figure 2.8). The need for speed has led to the development of new functions such as
RelLU (Rectified Linear Unit) functions. Non-linear functions address the problems of a linear
activation function:

1. They allow Back-Propagation because they have a derivative function which is related to the
inputs.

2. They allow “stacking” of multiple layers of neurons to create a Deep Neural Network. Multiple
hidden layers of neurons are needed to learn complex data sets with high levels of accuracy.

Nowadays, Sigmoid and RelLU are the most popular types of activation functions used in
Machine Learning. Despite its popularity Sigmoid Function causes problems during the training

phase and degrades the accuracy of aDeep Neural Network Modeldue to the vanishing gradient
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problem. On the other hand, RelLUActivation Function avoids and rectifiesvanishing
gradientproblem. Nowadays, the majority of Deep Learning Models use ReLU (Dureja and Pahwa,
2019).

However, a disadvantage of using ReLU is that some gradients can be fragile during training
and this could result in Dead Neurons. It can cause a weight update which will makes it never

activate on any data point again (Epelbaum, 2017).

2.9.5 Regularization techniques

It also should be mentioned that one of the main difficulties when dealing with Deep
Learning techniques is to get the Deep Neural Network to train efficiently. A predictive model can
be under or over fit if too little or too much data is used to train a Neural Network model. A solution
in order to deal with overfitting and under fitting in a proper way is to use the regularization

technique https://towards datascience.com/regularization-in-machine-learning 76441ddcf99a).

aValues ‘. AValues . aValues ,
[ ] ¥ l
x . o ;” . " A 4 i
': . ::_,..-i a ".: . " -.j.i 'I'.' . = * A
. ] . o .'l__,.-i . - L] ¥
* L S o ..-”". * o l'. !l-' L Tl
8" . Wiin
. L I . N - e L 5N ew .
Ya o > e e > bl 0 IS
Time Time Time
Underfitted Good Fit/Robust Overfitted

Figure 2.9: Visual representation of how a predictive model can be under or over fit if too little or too much data is

used to train a Neural Network model (https://medium.com/)

It should be mentioned that it is also important to study our datasets, before even starting

modeling (Figure 2.9). Some commonly used Regularization techniques include (Epelbaum, 2017):

Early Stopping

e L1 Regularization

e L2 Regularization

e Dropout Regularization

¢ Training Data Augmentation

e Batch Normalization
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Figure 2.10

(https://machinelearningmastery.com/
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CHAPTER 3: THE IMPORTANCE OF MONITORING

"Quality is not an act, it is a habit."
Aristotle, (384-322 BC)

Regarding water quality deterioration, the first signs of pollution were identified in the
surface waters of lakes and rivers. Afterwards, the groundwater became gradually contaminated.
It should be mentioned that in case of rivers, there is sufficient natural buffering capacity but less
for lakes and wetlands, provided the presence of non-persistent pollutants that are biodegradable.
On the other hand, decontamination of an aquifer requires special treatment during which the
aquifer becomes inactive and its full restoration is doubtful (Psilovikos, 2020).

The need for collecting, studying and evaluating the information given from the lake and
the need for monitoring and modeling their physical, chemical and biological responses is of
significantimportance (Williamson et al., 2009).

Both the quantitative and qualitative status of water resources requires a systematic long-
term monitoring. Significant efforts have been made in Greece in recent years by various agencies
to create databases of surface and groundwater resources measurements. However, these efforts
were discontinued after several years (Psilovikos, 2005).

Stakeholders that have previously dealt with water monitoring issues are (Psilovikos, 2020):
v Ministries:

a) Greek Ministry of Rural Development and Food

b) Greek Ministry of Economy & Development

c) Greek Ministry of Foreign Affairs

d) Greek Ministry of Health and Social Security

v’ Services:

a) Institute of Geological and Mining Exploration (IGME)

b) Public Power Company (PPC) and

¢) Municipal WaterSupply andSewerage Companyof Larissa (DEYAL)
v’ Research institutes:

a) Hellenic Center for Marine Research (HCMR)

b) GreekBiotope/Wetland Centre (EKBY by itsGreekinitials)
c) Fisheries Research Institute (FRI)

d) General Chemical State Laboratory (GCSL)
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v’ Universities and Technological Educational Institutions, in the context of research and
education
v' Individuals, in the context of private researches.

The above efforts were fragmentary in the sense that regular, systematic and organized
measurements were not taken, in the context of a) a well-organized protocol, b) a predetermined
time schedule with the character of “time-series” and c) the points of measurement are not
documented due to the real needs of the aquatic ecosystem. The issues raised are two (Psilovikos,
2020):

1. The issue of keeping a specific time and many repetitions during the day and
2. The issue of data scarcity with a frequency of measurement once a month.

During the Monitoring procedure, it is very important that the variation of parameters such
as Dissolved Oxygen (DO) and Chlorophyll-a (Chl-a), can be wide-ranging during 24 hours
(Psilovikos, 2005; Psilovikos, 2012).

When high concentrations of DO are observed, they mainly occur:

a) At shallow eutrophic lake systems.

b) At late spring - early summer,

¢) In the morning and at noon, when high concentrations of DO are observed due to the
photosynthetic productivity of algae and/or cyanobacteria which are also associated with
correspondingly high concentrations of Chl-a.

d) When they are associated with low values of water temperature, which favors high values of
DO of saturation, except in cases that the lake has an ice cap, which favors DO consumption and
inability to replenish.

A typical example is the lake of Kastoria, where measured values of DO, higher than those
of Oxygen Saturation (DOs), have been recorded during the spring, mainly in May and
June.Therefore, due to the intense activity of the photosynthesis from phytoplankton, from all
primary producers of the system, high DO values are observed, which are also associated with
correspondingly high concentrations of Chl-a.This phenomenon is reversing in the autumn, where
the respiration favors the photosynthesis and DO depletion occurs and stress to the biota (Watt,
2000; Matzafleri et al., 2009; Psilovikos, 2014).

When low concentrations of DO are observed, they mainly occur:

a) In the evening and night, where no photosynthetic activities are taken place and DO is consumed

for the respiration of micro-organisms and the degradation of non-preservatives;
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b) At water depths near the bed, where DO values are expected to be very low and may approach
hypoxic conditions (1 - 2 mg/L) or even anoxic conditions (~ 0 mg/L). Anoxia could also enhance
phosphorus release from the sediment to the water column, so increased eutrophic conditions
could occur.

Apart from the above reasons, low DO values may occur due to the sedimentsOxygen
Demand at the bed of a lake, known as Sediment Oxygen Demand (SOD). These low DO values can
harm aquatic life leading to stress and affect water quality. For this reason, it is necessary to have
intensive measurements with many repetitions on a daily basis, so that one can monitor the
evolution and the durationof such a phenomenon. During summer, before the advanced phase of
eutrophication, where the consumption of DO, due to respiration activities from benthic biota and
invertebrates, is higher than the production of DO, due to photosynthetic activities, concentrations
of DO values varywidely (Antonopoulos, 2010; Psilovikos, 2014).

Regarding the issue of data scarcity with measurements on monthly basis, even if the
measurements are made at a specific time with a very strict and specific schedule, the risk to loose
data on peak events, such as point or non-point pollution phenomena due to natural or
anthropogenic factors or flooding phenomena is unquestionable. So, it is clear that these peak
phenomena, cannot be recorded if the measurement of the quality parameter is conducted on a
specific date and the peak phenomenon occurs a few days later. Till the next monthly
measurement, the impacts of the peak phenomena could not be recorded. This risk can only be
prevented by continuous automated and organized 24-hour monitoring.

The state of water quality is a complex result of natural and anthropogenic activities and
their interactions with time and space. The objectives of the Monitoring are defined and guided
by a number of Laws, Ministerial Decisions and Presidential Decrees. Monitoring Networks
concern aquatic ecosystems such as springs, streames, rivers, lakes, fjords, estuaries, coastal waters
and seawater. There are two main types of Monitoring (Wiersma, 2004; Psilovikos, 2020):

v The Extended Monitoring, which includes many sampling stations but receives a few samples
per year, which analyzes a few parameters and lasts from one year to 3-4 years and

v The Intensive Monitoring, which includes more stations, depending on the size of the study
area, many annual samples (at least 12, one each month) that are conducted for over 4 years.

The parameters that are measured are:

v' Water Temperature (Tw - °C)
v pH
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Electrical Conductivity of Water (ECw - uS/cm),

Dissolved oxygen (DO - mg/L or ppm)

Saturation Oxygen, as the fraction of Dissolved Oxygen / Saturation Oxygen (DOs - %)
Redox potential (Eh or REDOX — mV)

Turbidity (T - NTU)

Organic Pollution Indicators such as DO, BOD, COD and SOD

D N N N N N RN

Eutrophication indices, such asTotal Phosphorus (TP — mg/L or ppm), Secchi Disk Depth (SD -
m), Chlorophyll-a (Chl-a — mg/L) andTSlI Indicators by Carlson (1977)

Nitrate ions (NOs’) or Nitrate Nitrogen (N-NO3 — mg/L)

Nitrite ions (NO2) or Nitrite Nitrogen (N-NO2 — mg/L)

Ammonium ions (NH4*) or Ammonium Nitrogen (N-NHs — mg/L)

Orthophosphate ions (PO43) or Orthophosphate Phosphorus (PO43-P — mg/L)

The ratio of Nitrogen / Phosphorus (N / P)

Alkalinity indices (pH, alkalinity, nitrates etc.)

lon Detection (Chlorine, Sulfur, Magnesium) (Cl, S, Mg - mg/L or ppm)

Detection of Heavy Metals (Cadmium, Mercury, Copper, Zinc) (Cd, Hg, Cu, Zn - mg/L or ppm)
Organic Pollutants (PCB, HCH)

Radioactive Indicators

Microbiological indices (coliforms, streptococci)

D N N N N N N N N U N NN

Biological Indicators (phytoplankton, zooplankton, zoobenthos, fish, macrophytes).

3.1 Monitoring by Systematic Sampling

Existing technology is based on the measurement of water quality control parameters by
field measurements, either by collecting samples and measuring the parameters in the laboratory.
Sampling in lakes to determine water quality is a complex process. The methodologies used in the
sampling and interpretation of the data are intended to determine the concentration of abiotic
resources and the abundance of living resources, as well as other important features, such as
morphometric characteristics in fish (Psilovikos, 2020).

Sampling is necessary to provide information from a characteristic part of the body of
water. The most critical factors that need to be identified are:
e Sampling points,

e The frequency of sampling and
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* The way to preserve the integrity of the samples prior to analysis procedure

Monthly sampling might skip a whole phytoplankton bloom. Also, sampling demands might
require different frequency, if the ecology of the lake is known. Sampling in lakes must be carried
out at least once a month, or more often on a daily or hourly basis. In lake monitoring, the key
factors that determine the exact number of monitoring sites and the frequency of sampling are:
¢ Ecological importance
e Economic importance
e Morphological characteristics
e Hydrological characteristics
® Residence time
e Retention time
e Pressures from Agricultural, Industrial, Urban and Natural Sources of Pollution
e Time and Spatial Variations of Quality Parameters,
e Water disposal from Biological Cleaning
e Technical and Financial Capabilities

According to the WFD 2000/60 (2000), there are three kinds of Monitoring (Directive, W.F.,
2003):
v The Surveillance Monitoring:
Parameters indicative of all the biological, hydromorphological and all general and specific
physico-chemical quality elements are required to be monitored. The objectives of surveillance
monitoring of surface waters are to provide information for: a) The efficient and effective design
of future monitoring programs; b) The assessment of long term changes in natural conditions; and
c) The assessment of long term changes resulting from widespread anthropogenic activity.
v The Operational Monitoring:
The objectives of operational monitoring are to: a) Establish the status of those bodies identified
as being at risk of failing to meet their environmental objectives; and b) Assess any changes in the
status of such bodies resulting from the programs of measures. Operational monitoring (or in some
cases investigative monitoring) will be used to establish or confirm the status of bodies thought to
be atrisk. Therefore, it is operational monitoring that will produce the environmental quality ratios
used for status classification for those water bodies included in operational monitoring.

v The Investigative Monitoring:
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It may also be required in cases: a) Where the reason for any exceedances’ (of Environmental
Objectives) is unknown; b) Where surveillance monitoring indicates that the objectives set for a
body of water are not likely to be achieved and operational monitoring has not already been
established, in order to ascertain the causes of a water body; or water bodies failing to achieve the
environmental objectives; or c) To ascertain the magnitude and impacts of accidental pollution.
Investigative monitoring might also include alarm or early warning monitoring, for example, for
the protection of drinking water intakes against accidental pollution.

Furthermore, many studies (Papastergiadou et al., 2007; Haidary et al., 2013; Karamoutsou
et al., 2016; Yu et al., 2016; Shi et al., 2017;) have noticed the impact of catchment changes in land
uses to water quality. In order to address this fact, the Water Framework Directive (WFD) assists
Management Plans at river basin level. The Greek National Water Monitoring Network, as defined
in JMD 140384/2011, involves fifty lakes. In total, fifty-three stations have been established, as it
is shown in Figure (3.1) (Katsiapi et al., 2012; Mavromati et al., 2018).

3.2 Automated Telemetric Monitoring

In order to record peak phenomena, monitoring should be conducted telemetrically on a
continuous basis, otherwise monthly data is not sufficient. In recent years, the importance of on -
line measurement of various real - time physicochemical parameters in lakes, rivers, groundwater,
coastal and marine waters, as well as in wastewater treatment plants has increased significantly.

For this reason, techniques have been developed to continuously monitor the parameters
of water quality and waste, which differs from conventional electrochemical methods. New types
of sensors have been developed, which essentially act as spectrophotometers, which a) have direct
contact with the sample, b) have short response times, c) perform a large number of
measurements, d) do not use chemical reagents and e) do not require sample preparation. In
addition to the basic parameters (Dissolved Oxygen, Temperature, pH, Conductivity, Salinity,) they
are also applied to Organic Load (BOD, COD or TOC) measurements of nutrient and toxicity
(Psilovikos, 2020).

In case of Lake Kastoria, four Telemetric Stations, assist the main monitoring station,
according to Directive 2000/60, Law 3199/2003 and JM 140384/2011, both spatially (more stations
in different locations) and temporally (continuous monitoring). These results are collected by the

Ministry of Environment & Energy of Greece.
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l Monitoring network for lakes in Greece |
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Figure 3.1: Monitoring network for lakes under operational monitoring (stars) or surveillance monitoring (triangles) in
Greece Reservoirs:(1)T.L.Ladona,(2)T.L.Pineiou,(4)T.L.Feneou,(5) T.L. Kremaston, (6)T.L. Kastrakiou,
(7)T.L.Stratou,(8)T.L. Tavropou, (15)T.L. Mornou, (16) T.L.Evinou, (17) T.L.PigonAoou, (18)T.L. Pournariou, (20)T.L.
Pournariou I, (21) T.L. Marathona, (25)T.L. Karlas, (26)T.L. Smokovou, (32)T.L. Sfikias, (33)T.L. Asomaton, (34)T.L.
Polyfytou, (44)T.L. Kerkini, (45)T.L. Leukogeion, (47)T.L. Platanovrysis, (48)T.L. Thisavrou, (49)T.L. Gratinis, (50)T.L. N.
Adrianis, (52)T.L. Bramianou, (53) T.L. Faneromenis Natural Lakes: (3)Stymfalia, (9)Lysimacheia, (10)Ozeros, (11)
Trichonida, (12)Amvrakia, (13)Voulkaria, (14)Saltini, (19)Pamvotida, (22)Dystos, (23)Yliki, (24)Paralimni,
(27)Vegoritida, (28)Petron, (29)Zazari, (30) Cheimaditida, (31)Kastorias, (35) MikriPrespa A, (36)Mikri Prespa B,
(37)Megali Prespa A, (38)Megali Prespa B, (39)Doirani 1, (40)Doirani 2, (41)Pikrolimni, (42)Koroneia, (43)Volvi,
(46)Ismarida, (51)Kourna (Mavromati et al., 2018)

By considering how much Machine Learning has expanded nowadays, it is clear that

monitoring systems, by providing systematic information, play a crucial role in lakes management.
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Monitoring in real time of the qualitative parameters contributes in Management Practices, the
most important of which are summarized below: (Heinonnen et al., 2004; Psilovikos, 2005;
Psilovikos, 2020):

Maintaining the ecological balance of the ecosystems and water resources of the region,
Controlling water quality for irrigation

Monitoring atmospheric conditions

Determining microclimate indicators

Warning in cases of crises caused by extreme events

A N N NN

Continuous knowledge of the state of the water bodies

3.3 Satellite Monitoring Using Remote Sensing

Monitoring of water quality is based on the concentrations of various water quality
parameters at certain stations, which are determined by sampling and analysis in the laboratory
or by direct telemetry. For efficient management of surface water, additional information is
needed on the spatial dispersion and time variations of these concentrations. Sensors location,
which enables remote measurement of a range of parameters, is in many cases the only technique
for observing and monitoring spatial variations in water quality. Monitoring with telemetric
systems, enables the measurement of a number of physicochemical parameters in the surface, but
it is not able to measure dissolved oxygen in the hypolimnion, toxic substances and acidity.
However, the parameters that could be identified such as Chlorophyll-aand Turbidity can play an
important role in monitoring the ecological status of a lake.

Water quality monitoring with remote sensing systems is based on the use of immersed
sensors operating in the visible electromagnetic spectrum at a wavelength of 380-760 nm.
Additionally, the temperature can be measured with an infrared sensor (3-30 um). Remote Sensing
is a very useful tool, to monitor hydrodynamic phenomena important to aquatic ecosystems and
to create thematic maps. For example, the use of Tw, Chl-a, Nutrients, DO monitoring data and
the maps obtained, can interpret water interactions; for example, water that outflows from karst
springs and thermal stratification in lakes, eutrophication indexes etc. A sensor consists of a
spectrometer that measures the radiation of water at various wavelength ratios. To allow
measurements to be made under various brightness conditions, the measurement is often

transformed into reflection (Psilovikos, 2020). Remote Sensing is often used in shallow and muddy
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wetlands, that it's not easy to install Telemetric Stations, for example the Mesologgi Lagoon

(Albanakis et al., 2004).

3.4 Monitoring in Lake Kastoria: The Study Area
3.4.1 General characteristics of the Study Area

The Study Area comprises the catchment area of Lake Kastoria (Figure 3.2) which is located
in the northeast part of Kastoria Prefecture. The area of Lake Kastoria is approximately 281 km?,
with an average water depth of 4,40 m and a maximum water depth of 9,10 m, while the total
volume of water is 110 x 10° m3. The minimum altitude of the catchment is 629,80 m, which is the
water level of the lake and the maximum altitude is 2.128,00 m, which is the top of Mt. Vernon.
Lake Kastoria is characterized as a Natura 2000 site (Council Directive 92/43 / EEC of 21 May 1992).
Regarding the flora and fauna of the wider area of Lake Kastoria, it has a rich birdlife, as more than
200 species of birds are found in the area. In addition, it is particularly rich in fish and is considered
the second richest lake in Greece's fish catches.

The catchment area of Lake Kastoria is delimited:

v" North from the Mountain Verno, with the highest top "Vitsi", which is also the highest point
of the lake catchment and from "Spyridaki", "Sikavitsa " and "AgiaParaskevi".

v' East from "Falakron", "Kronos", "Doukas", "Mavrovouni", "Stena Klisouras" and "Pyrgos".

v" South, from "Petrodes", "MikroVouno" and "Korisos".

v' West, from "Korifi", "AgiaTrias", "Kazani" and "Perceli"

v The basin of Lake Kastoria is subdivided into 11 sub-basins of which:

v" Nine (9) sub-basins refer to the main watercourses, which are the streams "Fountouklis",
"Aposkepou", "Vyssinias", "Agios Athanasios", "Toichiou", "Metamorphosis", "Fotini",
"Xiropotamos", "Istakos", "Kastoria-Dispilio"and "Ampelokipoi".

v" One concerns the sub-basin of the city of Kastoria, whose runoff enters the lake through
drainage pipes

v" One concerns the sub-basin of the Ambelokipi area, southwest of the Kastoria basin, whose
surface water outflows from Lake Kastoria to Gkiole stream which consists part of the
hydrographic network of Aliakmon River. Water from Lake Kastoria outflows artificially from a weir
in Gkiole stream and finally outflows to Aliakmon River. It is noted that the Gkiole’s channel
constitutes the only surface discharge of Lake Kastoria’s basin, as well as the connection between

Lake Kastoria and River Aliakmon. The presence of the weir in Gkiole’s channel area enables the
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optimization of the lake's hydrological functions, ensuring that the level of the lake will remain
under the higher level of 629,80 m, otherwise Kastoria town will be flooded. This is why the
geomorphological catchment of Lake Kastoria is different than the hydrological one. The latter
does not contain the sub-catchment of Gkiole because it is discharging as an outflow of Lake

Kastoria to River Aliakmon (Figure 3.3).
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Figure 3.2: The geographical location of Lake Kastoria
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The catchment area of Lake Kastoria:
a) Geomorphological point of view
b) Hydrological point of view
on a high resolution satellite image background (Source: Esri)
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Figure 3.3: The catchment area of Lake Kastoria: a) Geomorphological and b) Hydrological point of view on a high

resolution satellite image background(Psilovikos, 2020)
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3.4.1.1 The Geological - Geomorphologic Characteristics

The region of Kastoria has a great variety of geological formations. According to the
Geological Map of the Institute of Geological and Mining Research (IGME, 1983) (Figure 3.4), the
wider area of Lake Kastoria includes the following:

v’ Post-tectonic and late-tectonic sediments
v’ Prealpine series

v’ Pelagonian zone

v" Metamorphic rocks

v' Igneous rocks-intrusive

Regarding the geomorphologic features of Lake Kastoria’s Basin, the morphology of the
wider area is the result of its geological structure, its tectonic evolution and erosion. The products
of the erosion, such as suspended materials and sediments, are transported in lower regions.

The following Figures (Figure 3.5, Figure. 3.6, Figure 3.7 and Figure 3.8) show the:

a) Triangulated Irregular Network (TIN), which shows a pseudo-three dimensional mapping of the
catchment area (Figure 3.5)

b) Topographic Map, with the contour lines of the altitude (Figure 3.6). The contour lines have an
interval of 50 m.

c) Aspect Map, with the eight directions (N, NE, E, SE, S, SW, W, NW) (Figure 3.7) and

d) Slope Map, which is divided in five classes (Figure 3.8)

All the digital maps have been designed with the help of Geographic Information Systems (GIS).The
map backgrounds are based on:

a) the orthophotograph of Ktimatologio S.A. of the historical year (1945),

b) the various thematic maps of the Ministry of Agriculture, such as the Geological map of I.G.M.E.
of the year 1983, the Bioclimatic map of I.F.R. Athens of the year 1978 and the Vegetation map of
I.F.R. Athens of the year 1978,

c) the World Imagery base-map metadata by Esri, which presents low-resolution satellite imagery
for the world and high-resolution satellite and aerial imagery, typically within 3-5 years of currency,
for most of the world and

d) the «http://www.geodata.gov.gr», the open national list of geospatial data and services, which

enables the construction ofupdated Natura 2000 protected areas network map and the Land Uses

map (Corine Land Cover — year2000).
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e) the aspect map, the topographic map with 50 m intervals, the elevation map, the slope map,
are created by USGS DEM standard, which is a geospatial file format developed by the United
States Geological Survey for storing a raster-based digital elevation model.

Many of the backgrounds of the maps that are created are digital images, whichare
scanned by an analog map or an aerial photo. In order to digitally process the above scanned
images, with a resolution of 1200 dpi, real geographic coordinates of scanned images based on the
desired Geodetic Reference System, are given (Georeferenced). In our case, the Greek Geodetic
Reference System 1987 (GRS ’87), is selected, which has been the Geodetic Reference System used
in Greece, since the 1990s. The implementation of the Georeference, which is carried out using
ArcGIS software, requires the identification of Photostables and Control Points. The selected
number determines, the accuracy of the Georeference process. The detection of Photostables and
Control Points is a crucial point, due to the existing “noise”and the deformation the scanned
images. The selectedPhotostables and Control Points, are objects that show a strong difference
with the surrounding area, (Characteristic — Crucial Points) in which they are located, in terms of
their altitude and construction material (Geodetic points in the , and emerged from careful
examination and identification of distinct elements, such as the data of a) vegetation (individually
or groups of trees and shrubs), b) geomorphological characteristics (such as peaks or steep
outbreaks of the parent material, stream bed), and c) technical constructions (such as farmhouses,
crossroads). It is pointed out that in the case of Lake Kastoria, the detection of Photostables and
Control Points near the riparian zone of the lake isavoided, due to Spatial and Temporal
fluctuations of these zones, mainly due to the water level and flooding phenomena. Finally, the

Control Points of the scanned image are then used as a reference.
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Figure 3.7: The aspect map of the catchment area of Lake Kastoria
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3.4.1.2 Bioclimatic characteristics

The Bioclimatic map is based on the information of the geographical location of a region,
its terrain morphology and its meteorological data.lt is the key tool for the interpretation, analysis
and study of the climatic and bioclimatic conditions of an area.Although the microclimate in an
area varies and depends on more "sensitive" factors, such as air transport, the resulting bioclimatic
map clearly shows whether climate conditions create very humid or semi-humid climates.Based
on the studyof the Bioclimatic map of the Ministry of Agriculture in 1978 for LakeKastoria
catchment area (Figure 3.9), a section of the mountainous catchment area shows humid climatic

conditions, while the rest of the catchment shows semi-humid climatic conditions.

3.4.1.3 Vegetation characteristics

It is a fact that the natural environment in Greece impresses, not only with the naturalness
that characterizes it, but also with the diversity it encompasses. The wider area of Lake Kastoria is
undoubtedly of great ecological and aesthetic value, and it is no coincidence that it is characterized
as a place of exceptional natural beauty. The ecosystems that develop in the wider area of its
watershed are mountainous.

Based on the study of the Vegetation map of the Ministry of Agriculture (1978) for
LakeKastoria’s catchment area (Figure 3.10), three (3) vegetation categories are presented:

v Thermophilous sub-continental deciduous of Quercus spp.
v' Mediterranean formations of Fagus sp., Abiesborisii-regis and
v' Mediterranean formations of Pinus Sylvestris, Picea Abies

The above-mentioned bioclimatic conditions are reflected in the present vegetation

situation, taking into account the anthropogenic pressures that have operated from the past to

the present.
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Figure 3.9: Bioclimatic map of the catchment area of Lake Kastoria
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3.4.1.4 Areas of the Natura 2000 network

The ecological importance of the lake’s basin is enormous, due to itsbiodiversity. The lake
also functions as a resting and feeding station for migratory birds. Moreover, it is a shield to protect
soil from climate change and desertification. Lake Kastoria is characterized as a Natura 2000 site
(Figure 3.11) (Council Directive 92/43 / EEC of 21 May 1992) on the conservation of natural habitats
and of wild fauna and flora. The Natura 2000 network also includes Special Protection Areas

designated under Directive 79/409 on the Conservation of Wild Birds.

3.4.2 Monitoring in Lake Kastoria

Despite the fact that since 1995 there is a biological treatmentplant for domestic waste,
considerable amounts of point and non-point pollutants are deposited in the lake. These pollutants
include fertilizers, pesticides, organic substances, nutrients and toxic substances. The increased
nutrients and toxic substances that occur in the lake led to eutrophication, less water
transparency, less dissolved oxygen and adverse conditions for aquatic organisms, especially
fishes.

According to Naselli-Flores(2008), urban lakes, such as lake Kastoria, tend to receive high
nutrient loads and show higher trophic status than non-urban ones. There is no doubt that highly
eutrophic lakes are primarily affected by waste water inputs and intensive agriculture activities
(Skoulikidis et al., 1998).

Since October 2002, a significant effort has been made by the Municipality of Kastoria with
systematic measurements - sampling - at certain points of the lake, in order to record the following
water quality parameters:

1. Temperature (T, °C),

2. Dissolved oxygen (DO, mg/L),

3. Ammonia nitrogen (N-NH4, mg/L);

4. Nitrate nitrogen (N - NOs3, mg/L); and
5. Phosphate phosphorus (P-PO4, mg/L).

Additionally, the conductivity (ECw - uS/cm), BOD (mg/L), COD (mg/L), nitrite nitrogen (N -
NO3, mg/L), total phosphorus (P, mg/L), pH, transparency (SecchiDisk Transparency -m) and Redox
were also measured (Matzafleri et al., 2007).

These measurements took place once a month in order to:

51

Institutional Repository - Library & Information Centre - University of Thessaly
20/06/2026 18:21:35 EEST - 216.73.217.151


https://link.springer.com/article/10.1007/s40710-018-0315-6#CR25
https://link.springer.com/article/10.1007/s40710-018-0315-6#CR34

v’ Create reliable monthly data time series,
v’ Control specific water parameters and
v’ Assess the quality status of Lake Kastoria.

The aforementioned attempts (on a monthly basis) are not organized at the same date and
at the same time per month, so the comparison of the qualitative parameters of the water is not
possible.

It should be mentioned here that the time step of each measurement is very important.
For example, in a shallow, eutrophic lake as Lake Kastoria, the variance of dissolved oxygen is very
wide during the day. Thus, large concentrations of dissolved oxygen are observed in the morning
and afternoon hours due to photosynthetic algae productivity (cyanide, chlorophyll) and very low
values are observed overnight because of its consumption by the microorganisms for the
degradation of non-preservatives (Matzafleri et al., 2009).

Moreover, even if the measurements are taken at a specific time (once a month), they are
inadequate, because "peak" data are "lost" due to any kind of pollution that might occur, just a
few times after the pollution incidence. Till the next one measurement, the influence of the peak
pollution incidence could not be recorded anymore. Therefore, a continuous and an organized
monitoring throughout 24-hour period, is required. This is only possible with the automated
monitoring - "Monitoring".

The advantages of such a system include:

e Installation in any position within the lake and possibility of moving to another.

e Transmitting of measurements anywhere via the Internet at predetermined intervals.

e Providing on-line information on the environmental status of the lake

e Ability to implement spatial simulation models - dynamic 2D maps - through a GIS system.

e Ability to act as a Decision Support System (DSS) taking immediate decisions and measures if
environmental risks are threatened for exampleincidence of human pollution from domestic

and agriculture activities.

Ability to apply Artificial Neural Network, in order to build the appropriate models, make
predictions and avoid extreme episodes
e Sustainable management of the aquatic ecosystem (Lake Kastoria — Natura Area) through the

implementation of management plans which is the final goal.
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As we mentioned, last monitoring (2002 - 2013) took place on a monthly basis, with 5
Stations and two Depths (surface and bed) per station. Since 2015, Lake Kastoriaismonitored
telemetrically on a continuous daily basis, by 4 Stations at one location on its surface. This
telemetric network was firstly proposed and documented by Psilovikos (2012).The telemetric
stations record on a daily basis (Psilovikos, 2012; Karamoutsou and Psilovikos, 2019):

1. Chlorophyll a (Chl-a - pg/L),

- PH,

. Water temperature (Tw - ° C),

. Conductivity (Cond - uS/cm),

. Turbidity (Turb - NTU),

. Dissolved Oxygen (DO - mg/L),

. Ammonia nitrogen (N-NH4, mg/L);

. Nitrate nitrogen (N - NOs, mg/L); and

O 00 N o U b W N

. Water level (m)

The determination of optimum locations of the telemetric stations in Lake Kastoria Lake,
was conducted by Western Macedonia Development “AN.KO” and the University of Thessaly,
under the supervision of Professor ArisPsilovikos (2012).The positions of current telemetric
stations are shown in Figure (3.12).1t is worth to notice that the delineation of the coastline and
its performance was based on the use of high resolution satellite images (ESRI). Moreover, it is
noted that its performance indicates the separation of the water body of Lake Kastoria from the
terrestrial environment at the given time. Its orientation varies spatially and seasonally on the
basis of hydrological characteristics and aquatic vegetation.

The criteria of the choice of the monitoring stations, in the present positions were: a) the
environmental pressures occurred from the land uses of the catchment area b) the
hydromorphological characteristics of the lake, c) the presence of corrosion, transport and
deposition phenomena d) the inflows and outflows and f) issues related to the accessibility and

the costs of stations’ installation and maintenance.
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Figure 3.12: The position of telemetric stations in Lake Kastoria (Karamoutsou and Psilovikos, 2019)
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CHAPTER 4: LITERATURE REVIEW

“Become acquainted with ...
the minds of many people”
Omiros (8t century, BC)

The present chapter refers to: a) the recording and evaluation of the existing researches
and studies with respect to the monitoring and the sustainable management of Lake Kastoria (case
study) b) the recording of the existing policy background that has been implemented in Greece for
water resources management, water quality conservation and restoration, and the protection of
aquatic ecosystems and c) the recording implementation of Machine Learning in order to evaluate

the water quality of agquatic systems.

4.1 Studies with respect to the Sustainable Management of Lake Kastoria

During the last 50 years, many studies and research projects have been carried out for Lake
Kastoria focusing on its:

a) Ecological status (biological parameters - ecological quality) (Gerasimou et al., 1970; Kousouris
et al., 1991; Gkelis et al., 2005; Moustaka-Gouni et al., 2006a; Moustaka-Gouni et al., 2006b;
Matzafleri et al., 2009; Psilovikos, 2020),

b) Surface and Groundwater balance (Kousouris et al., 1991; Psilovikos and Zarkadas, 2006),

d) Sediment deposition (Panagos et al., 1989),

e) Spatial simulation of the pollutants and water quality (Psilovikos et al., 2006; Matzafleri et al.,
2009; Psilovikos, 2020),

f) Modelling (Hrissanthou et al., 2003; Psilovikos and Zarkadas, 2006; Matzafleri et al., 2009); and
g) Legislation (Psilovikos, 2008; Mavromati et al., 2017; Mavromati et al., 2018).

The study of Gerasimou et al. (1970) is an important work not only from a historical but
also from a research point of view, since it records the problems of the lake that appear more than
fifty years ago but still remain the same. It refers to the occurrence of hydrogen sulphide and
methane, gases which occur in conditions of lack of dissolved oxygen due to the reductive -
anaerobic activity of specific bacteria in areas close to the bed. It also refers to the existence of
phytoplankton and classifies Lake Kastoria as a eutrophic lake. It works as an inspiration for
ecological awareness not only for local authorities but also for the inhabitantsas the protection of
the ecosystem is a duty of all. Comparing this study with current data, it has been observed that

eutrophication phenomena remain the same. These phenomena seasonally show peaks due to the
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pollution of the lake with nutrient loads. It is remarkable that the fact that the lake has been in a
steady state for fifty years is a proof that the buffering capacity of the lake kept it alive, denying
pessimistic predictions and fears that the lake is heading to disaster. However, apart from natural
processes, human interventions are crucial in order to contribute to its sustainable management.

Twenty years later, Kousouris et al. (1991), address the problem of eutrophication of Lake
Kastoria with all its negative consequences on the quality of water. According to their calculations
and field analyses of the main surface runoff, the annual load of total phosphorus entering the
lake was estimated about 15000kg. There is a large discrepancy between the natural loads of total
phosphorus (26 pg/L) and the total actual natural and anthropogenic loads (63 pg/L). Satellite
images show that in the wetland of Lake Kastoria there is a 1,3 km? area covered by reeds
(Phragmitesaustralis) and water chestnut (Trapanatans). From the authors' research, it has been
found that each gram of reed dry weight contains 2 mg of phosphorus, while there are 800 g of
reed dry weight per m2. It is therefore proposed the periodic cutting 0,8 km? of reeds per year, out
of a total of 1,3 km?, so that aquatic vegetation management will not impair the biological balance
of the lake. With this type of management, 8,5% of total phosphorus it is expected to be
removedfrom the lake on a yearly basis.

Moreover, Professor Moustaka — Gouni's scientific team characterizes Lake Kastoria as a
eutrophic - hypertrophic lake with seasonal peaks of phytoplankton and cyanobacteria. Their work
is summarized as follows:

A) The microbiology of Lake Kastoria and the recording of three colonies of the cyanobacterium
Limnothrix redekei (Gkelis et al., 2005) and Raphidiopsis mediterranea (Moustaka et al., 2009)

B) The seasonal dynamics of different phytoplankton colonies in the hypertrophic lake which
shows seasonal peaks of toxic cyanobacteria (Moustaka-Gouni et al., 2006a) and

C) The composition of phytoplankton colonies in Lake Kastoria on a yearly basis. (Moustaka-Gouni
et al., 2006b)

Awater balance model is used in order to estimate runoff, from the catchment to the water
body of Lake Kastoria, by Psilovikos and Zarkadas (2006). The model requires data series of rainfall
and potential evapotranspiration on a monthly basis. Rainfall has been estimated using the rainfall
gradient method from a number of stations at different altitudes. With the help of GIS, the rainfall
dataset is extracted to the weighted average elevation of the basin. The monthly potential
evapotranspiration was calculated by the empirical methods of Turc, Thornthwaite and Blaney-

Griddle. By introducing the values of these three methods into the hydrological model, it is
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observed that the monthly runoff obtained when using Thornthwaite and Mather (1955) method
fits better the data than the Turc and Blaney-Griddle methods which underestimate the values of
total runoff. The model is calibratedbased on the coefficient k, and a sensitivity analysis took place,
for various valuesfrom 0,18 to 0,541. The different values of the coefficient k result from the
estimations of the geological map of Greece on a scale of 1:500.000 (IGME, 1985).

A sedimentary research of the bed of Lake Kastoria, was conducted by Panagos et al.,
(1989) resulting in the creation of a map illustrating the fine and coarse sediment zones. According
to IGME (2011), it was found that a much smaller part of the lake bed was occupied by fine
sediments compared to 2011, which is verified from the testimonies of the inhabitants who swam
thirty years ago in areas that are now covered by silt and clay. Almost all of the lake has been
covered with fine material. The fact that these fine materials are deposited on pre-existing coarse
depositions is because of the existence of low kinetic activities, that enables only the fine material
movement.

With the help of Geographical Information Systems (GIS), two deterministic spatial
simulation algorithms of the water quality parameters of Kastoria Lake were applied (Psilovikos et
al., 2006; Matzafleri et al., 2009; Psilovikos, 2020): a) "Splines - RBF" and b) "IDW - Inverse Distance
Weighting" methods. Water samples of lake’s surfacewere taken on a monthly basis from three or
five sampling points. Comparing the aforementioned deterministic methods, it could be concluded
that a) “Splines — RBF” method cannot create closed curves by using 3 points, while b) the “IDW -
Inverse Distance Weighting” method gives better results with “Bulleyes” closed curves around the
station.

The importance of an automated monitoring that could take measurements on a 24-hour
basis and could provide a powerful tool on stakeholders’ hands is underlined by Psilovikos (2008
and 2020). In the case of Lake Kastoria, this tool has the following advantages:

v’ Continuous monitoring of the quantitative and qualitative parameters of water

v’ Direct identification of sources of pollution

v’ Sustainable conservation of the aquatic ecosystem (Lake Kastoria - Natura)

v’ Prevention of environmental and hydrological hazards (floods, pollution)

v’ Creating reliable time series data, to support the implementation of simulation and
optimization models, for various management plans

Matzafleri et al., (2009) conducted an important work focusing on:
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v Monitoring: Lake Kastoria is monitored on a monthly basis, from October 2002 to July 2006, at
5 sampling positions. A variety of parameters are monitored, namely Water Temperature (Tw),
Dissolved Oxygen (DO), Biochemical Oxygen Demand (BOD), Chemical Oxygen Demand (COD),
pH, Electrical Conductivity of Water (ECw), Redox Potential (REDOX), AmmoniaNitrogen (NHa-
N), Nitrite Nitrogen(NO2-N), NitrateNitrogen(NOs-N) and Orthophosphates (SRP — POs-P). This
work, focuses onthe assessment of the following parameters: Tw, DO, NH4-N, NO2-N and NOs-
N from October 2005 to July 2006.

v' Modeling, by using the above spatial interpolation and geographical distribution algorithms of
the aforementioned quality parameters for four periods-seasons: February 2005 & 2006, July
2005 & 2006 and their comparison.

v' Pollution assessment and proposals — management practices — to reduce pollution and
determine more appropriated monitoring positions.

What results from the analysis of the measurements is that Lake Kastoria shows signs of a
gradual improvement in water quality. This leads to the conclusion that the buffering capacity of
the systemstill operates. However, it also requires a systematic measurement of data at regular
intervals, with integrated Real-Time Monitoring Systems to prevent natural and anthropogenic
hazards and disasters. In addition, the preparation of these time series will help in the integrated
and sustainable management of the lake and its catchment area.

Hrissanthou et al. (2003), simulate the natural processes of the Kastoria Lake Basin with
the help of numerical models. The resulting complex numerical model requires data derived both
from time series recordings from the existing meteorological stations and from in-situ
measurements. For the erosion model, the Schmidt model is used. This sub-model of erosion is
combined with a simplified rainfall-runoff model and a sub-model of sediment transport in the
hydrographic network. In this way, a complex mathematical model is applied, which calculates
both the total volume of water and the sediment transport and deposition — as a percentage of
total erosion — at the sub-catchments. All of the above are introduced on a digital mapping
background with the help of GIS. Finally, a separate numerical simulation model for groundwater
flows, namely MODFLOW, is used to calculate the volume of water transferred from the lake to
the aquifer.

Based on the national monitoring network of waters in Greece, in the context of Water
Framework Directive 2000/60/EU, the goals of Mavromati et al., (2017; 2018) studies are i) to cite

the main features of Greek lakes; ii) to classify them according to hydromorphological and
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physicochemical data from the first period of monitoring and iii) to investigate how the
hydromorphological features influence water quality, iv) to present the pressures resulting from
land cover and population density at river basin level and v) to link catchment area features with
physicochemical results from the first period of WFD monitoring. The influence of catchment
area’s size and lake morphological parameters to eutrophication and to water quality in general,
is indicated by the strong relationship between Schindler’s ratio and Mean Depth with TP.
Moreover, land cover and population density of the catchments play an important role in the
physicochemical features of lakes in Greece, as boxplots revealed a pattern of high population

densities and intensive agriculture related to high TP values.

4.2 Policy background

Joint Ministerial Decision 46399/1352/86 (Government Gazzete 438/B/03.07.1986)
adopted national standards for water quality appropriate for drinking, swimming, living conditions
of fish in freshwaters, sampling methods and frequency and analysis of the surface waters keeping
the orders of the EC legislations 75/440/EC, 76/160/EC, 78/659/ EC, 79/923/EC and 79/869/EC,
1986 (OECD, 2000).

Directive 98/83/EC of 3 November 1998 concerns the quality of water intended for human
consumption. The objective of this Directive shall be to protect human health from the adverse
effects of any contamination of water intended for human consumption by ensuring that it is
wholesome and clean. Moreover, Joint Ministerial Decision No. Y2/2600/2001 is an adaptation of
Greek legislation to Council Directive 98/83/EC. According to this, drinking water is the water used
for human consumption, either in its natural state or after being treated, whether it is supplied by
a distribution network or packaged in bottles or containers. The main objective of this decision
was to protect human health from the effects of pollution and contamination of water intended
for human consumption ensuring that it is under the norms of the present legislation.

Water Framework Directive (WFD) 2000/60/EC (Directive 2000/60/EC of the European
Parliament and of the Council of 23 October 2000 establishing a framework for Community action
in the field of water policy) establishes the framework for the biological, quantitative and
gualitative status of water resources in the countries of the European Union. The above directive
addresses the serious problems that have arisen at European level due to the deterioration of
water quality and the increased demand for good quality water. The Directive is an innovative

legislative framework, aimed at the integrated management and protection of surface, ground,
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transitional and coastal waters whose quality is determined by biological, chemical, morphological

and hydrological criteria (http://wfdver.ypeka.gr/).

The Directive combinesquality, ecological and quantitative targets for the protection of
aquatic ecosystems and the good status of all water resources and sets the concept of integrated
management at the geographic scale ofRiver Basins. In addition, it redefines the concept of the
River Basin, which includes the inland surface (rivers, lakes), groundwater, transitional (delta,
estuary) and coastal ecosystems.

The new water policy is innovating in four areas (http://wfdver.ypeka.gr/):

v It aims at integrated water management, in order to achieve sustainability

4 It takes, as a basis, the integrated water management of the “hydrological basins”

v It recognizes the human needs and the importance of water, in the functions of ecosystems
4 It provides for public participation in planning, decision making and monitoring of the

implementation of the water policy

The Water Framework Directive 2000/60/EC (WFD) is widely accepted as the most
substantial and ambitious piece of European environmental legislation to date. It has been
referred to as a once in a generation opportunity to restore Europe's waters and a potential
template for future environmental regulations. However, seventeen years since it was adopted
(Vourvoulis et al., 2017) and with many problems and delays in its implementation, the WFD has
not delivered yet its main objectives of non-deterioration of water status and the achievement of
good status for all EU waters.

The harmonization of Greek legislation with the Community Framework Directive 2000/60
JEC was carried out byLaw 3199/2003 (Government Gazette 280/A/09.12.2003) and the
Presidential Decree 51/2007 (Government Gazzete 54/A/08.03.2007). The requirements of the
above national legislation incorporate the basic concepts of the Water Resources
Directive.Moreover, the new administrative structure is established, as well as the responsibilities
of the individual parties at both national and regional level.The main priority of the Special
Secretariat for Water is to draw up the River Basin Management Plans of the country’s 14 River

BasinDistricts in accordance with community and national legislation (http://wfdver.ypeka.gr/).

Greece has fully transposed the Directive into its national legislation by Law 3199/2003
“Water Protection and Management — Harmonization with Directive 2000/60 / EC of the European
Parliament and of the Council of 23 October 2000” and the Presidential Decree 51/2007. By virtue

of the provisions ofLaw 3199/2003, individual Decisions have been issued, such as theloint
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Ministerial Decision 140384 / 19.8.2011 (Government Gazette B’ 2017)“Definition of National
Network for the Quality and Water Quality Monitoring by Determination of Measurement
Positions and the bodies that are obliged to operate pursuant to article 4, paragraph 4 of Law
3199/2003"”, theDecision 706 /16.07.2010(Government Gazette B’ 1383/2010)of the National
Water Committee“Determination of River Basin country and the definition of the relevant Regions
for the management and protection”, pursuant to article 3 of the Presidential Decree 51/2007,
following theapproval of River Basin Management Plansof the 14 River Basin Districts of the

country for the 15'Cycle of Management (2009-2015), and others (http://wfdver.ypeka.gr/).

Directive 2006/118/EC of the European Parliament and of the Council of 12 December 2006
on the protection of groundwater against pollution and deterioration concerns the protection of
groundwater against pollution and degradation. Its aim is to adopt appropriate measures to
prevent groundwater pollution and the deterioration of their status, thus ensuring the protection
of public health and the environment. The groundwater Directive 2006/118/EU establishes
measures in order to prevent and control pollution. The measures include: a) criteria for the
assessment of good groundwater chemical status; and b) criteria for the identification and reversal
of significant and sustained upward trends and for the definition of starting points for trend
reversals. This Directive also complements the provisions preventing or limiting inputs of
pollutants into groundwater already contained in Directive 2000/60/EC, and aims to prevent the

deterioration of the status of all bodies of groundwater(https://eur-lex.europa.eu/).

According to Joint Ministerial Decision No 39626/2208/2009 (Government Gazzete B’
2075/25.09.2009), the measures for the protection of groundwater against pollution and
deterioration in accordance with the provisions of Directive 2006/118/EC and the provisions
relating to the prevention and restriction of groundwater pollution by the Law 3199/2003 and
Presidential Decree 51/2007are determined.

Moreover, the goal of Ministerial Decision 51354/2641/E103/2010 (Government Gazzete
1909/B/ 08.12.2010). is to set environmental quality standards for the concentrations of certain
pollutants in surface water in accordance with the requirements of Directive 2006/105/EC of the
European Parliament and of the Council of 16™"December 2018, on environmental quality
standards in the field of environmental policy, on the abolition of Council Directives 82/176/EEC,
83/513/EEC, 84/156/EEC, 84/491/EEC and 86/280/EEC and the amendment of Directive 2000/60/
EC of the European Parliament and of the Council, as well as on concentrations of pollutants in

surface water.
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4.3 Machine Learning in Water QualityManagement

In such a developing world, as water is extensively polluted, many models have been
applied to predict water quality parameters in order to protect aquatic ecosystems. The concern
of scientists, in the applications of Artificial Neural Networks (ANN) in Hydrology and Water
Resources Management, has been increasing in recent years. The application of Artificial Neural
Networks (Traditional or Deep) has been introduced in the field of hydrological studies and water
balance parameters, linear and non-linear, such as precipitation, evaporation, runoff and various
water quality parameters and it has been concluded that the results produced are quite
satisfactory in that concerns the field of forecasting (Diamantopoulou et al.,, 2005;
Emamgholizadeh et al., 2014; Alizadeh et al., 2015; Antonopoulos et al., 2016; Sentas et al., 2016;
Sentas et al., 2018; Karamoutsou and Psilovikos, 2019; Lu et al., 2019; Zhai et al., 2019; Chenand
Wang, 2020; Mellios et. al., 2020)

French and el. (1994) were first applied a Feed-Forward ANN to make predictions of
abundance of species of phytoplankton in Saidenbach Reservoir in Germany. Karul et al. (2000)
used a three-layer Levenberg—Marquardt Feed Forward learning algorithm to model the
eutrophication process in three water bodies of Turkey (Keban Dam Reservoir, Mogan and Eymir
Lakes). Also, Cho et al. (2014) usea Feed Forward Neural Network with the help of Levenberg —
Marquardt method in order to predict chlorophyll-a (Chl-a) levels at Lake Juam, with satisfactory
results.

Lek and Guean (1999) introduced two kinds of ANNs (Back Propagation and Kohonen Self-
Organizing Network) in ecology. Yabunaka et al. (1997) also applied a Back Propagation Artificial
Neural Network model, to predict algal bloom by simulating the future growth of five
phytoplankton species and the Chlorophyll-a (Chl-a) concentrations. Also, a Feed-Forward Back-
Propagation Artificial Neural Network model, including one hidden layer, was built by Lu et al.
(2019) to predict the Total Phosphorus (TP) concentration in the Lake Champlain, by using the
following input variables for TP prediction:

a) Dissolved Inorganic Phosphorus (DIP), b) Secchi Depth (SD), c) Total Nitrogen (TN), d) Dissolved
Oxygen (DO), e) Water Temperature (Tw) and f) Total Phosphorus inflow rate (TP inflow). Kuo et
al. (2007), used four Back Propagation Neural Networks, in order to relate the key factors that
influence Dissolved Oxygen (DO), Total Phosphorus (TP), Chlorophyll-a (Chl-a), and Secchi Disk

Depth (SD) in a reservoir in central Taiwan. Zhai et al. (2019) predict the pH values in order to
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evaluate the water quality by using three types of Artificial Neural Networks namely a) Back
Propagation, b) Radial Basis Function, c) Generalized Regression in the Taihu Lake in China.

As it has already mentioned, Neural Networks are popular tools for modeling highly
complicated relationships, processes, and phenomena. Few studies (Khuan et al., 2002; Juahir et
al.,, 2004; Gazzaz et al., 2012; Kadam el al., 2019) have been conducted in order to develop
predictive models of the Water Quality Index for rivers by using more complex Neural
Networks.Gazzaz et al. (2012), design a Feed-Forward, three-layer Perceptron Neural Network
model for computing the Water Quality Index (WQI) for Kinta River in (Malaysia), while Kadam et
al. (2019), use a three-layer Back Propagation algorithm, to predict WQI by using Levenberg—
Marquardt method.

Nowadays, Deep Neural Networks have dramatically improved the state-of-the-art in many
scientific fields such as environmental studies, as they are able to map the Non — Linear
relationships among variables, which are characteristic of ecosystems (Lek et al., 1996). That is the
reason why Neural Network techniques have been applied in many case studies to predict
Dissolved Oxygen (Rankovic et al., 2010; Akkoyunlu et al., 2011; Ay and Kisi, 2012; Han et al., 2012;
Wen et al., 2013; Supian et al., 2018), Turbidity (Fan et al., 2016; Khairi et al., 2016; Cao et al.,
2019) and Chl-a (Muttil and Chau, 2006; Kuo et al., 2007; Cho et al., 2014;) in rivers and lakes.

Zhang et al. (2019), applied a multi-layer Neural Network to approach complex regression
functions and predict trends in Dissolved Oxygen. The aforementioned model gave accurate and
better results for predicting the trend of DO, than the typical ANN model, Support Vector
Regression (SVR) and Linear Regression Model (LRM).

Also, Ay and Kisi (2012), in order to estimate also DO concentration in two stations,
examine the accuracy of two different Artificial Neural Network (ANN) techniques:

a) the Multi-Layer Perceptron (MLP), consisted of 4 variables as inputs, 1 hidden layer of 3 neurons
and DO as an output layer and

b) the Radial Basis Neural Network (RBNN), consisted of two layers whose output nodes form a
linear combination of the basic functions. The input variables used for the ANN models are pH, Tw,
ECw, and Discharge (around 2.000 measurements for the first investigated station and around
5.000 for the second one). Comparative results, indicate that the RBNN model performs better
than the other investigated models.

Moreover, Kuo et al. (2007), give useful information for an effective water quality

management by predicting concentrations of water quality and eutrophication problems in the Te-
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Chi Reservoir in Tawain, by developing four Back Propagation Neural Network models (DO / TP /
Chl-a / SD model). The correlation coefficients between predicted values and measured data are
well above 0,7 for these four models. The ANN models established by this research, perform well
to address the water quality and eutrophication problems of the Te-Chi Reservoir.

Gazzaz et al. (2012), design a Feed-Forward, three-layer Perceptron Neural Network model
for computing the water quality index (WQl) for Kinta River in (Malaysia). The best WQI predictions
are associated with the Quick Propagation (QP) training algorithm resulted in a very high positive
correlation (r = 0,977, p < 0,01) with the measured WQI values.

Cho et al. (2014), predict Chlorophyll-a (Chl-a) levels at Lake Juam, using a Feed Forward
Network, with the help of Levenberg — Marquardt Method/ Algorithm. For this reason, water
guality monitoring data, weather data and hydrologic data are used. Pearson’s Correlation Analysis
is used, to find the input data that has the best correlation with the value of Chl-a. During the
training test, the input data is sequentially excluded one by one, according to the descending order
of its correlation. Regarding to Pearson’s correlation TOC, pH and atmospheric and water
temperatures are the most important parameters of Chl-a prediction. The statistic variances for
evaluating the applicability of the ANN, were the coefficient of determination, R?, Root Mean
Square Error (RMSE) and Nash—Sutcliffe Efficiency Coefficient. The ANN trained with the time
series data successfully, predicted the Chl-a concentration and provided information regarding the
principal factors affecting algal bloom at Lake Juam.

According to the literature, Muhammad et al. (2015), use rare and less used Machine
Learning Classifiers in order to classify the water quality class of River Kinta in Malaysia. More
specific, in this paper a dataset of Kinta River is used to find the best classification model in
determining the quality class of the water. The classifiers tested area) Bayes model/Naive Bayes
algorithm, b) Rules Model/Conjunctive Rule Algorithm, c) Trees Model/J48 algorithms, d) Lazy
Model/Kstar Algorithms and e) Meta Model/Bagging Algorithms. The experimental phase
concludes that, the Lazy model using KStar algorithm has the most outstanding accuracy of
86,67%, which is the best algorithm that can be used for this classification problem, while Meta
model using Bagging algorithms, has the worst accuracy (71,85%).

Vijayashanthar et al. (2018), give useful information on the building of a model by focusing
on the hyperparameters of the ANN model, in order to forecast the Fecal Indicator Bacteria (FIB)
concentrations of the Chicago River. Concerning the optimizers, a) the RootMeanSquare

propagation (RMSprop) b) the Stochastic Gradient Descent (SGD) and c) Adaptive moment
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estimation (Adam) are tested. Concerning the activation functions a) ELU, b) RelLU, and c) Tanh
function are tested. The investigated range of the number of neurons is between 5 and 60, while
the batch size among 8, 16, 32, 64, and 128. In order to select the optimum input variables (around
2.000 samples) from the proposed 10 (Water Temperature; Turbidity; Daily, 2-day, and 7-day
Cumulative Rainfall; River Flow Discharge; Distance from the upstream water reclamation plant;
and Number of upstream combined sewer outfalls), the Coefficient of Determination, R%value, is
chosen as the performance metric to indicate the Relative Goodness of fit of the Neural Network.
Finally, eight input variables were eventually selected from the ten proposed ones. Concerning the
optimal hyper-parameters, the RootMeanSquare propagation (RMSprop) Optimizer performs
better than the rest optimizers in this study. Moreover, the number of neurons is set to 30; the
batch size is set to 3, while ReLU is used as activation function.

Besides Neural Networks, there are other type models in Machine Learning to predict
water quality. Rosly et al. (2006), proposed a multi classifier model to improve accuracy of water
quality among different classifiers such as Naive Bayes (NB), Decision Tree (J48), Sequential
Minimal Optimization (SMO), Multi-Layer Perception (MLP), and Instance Based for K-Nearest
neighbor (IBK) on water quality for datasets of Kinta River, Perak, Malaysia. Borsuk et al. (2004),
proposed a Bayesian network as a promising method for performing integrated ecological
modelling. Tan et al. (2012) proposed Least Squares Support Vector Machine in order to predict
water quality time series data. Singh et al. (2011) applied both Support Vector Classification (SVC)
and Support Vector Regression (SVR) models to the surface water quality data to optimize the
monitoring program by predicting BOD values.

Zhang et al. (2019), approach complex regression functions and predict trends in Dissolved
Oxygen. For that reason, a) a Multi-Layer Neural Network b) a typical ANN model c) a Support
Vector Regression Model (SVM) and d) a Linear Regression Model (LRM) are built. In order to avoid
capturing only linear dependencies (for example by using Pearson Correlation (Cho et al., 2014)),
Mutual information (MI) for predicting the trend of Dissolved Oxygen is used. Ml takes into
account the Non — Linear relationships between the variables. The paper results that the Multi —
Layer Neural Network, gives more accurate results for predicting the trend of DO, than the rest

investigated models.
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Figure 4.1: The percentage of documents found in Scopus related to “Neural Networks” or “Machine Learning” and

“Water Quality” or “Eutrophication” for different subjects’ areas

An increasing trend in the number of the articles studying Machine Learning to predict
Water Quality parameters in aquatic systems is observed, during the last fifteen years (Figure 4.2).
Especially in the field of our interest, Environmental Subject Area, the percentage of documents
found in Scopus reaches almost the percentage of 30% (Figure 4.1).

Concerning the models used in order to predict Water Quality parameters, ANNs show the
most impressive rise, from 1995 until 2019, as their use has increased dramatically (Figure 4.3).
The other investigated Machine Learning Models namely Bayesian, Ensemble and Support Vector
Machines, show also an increasing trend but significantly smaller than those of ANNs. More
specific, Support Vector Machines are used more than Ensemble models, while Bayesian models
are used less in order to predict water quality parameters, worldwide. However, ANNs have been

used almost twice compared with the aforementioned models.
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Figure 4.2: Evolution of documents found in Scopus related to “Neural Networks” or “Machine Learning” and “Water
Quality” or “Eutrophication” a) for all subject areas (blue line) and b) Environmental Sciences subject area (green
line).

Finally, DNN, an upgraded and more complex version of ANN, shows an upward trend
mainly from 2010 onwards.The remarkable rise,from 2017 and on,occurs mainly due to the
appearance of new platforms and tools (such as Tensorflow, Nvidia’s GPU) that facilitate their use
in terms of accuracy and speed.

According to the knowledge of the author and the existing studies, the importance of this
PhD thesis also lies within the fact that there is no other published work using the same
structure, platforms and methodology of Deep Learning, as described in Chapter 6, in order to

predict water quality parameters of lakes in real time.
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Figure 4.3: Evolution of documents found in Scopus related to a) “Artificial Neural Networks” and “Water Quality” or
“Eutrophication” (yellow line) b) “Support Vector Machine” and “Water Quality” or “Eutrophication” (green line) c)
“Ensemble Learning” and “Water Quality” or “Eutrophication” (black line) d) “Deep learning” and “Water Quality” or
“Eutrophication” (red line) e) “Bayesian models” and “Water Quality” or “Eutrophication” (blue line) for

Environmental Sciences subject area
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CHAPTER 5: GEOGRAPHIC INFORMATION SYSTEMS AND ECOLOGICAL QUALITY
SIMULATION AND ASSESSMENT

“Nothing endures but change”
Heraclitus, (535 — 475 BC)

5.1 Land use changeof Lake Kastoria

Each lake is the recipient of substances due to human activities or natural processes. The
main components of these substances are organic loads, phosphorus compounds, nitrogen
compounds, various toxic compounds and trace metals. Also, sediment transfer and deposition,
that affects both biotic (organisms) and abiotic (geomorphology, hydrology) characteristics, is of
paramount importance.Lake Kastoria is a shallow polymictic lake, which means that it is too
shallow to developthermal stratification. It has high water temperatures during summer (natural
processes) and it is an urban lake with intense agricultural activities in its catchment area
(anthropogenic processes) loading both point and nonpoint source pollutants. The presence of
high concentrations of nutrients, such as nitrogen and phosphorus salts, indicates the intense both

natural processes and agricultural activity in the catchment’s area.

Table 5.1: Land uses (1% Level) of the catchment area of Lake Kastoria using Corine Land Cover (2000)

Land Uses of the cathment area of Lake Kastoria using Corine Land Cover (2000)

A/A| LAND USES (1stLlevel) | POLYGONS SURFACE AREA (m2) PERCENTAGE (%)
1 |1. ARTIFICIAL SURFACES 11 5115920,182 1,824
2 |2. AGRICULTURAL AREAS 30 111178896,200 39,629

3. FORESTS AND SEMI-

3 86 133166163,300 47,467
NATURAL AREAS
4, WETLANDS 4 2099967,712 0,749
5 |5. AQUATIC SURFACES 1 28984848,618 10,332
Total: 132 280545796 100
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Lake Kastoria has a catchment area of 281 km?. Land uses of Lake Kastoria’s basin are
determined by its soil morphology, the existing water potential and the development of the area
in general. The catchment area of Lake Kastoria is mainly covered by forests and semi-natural areas
(47,47%). Agriculture occupies the most of the remaining area corresponding to 39,62% that
results in considerable amounts of pollutants being deposited on the ground. The causes of
pollution are point and non-point sources, such as urban waste water (despite the fact that since
1995 there is a biological treatment plant), diffuse sources, rainfall in urban and outlying areas,
direct rainfall, landfills and general human activities. Lake Kastoria itself occupies 10,33% of the
catchment area while its wetlands, a rate of 0,75%.

Tables 5.1, 5.2, and 5.3 present the Land Uses of the catchment area of Lake Kastoria using
Corine Land Cover (2000) at 1%, 2" and 3™ Level ( ).
Moreover, the Land Uses of the catchment area are illustrated graphically in Figures 5.1 and 5.2 at
the 15tand 3™ Level respectively. It should be mentioned that in order to process the maps of the
wider area of Lake Kastoria, the software ArcGIS (v.10.2) is used. A Geographic Information System
(GIS) is a system which is designed to allow capturing, visualization, analysis, management and
interpretation of data in order to understand relationships, patterns, and trends. It constitutes a
production mechanism of high quality maps that facilitates the implementation of complex

analyses (Karamoutsou et al., 2016; Psilovikos, 2020).
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Table 5.2: Land uses (2" Level) of the catchment area of Lake Kastoria using Corine Land Cover (2000)

Land Uses of the cathment area of Lake Kastoria using Corine Land Cover (2000)

A/A LAND USES (2rd Level) POLYGONS |  SURFACE AREA (m2) | PERCENTAGE (%)

1 |1.1-URBAN NETWORK 8 4312658,274 1,537
1.2 - INDUSTRIAL-COMMERCIAL ZONES

2 195900,679 0,070
AND TRANSPORT NETWORKS 1
1.3 - WASTE, WASTE DISPOSAL PLANTS

3 256242,017 0,091
AND BUILDING PLACES 1
1.4 - ARTIFICIAL NON-AGRICULTURAL

4 351119,212 0,125
ZONES 1

5 [2.1- ARABLE LAND 9 28842908,435 10,281

6 |2.2 - PERMANENT CULTIVATION ) 13879545,680 4,947

7 |2.3- MEADOWS 2 712883,469 0,254
2.4 - REPRESENTATIVES AGRICULTURAL

8 17 67743558,570 24,147
AREAS

9 |3.1- FORESTS 41026754,450 14,624

33

3.2 - COMBINATIONS OF BUSH OR/AND

10 92139408,840 32,843
VEGETATION HERBS

53
11 [4.1- INLAND WETLANDS 4 2099967,712 0,749
12 4.2 - LAND WATERS 1 28984848,618 10,332
| Total:] 132 280545796 100

Table 5.3: Land uses (3™ Level) of the catchment area of Lake Kastoria using Corine Land Cover (2000)
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Land Uses of the cathment area of Lake Kastoria using Corine Land Cover (2000)

A/A LAND USES (3rd Level) POLYGONS SURFACE AREA (m2) PERCENTAGE (%)
1 |1.1.2 - Uninterrupted urban tissue 8 4312658,274 1,537
2 [1.2.1 - Industrial and commercial zones 1 195900,679 0,070
3 [1.3.1 - Mineral extraction sites 1 256242,017 0,091
4 |1.4.2 - Sports and Leisure Facilities 1 351119,212 0,125
5 |2.1.1 - Irrigated arable land 9 28842908,435 10,281
6 [2.2.2 - Fruit trees and fruit-bearing plantations 2 13879545,680 4,947
7 [2.3.1- Meadows 2 712883,469 0,254
8 |2.4.2 - Complex crops 4 37885617,873 13,504

2.4.3 - Land mainly used for agriculture along
9| .. . 29857940,698 10,643
with important natural vegetation 13
10 [3.1.1 - Broad-leaved forest 25 35989475,607 12,828
11 |3.1.2 - Coniferous forest 5 3621230,396 1,291
12 |3.1.3 - Mixed forest 3 1416048,445 0,505
13 [3.2.1 - Natural pastures 23 55380991,069 19,740
14 [3.2.3 - Sclerophyllous vegetation 6 6842700,034 2,439
3.2.4 - Transitional woodland and shrubby
15 29915717,732 10,663
areas 24
16 [4.1.1 - Inland swamps 4 2099967,712 0,749
17 |5.1.2 - Stagnant water surfaces 1 28984848,618 10,332
TOTAL: 132 280545796 100
80
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Figure5.1: Land Use Map (1°'level) of the catchmentareaofLakeKastoria (CorineLandCover, 2000)
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Figure5.2: Land Use Map (3" level) of the catchmentareaoflLakeKastoria (CorineLandCover, 2000)
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In order to draw useful conclusions about land use changes in the study area, by comparing
the historical year (1945) to the recent year (2000), an orthographic photography of the historical
year is compared with the Corine Land Cover (2000). This comparison can be seen schematically
in Figure 5.3, where the background of the recent year is 2015-2016 (the most recently available
one), in which there are no significant land use changes compared to the year 2000.

For the reliability of the results, Lake Kastoria’s basinis demarcated in the historical year at
15'Land Use Level. The boundaries of the catchment areafor the year 1945 are shown in Figure 5.4,
while the absolute value and the percentage rates for each land cover and their comparison with
the year 2000 are shown in Table 5.4. It is noted that the land use map of the year 1945 iscreated
by monoscopic photo interpretation, so the comparison of the land uses between the historical

year and the recent one, refers only to the 15tLand Use Level.

| HISTORICAL YEAR OF ORTHOPHOTOGRAPH | j ﬁ; ~~+. | ORTHOPHOTOGRAPH OF PRIOR YEAR |
v PEL] (Period of

Photo Shooting 2015 - 2016) |

TR

277200

Figure 5.3: Land uses of the catchment area of Lake Kastoria: 1945 (left) and 2015-2016 (right)
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Figure 5.4: LandUse Map (1°'level) of the catchmentareaofLakeKastoriaatthehistoricalyear (1945)
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Figure 5.5: Land uses map (1 level) of the catchment area of Lake Kastoria at the historical year (1945)
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Table 5.4: Land Useof Lake Kastoria’s Basin for the years 1945 and 2000 at 1st Land Cover Level

A/A LAND USES YEAR 1945 YEAR 2000
METHOD OF ANALYSIS (PHOTOINTERPRETATION) METHOD OF ANALYSIS (PROCESSING CORINE)

15t Level SURFACE AREA (m2) PERCENTAGE (%) SURFACE AREA (m2) | PERCENTAGE (%)
1 1. ARTIFICIAL SURFACES 2153520,189 0,768 5115920,182 1,824
2 2. AGRICULTURAL AREAS 165369272,364 58,946 111178896,200 39,629
3 3. FORESTS AND SEMI-NATURAL AREAS 81759881,391 29,143 133166163,300 47457
4 4, WETLANDS 3308731316 1,179 2099967712 0,749
5 5. AQUATIC SURFACES 27954390,740 9,964 28984848618 10,332
| ToTAL: 280545796 100 280545796 100

As it can be seen from Table 5.4, from 1945 to 2000, the forest and semi-natural areas of
Lake Kastoria’s catchment area show a rise of 60%, agriculture decreased by 35%, aquatic areas
show stability, while wetlands have a remarkable decrease of 60%. Finally, the artificial surfaces
doubled their area and in particular they increased by 140% as expected (Figure 5.6).Despite the

fact that agricultural and urban sources of pollution have increased, the presence of the biological

treatment system since 1995, has significantly reduced the phenomenon of eutrophication.

It is therefore concluded, that the classification of land cover at the 15 reference level of
the Kastoria Lake Basin remains the same, although their percentages have changed significantly.
These data could probably support further research that has to do with post — classification of the

Land Use — Land Changes and can be used as a tool for estimating also the changes in the pollution

in the water body of the Lake, according the study of Elhag et al. (2013).
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Figure 5.6: Land Cover changes at 1%t Level of the Kastoria Lake Basin in 1945 and 2000
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5.2 Data collection

For the goal of this dissertation the records of water quality parameters from four stations
located in Lake Kastoria are used. In order to record water quality characteristics (at lake’s surface),
four (4) telemetric stations were installed at specific locations in Lake Kastoria, namely: Gkiole,
Stavros, Psaradika and Toichio (Figure 5.7). As it has already mentioned, the above telemetric
stations were installed based on the characteristics of the lake and the needs that existed in such
a way as to obtain a representative estimate of its water quality parameters. Specifically, the
records, on an hourly basis, contain the following parameters:
1. Temperature (Tw — °C),
. Dissolved oxygen (DO — mg/L),
. Ammonia nitrogen (N — NHa, mg/L) (NA data for Stavros Station).
. Nitrate nitrogen (N — NOs, mg/L)
. Conductivity (Cond — uS/cm),
. Turbidity (Turb — NTU),
.pH

o N oo U b~ W N

. Chlorophyll-a (Chl-a — pg/L).

Gkiole station is located nearGkiole’s stream which is actually an open channel. It is noted
that the Gkiole’s channelconstitutes the only surface discharge of Lake Kastoria’sbasin, as well as
the connection between Lake Kastoria and River Aliakmon. The presence of the weir in the Gkiole’s
channel, enables the optimization of the lake's hydrological functions, ensuring that the level of
the lake will remain under the higher level of 629,80 m, otherwise Kastoria town will be flooded.
This is why the geomorphological cathcment of Lake Kastoria is different than the
geomorphological one. The latter, does not contain the sub-catchment of Gkiole because it is
opening as an outflow of Lake Kastoria to River Aliakmon.

Stavros and Psaradika stations are located on the South and North coastline,
respectively,that defines the characteristic coastal places of the city of Kastoria. They constitute
crucial stations for measuring the ecological sensitivity of the aquatic ecosystem by the pressures
exerted by the city itself.

Finally, Toichiostation is located in the northern part of Lake Kastoria and specifically inthe
estuary of a complex Delta group formed by the torrent Toichio and the torrents "Vyssinia"
(Lakkou) and "Metamorphosis". The areas at the lowest part of the torrent Toichio are intended

for agricultural use.
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Figure 5.7: The Gkiole’s weir location on a high resolution satellite image background (Source: Esri)
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Figure 5.8: Telemetric Stations located in Lake Kastoria
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5.2.1 Water Temperature (Tw — °C)

Water Temperature, is an important parameter as it affects the solubility and the reaction
time of the substances and it is the major factor that influences the concentration of Dissolved
Oxygen in the natural aquatic systems. Temperature controls the rate of biochemical reactions,
such as the degradation of organic matter by aquatic micro-organisms.

Most aquatic species require a certain temperature range to survive. If the Water
Temperature exceeds these limits, the species will become stressed in order to survive and some
may be killed. As the water temperature approaches the optimum for aquatic organisms, they
become active, they consume more food and more oxygen. Thus, the Water Temperature has also
an impact on the behavior and the growth of the organisms. Regarding the maximum permitted
values of Water Temperature for aquatic life (Joint Ministerial Decision 46300 (1986)) for
salmonids the temperature equals to 21,5 °C and for cyprinid equals to 28°C (Psilovikos, 2014).

A strong linear correlation is observed between water and atmospheric temperatures
(Smith, 1981). Variations from this linear correlation often take place, as the water temperature
rarely drops below 0 °C, despite the fact that extreme climatic conditions may occur. Variations
also occur during spring, due to the melting of snow and can maintain water temperatures below
the atmospheric temperature for weeks or even longer. Finally, rainfallmay lead to different water
and atmospheric temperatures (Ward, 1985).

The main source of heat in the lakes is solar radiation, most of which is absorbed directly
by the lake. In a shallow lake, the sediments can absorb significant amounts of solar radiation and

this heat can, in part, be transferred to the waters (Wetzel, 2006).

5.2.2 Dissolved oxygen (DO — mg/L) and Dissolved Oxygen of Saturation (DOs — mg/L)

Dissolved Oxygen (DO) is essential for the metabolism of all aerobic organisms that live in
the water. Aquatic organisms, do not use the oxygen of water molecules, as theycannot extract it
in order to make it available. In fact, a small amount of oxygen, with a concentration of about 10
molecules of oxygen (0z) per 106 molecules of water (H,0), is dissolved in water. The
aforementionedDissolved Oxygen is actually used by aquatic biota.

The concentration of Dissolved Oxygen in the water, reflects the balance between the
processes that add oxygen, such as photosynthesis and reaeration and those that remove it, such

as respiration from the biota. More specifically, Dissolved Oxygen sources include atmosphere,
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photosynthetic activity and hydro-mechanical oxygen distribution. The system’s balance, is
achieved by the metabolism of the organisms and by the abiotic chemical reactions (Wetzel 2006).

Temperature fluctuations, daily and seasonal changes in photosynthetic activity and re-
aereation supply and deoxygenation process, make the Dissolved Oxygen concentration
unstable.lt is noted that deoxygenationis the reduction of the oxygen content, due to human
activities a result ofanthropogenic emissions of carbon dioxide andeutrophicationdriven excess
production. On the other hand, the low Water Temperature, favors the water body’s ability to
store larger amounts of Dissolved Oxygen in its volume. According to Chapra et al. (1997), the
lower the Water Temperature is, the higher the Oxygen of Saturation (Psilovikos, 2014) (Equation
5.1):

DO, = 14,652 — 0,4102 * T 4+ 0,007991 * T? — 0,000077794 * T3(5.1)
where:

DO,: Oxygen saturation concentration (1 atm) (mg/L)

T: Water Temperature (°C)

Chemical oxidation of inorganic compounds, such as ammonia (by nitrification) and
biochemical oxidation of organic compounds, are the main processes leading to a decrease in the
concentration of Dissolved Oxygen. Large quantities of organic residues, such as manure,
vegetable residues and high concentrations of ammonia and other inorganic compounds from
fertilizers, can cause a rapid decrease of Dissolved Oxygen in water. The increase ofthe algae
growth, due to the large amount of nutrients reaching the water, results in a high concentration
of organic matter which, after decomposition, contributes to the reduction of Dissolved Oxygen
(Wetzel 2006).

The range of Dissolved Oxygen concentration, is usually between 0 mg/L and 14 mg/L at a
temperature at which water begins to turnintoice (about 0 °C). In literature, higher concentrations
such as 16 mg/L or 18 mg/L are also recorded, especially in late spring, due to photosynthesis,
which prevails the respiration processes (Matzafleri, 2007; Psilovikos, 2020). Despite the fact that
at concentrations below 3 mg/L, fish deaths can occur, in Scandinavian lakes fish survive at lower
dissolved oxygen values (Antonopoulos 2010; Psilovikos, 2014).

Salinity also effects the concentration of Dissolved Oxygen of Saturation, according

toChapra et al. (1997) (Psilovikos, 2014) (Equation 5.2):
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DO, = [14,652 — 0,4102 * T + 0,007991 * T? — 0,000077794 * T?] [1 - %}(5.2)
where:
Tw: Water temperature (°C)
Chlor: Concentrationofchlorine anions (Salinity = 1,80655*Chlor) (ppm)

DOss: Dissolved Oxygen of Saturation (1 atm and S salinity) (mg/L)
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Figure 5.9: Dissolved Oxygen of Saturation — Temperature — Salinity (Available at:

https://images.app.goo.gl/3szxMRZaThd7w9Kx8)

TP

16 40 50 60 70 80 90 100
a I I I l I [ I
o) Ne Sea le‘vel
o0
E 12 N
E:)m \} 600“} DOga =[14.7 = 0.0017 Alt (m)] 8_0'0225 T
0 . -
2 8 ~Um (IU,OOO f;)"‘-\____ —
2 \4,800 \ —
g AL “5-000 ft) \H““‘-—-—.
e g Altitude  —T——| _ i—— TN
B __-—-—--__-"'_'-—-____________
o
2
Eg |

00 5 10 15 20 25 30 35 40

T(°C)

Figure 5.10: Dissolved Oxygen of Saturation — Temperature — Altitude (Julien, 2018)
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Moreover, DOs, is affected by altitude according to Figure 5.10. According to JMD 46399
(1986) values between 80 and 120% of DOs are considered to be excellent, while below 65% and
more than 125% are considered harmful to aquatic organisms. In addition, according to WHO
(1996), values above 75% are considered acceptable for domestic use (Psilovikos, 2014; Sentas et

al., 2019).

5.2.3Nitrogen forms and sources

Nitrogen can reach water bodies through: a) atmospheric deposition on the catchment or
directly on the water body, b) leaching from diffuse sources within the catchment (fertilizers and
manure), c) sediment erosion of rich soils in Nitrogen and surface applications of manure in
catchmentsand d) direct input from point sources.

A variety of N forms are commonly found in all aquatic ecosystems such as inorganic N
forms (NO?~, NO3~, NH**, NH3) and organic N fractions (Dissolved Organic Nitrogen — DON, PON,
etc). Nitrite, Nitrate, Ammonium and DON are directly available for plant uptake, whileN,O and
NO (gaseous forms of N) are exchanged with the atmosphere. Nitrate dominates in highly enriched
rivers while DON dominates in less enriched rivers.

Figure 5.11, shows nitrogen species concentrations in different European streams, ranging
from oligotrophic to hypertrophic. Durand et al., (2011) concluded thatboth nitrate and DON
concentrations increase in absolute terms. Moreover, nitrate increasesas a proportion of total
nitrogenwhile DON decreases as a proportion of total nitrogen (Figure 5.11).

Nitrogen is needed, to support primary production by aquatic flora and algae. Nitrogen also
plays a role in determining the food web structure and relative productivity of any aquaticsystem
through microbial, algal and plant uptake of N in the form of both inorganic N species and DON
(Durand et al., 2011).

In aquatic systems, NO3—N is reduced due to its absorption from algae and plants and is
increased due to nitrification processes. The rate of reduction of ammonia in aquatic systems is a
combination of reducing ammonium nitrate and escaping to the atmosphere. The second of these
processes is considered negligible, compared to the amounts oxidized to nitrogen and nitrate
nitrogen. In general, the ammonium nitrogen (NH4-N) rate of concentration change due to: a)
mineralization of organic nitrogen, b) nitrification (NHas-N is converted to NO2-N), c¢) NHs-N

assimilation from algae and plants and d) its escape into the atmosphere (Psilovikos, 2014).
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Figure 5.11: Concentrations of N species in 57 European streams and rivers (Durand et al., 2011)

It should be mentioned here that, according to WHO (1996), a maximum concentration of
45,7 mg/L NO* or 10 mg/L NOs-N is considered as the maximum concentration for drinking water.
In Europe, the maximum values are 50 or 11,3 mg/L respectively. These concentrations are in
accordance with JMC 2600 (2001) and JMC 46399 (1986). The last decision mentions the same
maximum values for living aquatic organisms. According to Antonopoulos (2010), NOs-N values
exceeding 0,5 mg/L show eutrophic conditions, while values above 1 mg/L show anthropogenic

pollution interventions from urban and agricultural sources (Psilovikos, 2014).

5.2.4Electrical Conductivity of Water (ECw — uS/cm)

Electrical ConductivityofWater, is its ability to conduct electricity, a property associated
with the concentration of ionized substances, their mobility and Water Temperature at the time
of its measurement. Such substances are Fluoride, Chlorine, Sodium, Calcium and Magnesium
salts. A sharp increase in ECw, is a sign of pollution. The higher the conductivity in freshwater, the
greater the possible sign in organic productivity.

ECw for irrigation water, greater than 700uS/cm, can cause soil salinity problems,
depending on the type of soil, the type of crop, the climate and the way the water is applied.

ECwgreater than 3000 uS/cm, is generally unsuitable for irrigation. According to JMD 46399 (1986),
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the acceptable values for both drinking water and living aquatic organisms are less than 1000
uS/cm. Moreover, according to JMC 2600 (2001) and WHO (1996), the maximum permitted values

for drinking water are 2500 and 400 uS/cm, respectively (Psilovikos, 2014; Sentas et al., 2019).

5.2.5Turbidity (Turb — NTU)

Turbidityis considered as an indicator of the quality of water. It is a measure of the degree
to which the water loses its transparency, due to the presence of suspended solids. The more Total
Suspended Solids (TSS — mg/L) in the water, the higher theTurbidity is. It is well known that DO
dissolves better in water, as the Tw decreases. The TSS absorb heat from the sunlight, thus making
thewaterwarmerand so, reducing the DO concentration in the water, causing stress and
possibledeath to aquatic organisms. The suspended solids have a large specific surface area, due
to their small size, which often absorbs toxic substances. In accordance with Joint Ministerial
Decision46399 (1986), the desired values of TSS for aquatic organisms are 25 mg/L while no
maximum values are provided (Psilovikos, 2014).

The TSS scatter the light, thus decreasing the photosynthetic activity of plants and algae,
which contributes to lowering more DO concentration. In lakes, the turbiditynowadays is
measured with electronic probes in Nefelometric Turbidity Units (NTU). A traditional, cheap and
very effective way, in case we don’t have something else available, is indirectly estimation with
the Secchi Disk. This is a black and white disk attached to a rope, which measures the depth that
the disk reaches, before it disappears from sight (Johnson et al., 2007). There is an empirical
formula, combining the Color, the Secchi Disk Depth and the Nefelometric Turbidity Units
(Psilovikos, 2014) (Equation 5.3):

SiD = 0,003 C,, + 0,152 Tyx (5.3)
where:
Sp: Secchi Disk Depth (m)
Cou: Color (mg/I1)
Tur: Nefelometric Turbidity Units (NTU).

5.2.6 Active acidity (pH)

The active acidity (pH) of water, is a crucial factor in the functioning of aquatic ecosystems,
and an important tool for assessing other water quality parameters, such as alkalinity (Stednick,

1991). pH is used to determine the acidity or alkalinity of water and its units are measured on a
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log scale. Its values range from 0 to 14, with 7 being considered the level of neutrality. Values
below 7 characterize water as acidic and above 7 as alkalic. Active acidity is a measure of the free
H *anions and OH™ hydroxyl cations of water. If the concentration of the former is greater than
that of the latter, then the water is characterized as acidic. As the active acidity is influenced by
chemicals added to the water is an important and essential indicator of water quality. Acidification
affects aquatic systems at all levels and has obvious effects on plant and animal communities.
Agquatic organisms are affected both directly by toxic conditions and indirectly by the reduction of
acid-sensitive species that consist food for other species. This degrades the biodiversity of aquatic
systems. As depth increases, pH values decrease due to the increase of CO; that dissolves in water.
pH is also related to photosynthesis, as it increases phytoplankton take up carbonate ions and so
pH increases. In other words, eutrophic conditions with high algal biomass have high pH.
According to JMD 46399 (1986), JIMD 2600 (2001) and WHO (1996),t he acceptable values
for drinking water range from 6,5 to 8,5. Moreover, according to JIMC 46399 (1986) the acceptable
values for aquatic organisms range from 5,5 to 9. In waterswith a pH below 5, generally not many
fish species are observed. ApH value less than 4, causes the death of all vertebrates, some
invertebrates, and many microorganisms. In terms of chemical erosion, generally low pH water
(<7) causes erosion of many materials. Some erosion products are toxic to aquatic organisms. In

the case of flora, pH value less than 4,5, may harm plant organisms either directly or indirectly.

5.2.7 Chlorophyll-a (Chl-a — ug/L)

Chlorophyll-a (Chl-a) is the major photosynthetic phytoplankton pigment and a trophic
indicator in aquatic ecosystems. Chlorophyll-a is often used as an estimate of algal biomass, with
blooms being estimated, when Chl-a concentrations exceeds 40 ug/L. Because eutrophication is
defined as an aquatic ecosystems response to nutrient loading, the ability to identify important
factors and predict subsequent algal blooms with the use of a Chl-a equation could be a key lake
water management tool. Biological, chemical and physical controlscan be used to prevent or
remove algae from the water (Balali et al.,2013).

Biological controls involve introducing species that prey on algae. Because there is no
practical way to increase the populations of organisms that feed on planktonic algae, biological
controls only work on filamentous algae and macroalgae.

Physical control such as raking or seining is another option for filamentous or macroalgae,

but it is not a viable approach for planktonic algae due to their microscopic nature. Physical
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management uses a rake, seine, wire screen, or other similar device, to pull or cut the algae and
remove it from water. Methods like this are generally short-lived as the algae will recolonize very
quickly afterward. Another method of physical control involves non-toxic dyes and colorants to
shade the water and to limit the sunlight penetration on which algal growth is dependent.
However, this kind of control method may suppress the natural food chain of the pond by reducing
the planktonic algae that acts as the basis of the ecosystem. Shading the bottom of the pond can
also be achieved by using physical barriers such as shade mats to prevent sunlight penetration
(Sink et al., 2014).

The most effective and commonly utilized chemical controls for algae are algaecides
containing copper such as copper sulfate or chelated copper complexes. Copper sulfate and
chelated copper complexes have demonstrated excellent control (90% or greater) of all three
types of algae when applied correctly at labelled rates. Copper sulfate and chelated copper
complexes are contact herbicides that act as cell toxicants, and only kill algal cells that the copper
contacts directly. Therefore, they must be sprayed or broadcasted over the entire area where
algae are growing to provide adequate control. In most cases, an aqueous form of copper is
recommended because it is less complicated and easier to apply correctly. Effects of copper on
algae can be observed in 3 to 10 days with the full effects of the treatment demonstrated in 4 to
6 weeks (Sink et al., 2014).

An empirical treatment in physical control of algal removal, took place in Kastoria Lake,
with the rational use of the Gkiole’s Stream weir, so as to relief the Lake from algae, by discharging

amounts of water to Gkiole’s Stream, as explained above.

5.3 Spatial Simulation- Inverse Distance Weighting method (IDW)

Geographic Information Systems (GIS) is a very powerful tool in creating thematic maps
with any geographical information that can be quantified. So, if water parameter measurements
are available from different measuring locations, like in the present PhD, with the help of
Monitoring, thematic color gradient maps can be constructed that allow us to (Psilovikos, 2020):
a) Geographically simulate the variability of parameters on the surface of a lake.

b) Understand the correlation of this particular parameter with others in different locations
c) Assess the environmental status of the lake

d) Propose preventive and remedial measures.
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Depending on the method used, the geographical distribution of the parameters and the
resulting thematic maps, may not correspond to reality. One should be very careful,selecting the
appropriate algorithm. In order to calculate the water quality parameters asthere are no
measurements on the entire surface of Lake Kastoria, a Deterministic Spatial Simulation Algorithm
of its water quality parameters is applied to the data of the four telemetric stations. With the help
of the Spatial Analyst Tool (Interpolation) of ArcGis software 10.2, two algorithms have been used:
a) the “RBF — Radial Basis Function” and the b) the “IDW — Inverse Distance Weighting” in previous
research for Lake Kastoria, showing that the first one could not simulate well the spatial
distribution of the contour curves, when the latter one, achieved it successfully (Matzafleri et al.,
2009; Mantzafleri, unpublished material). Just the opposite, occurred in the case of Lake Karla
(zZisou & Psilovikos, 2012), where the better algorithm was the RBF.

Radial Basis Function—RBF (splines): this is an algorithm, by which a surface with a
minimum curvature is interpolated, by the sampling—interpolation points. This is achieved by
fitting a number of low order local polynomial interpolators, to a specific number of neighbor
interpolation points, which pass through the sampling points. This method provides better results
for the surfaces with mild gradients of the value they refer to, such as water level or pollution
concentrations. It is not an appropriate method if there are significant variances in the gradient of
these values, because it cannot elevate successfully the calculated values. The governing equation

is given by the formula (Bishop 1995; Matzafleri et al., 2009)(Equation 5.4):

20) =) owllsi—soll)+ ons (54

where:
Z(so) is the unknown value of the water quality parameter in prediction location s0.
@(r) is a radial basis function.
r=1|si—so|| is the Euclidean distance between the prediction location sO and each data location
siand
wi(i=1, 2,..., n+ 1) are weights to be estimated.
The IDW is an accurate interpolation method, where the maximum and minimum values
on the simulated surface, do not exceed those of the field values, while it is possible to map the

variation either locally, or throughout the area that the sampling stations cover. It is a method
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where, it is able to approximate the magnitude of the variation better than its structure in space
(Lietal., 2008).

The IDW method gives a weight (degree of significance) to the points for which there are
measurements, in order to obtain prediction values for the rest of the study area. However,
weights depend not only on the distance between the points for which there are measurements
and the forecasting points, but also on the overall spatial distribution among the available
measurements. The weights decrease as the distance increases, so the neighboring known points
gain more weight and have a greater influence on estimation.

In general, the IDW method has the following advantages:
v It interpolates values even with three sampling points that are the minimum points that
are required for this method
v It does not give values outside of the range “minimum — maximum’’ values, but always
within them and produces “bull eyes” around data locations.
v It is the most suitable in the formulation of the interpolation isodynamic contours
v’ It results in smooth and continuous surface changes between observations.

The formula of IDW method is finally obtained as follows (Dale and Fortin, 2014;

Psilovikos, 2020) (Equation 5.5):

2(x9) = Jim— (5.5)

where:
k: the distance influence coefficient, which is usually 1 or 2.
djj: the distances between the unsampling location i (xo) and the sampling locations j (x;).
According to Charizopoulos et al. (2018), the power ofkcan be optimized. The optimization

process calculates several models and chooses the power value that leads to the model with the
minimum Root Mean Square Prediction Error (RMSPE). IDW assumes that the simulated surface is
being driven by the local variation which can be captured through the neighborhood. Changing
neighborhood options (shape, sectors and the number of neighbors) may lead to a better model.
Further research, is proposed on the optimization process of IDW method.

Moreover, the reason why it is preferred to use deterministic method, instead of geostatistic

ones, is that it can lead to successful results with very few monitoring points (Matzafleri et al.,
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2009; Zisou & Psilovikos, 2012). It should be noted that the simulation of the eight (8) parameters
across the surface of Lake Kastoria is carried out for fixed periods of time, namely: a) January 2016-
2018, b) May 2017-2018 and c) September 2017-2018. The significance of this particular choice of
months, lies in the fact that for those time periods of interest parameters show their
representative values close to their range. These representative values are undoubtedly indicators
of the status and viability of an ecosystem, so it is very important to analyze them during
theaforementioned months they occur and evolve. The periods, are according to previous studies
in Lake Kastoria, occurred by Matzafleri (2007), Matzafleri et al., (2009) and are about to validate
their results ten years later. For the period 2005-2015, useful results are about to be published,
based on the traditional sampling procedure that took place in Lake Kastoria, on a monthly basis
(unpublished material by Matzafleri).

The North, East and South partsof the catchment of Lake Kastoria, are characterized by
extensive arable landand, in contrast to itsWest part, it is occupied by the city of Kastoria, forest
and semi-natural areas. The Gkiole Stream, constitutes the only surface discharge of Lake
Kastoria’s basin, as well as the connection between the Lake and the Aliakmonas River. The Stavros
and Psaradika stations, are located South and North of the coastline respectively, that are the most
significant spots of the urban part of the Lake Kastoria. They constitute stations of significant
importance, for measuring the ecological sensitivity of the aquatic ecosystem by the pressures
exerted by the city itself. Finally, the Toichiostation is located in theNorthern part of Lake Kastoria.
The areas at the lowest part of the Torrent Toichio are intended for agricultural use. Concerning
the North-Western side of the lake, the waters are characterized by a stationary water status.

In an aquatic ecosystem, such as a lake ecosystem, in January, the lowest Tw values are
presented; large quantities of precipitation are detected, strong winds occur, while the
concentration of nutrients are poor. Under prevailing environmental conditions, therefore, one
expects high levels of Dissolved Oxygen inside the lake, mainly in surface water, although
photosynthesis activity is poor.

In May, the temperature rises, the regeneration of aquatic and riparian vegetation take
place, photosynthesis activity show its peak, as abundance of photosynthetic organisms and of
Dissolved Oxygen in the waters are at seasonally satisfactory levels. In addition to surface water,
excess nutrients are present, while concentrations of Nitrate, Nitrite, Ammonium and Phosphate,

which play a key role in the lake's nutritional status, are increasingly detected. Generally, in the
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given period of time, the so-called “good” side of the eutrophication is presented, where the DO
balance is positive and the re-aeration level is greater than the respiration one.

On the contrary, in September the conditions of the “bad” side of eutrophication are
prevailed. Aquatic and riparian flora start to decompose, aerobic microorganisms and especially
bacteria, which consume excessive amounts of DO, through respiration processes, are rapidly
increased. Consequently, the reduction in DO is likely to cause stress to fish populations, even
sometimes leading to fish deaths. Moreover, nutrients that flow into the lake are increased
dramatically, causing hypoxic conditions, especially in shallow lakes and lakes in both urban and
agricultural catchments, such as Lake Kastoria and Pamvotida (loannina). Subsequently, anaerobic
bacteria create gaseous decomposition products, such as the toxic Hydrogen Sulfide (H,S) and
Ammonia in both ionized (NH4*) and non-ionized (NH3) forms or in the form of Nitrogen Ammonia
(N = NHg%).

Considering on the other water quality parameters below, which assessment is going to
follow, it is a little bit risky to try to interpret, because we have monitoring data only from the
abiotic parameters and the ecosystem of Lake Kastoria is so quite complicated, that it is unsafe to
assess successfully. So, we try to explain, based only to the abiotic monitoring data, by quoting the
results of the research. Another point is that, we take for granted that the electronic sensors of
the monitoring probes, are frequently maintained, calibrated and replaced when a damage occurs.
There is much uncertainty of the assessment of these parameters and only for the parameters of
Tw, DO, Chl-a and Turb, we try to obtain a satisfactory interpretation, considering that Tw is a very
important input independed parameter and the three latter, are the output parameters, obtained
by the structure of the Deep Learning Machine Models that follow. Further Research could give us
the opportunity to evolute this study with Carlson’s Indexes for Total Phosphorus, Chl-a and Secchi
Disk, N/P ratio, phycocyanin etc, which are parameters that are not monitored yet, in a continuous
base. Finally, the design of the contour deterministic maps contains uncertainty too, because from
a number of four point values, we spatially integrate and assume that the curves which prevail,
gives us representative values of the reality. Unfortunately, we cannot use geostatistical methods,
because of the low number of monitoring points, but we do our best, using the most appropriate
deterministic method, which is the IDW.

Regarding the concentration of Chlorophyll-a (Figure 5.12), it is noted that the highest
levels of Chlorophyll-a are detected peripherally of Gkiole’s telemetric station, in January, while

for the rest telemetric stations its concentration is low showing the minimum value (4,42 pug/L)
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near Stavros station. In May, the lowest values of Chlorophyll-a concentration are restricted to the
perimeter of the Psaradika station (NorthWest), while its highest values are detected in the
northeastern and southern parts of the lake. In September, the highest chlorophyll-a values
continue to appear in the Northeastern part of the lake. On the contrary, Stavros station
(SouthWest), show its minimum value-

In all aquatic systems, there is a strong annual cycle at Water Temperature. Regarding the
correlation of Tw with the surface of Lake Kastoria and the season, it is observed that the lowest
Tw values are observed in the Northern and Western part of Lake Kastoria during all the reference
months, as expected. In contrast, the highest Tw values, appear in the Southeastern part of the
lake. The lowest Tw is in January, while the highest is in September (Figure 5.13), considering the
periods — months that we take into account.

Regarding the parameter of Dissolved Oxygen, in January, the highest values are observed
in the Northeastern and Southwestern part of the lake, where this situation is further established
in the Southwestern part, in May. This is explained mainly bythe torrents that flow into the lake
from the north and east enriching the lake with water during the winter and spring. In September,
the concentration of Dissolved Oxygen isdecreased in the Southeastern part of the lake, due to the
opening of Gkiole’s weir. According to Figure 5.14, DO values remain constant throughout the year.
However, in the past, based on the literature (Matzafleri et al., 2009; Psilovikos, 2020), low values
of Dissolved Oxygen wereobserved in January, due to the sharp drop of Tw in the Lake’s surface
where it got frozen for a couple of weeks, making the enrichment of the water with DO, difficult.

Regarding pH, the highest pH values are found around Gkiolestation, while the lowest pH
value is observed at Stavrosstation. These differences are not significantbut they are an indicator
showing that the lowest pH values occur near the urban side of Lake Kastoria. Figure 5.15, shows
that pH values are constant for the three representative months.

ConcerningElectrical Conductivity of Water (ECw), it is observed that, in January and May,
its range is small, indicating that there are no significant fluctuations in ECw values during this
month. In contrast to the month of September, a wider range of ECw values is observed (around
60 uS/cm), which is not enough though to proceed to its assessment. Accordingto Figure 5.16, the
minimum ECw values are detected in the Southern part of the lake and in particular around Gkiole
station. The maximum values are found to the Southwest part at “Stavros” station. In the reference
months, January and September, the Northern part of the lake shows a moderate and low profile,

in contrast to May, where ECwis higher.
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In May, the turbidity range is very high (exceeding 300 NTUs), indicating significant
fluctuations. The highest turbidity value in January, May and September reaches 128,9; 309,21 and
55,7 NTUs, respectively (Figure 5.17). The highest turbidity values, for the three months of
reference, appear in the Western part of the lake, mainly due to the urban load. In contrast, the
lowest values of turbidity, for the three months of reference, occur in the Northeastern, Eastern
and Southeastern parts of the lake, due to the presence of torrents and Gkiole’s weir. It should be
mentioned here that rainfall events, can increase erosion and result in greater amounts of
sediment washing into Lake Kastoria, and finally cause increased Turbidity values. Moreover, the
increased Turbidity values appear in the city's Northern part, due to the presence of a small jetty
that collects phytoplankton.

Bacteria play an important role in the Nitrogen Cycle. Apart from the fact that they oxidize
Ammonium to Nitrite and Nitrate, they also have the ability to bind atmospheric nitrogen and
reduce nitrate and nitrite to ammonium or even nitrogen. Also, the presence of an agricultural
and/or urban area near the lake enhances the presence of Nitrate, Nitrite and Ammonium ions.
From Figure 5.18, it is concluded that the minimum values of Nitrate are detected in the Southern
part of the lake, and in particular at Gkiolestation, in January and May. The maximum values are
found to the North and Southwest side, in May and September.The maximum Nitrate
concentration occurs in September, with a value of 1,72mg/L on the Southwest side of the lake,
while the minimum one appears in May, with a value of 0,78mg /L on the South side of the lake
and around Gkiole’s station. It is noted that in September, in the interior of the lake where
thelowest concentration of Chlorophyll-a is detected, the concentrations of nitrate are enhanced
and vice versa.

Concerning Ammonium concentration, its range is appeared small (0,5 mg/L), indicating
that there were no significant fluctuations during May. On the other hand, in January, the
concentration of Ammonium is 2,6 mg/L.From Figure 5.19, it is observed that the concentrations
of ammonium in May and September show similar patterns. In January, the lowest concentration
of ammonium is found in the southern part of the lake and in particular around Gkiole station,

while the highest concentration of ammonium is detectedin the western part of the lake.
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Figure 5.12: Spatial distribution of Chl-a. Time period: January 2016-2018 (left)

September 2016-2017 (right)
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5.14: Spatial distribution of Dissolved Oxygen. Timeperiod: January 2016-2018 (left), May 2016-2017 (middle)

andSeptember 2016-2017 (right)
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Figure 5.15: Spatial distribution of pH. Time period: January 2016-2018 (left) May 2016-2017 (middle) and

2017 (right)

September 2016
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Figure 5.16: Spatial distribution of Conductivity. Time period: January 2016-2018 (left), May 2016-2017 (middle)

-2017 (right)

and September 2016
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-2018 (left), May 2016-2017 (middle)

Figure 5.17: Spatial distribution of Turbidity. Timeperiod: January 2016

2017 (right)

andSeptember 2016-
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Figure 5.18: Spatial distribution of Nitrate. Time period: January 2016-2018 (left),

September 2016-2017 (right)
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CHAPTER 6: DEEP NEURAL NETWORKS

“Analyze the unknown based on the known”
Solon, (630-560 BC)

Deep Learning (DL) is the state-of-art paradigm of Artificial Neural Network (ANN)
computing. It is a new breakthrough in Machine Learning, compared to shallow learning
algorithms. DL is capable of self-learning data features creating a model with the given dataset.
This PhD thesis reports the preliminary investigation of deep learning for simulation and real-time
prediction. An application of deep learning, for efficiently and effectively extracting the
intelligence from data, with potential of applications in simulation and prediction analysis is
described in this chapter. Moreover, in order to achieve the aforementioned goal, the platforms

and tools used for the models creation are described in detail.

6.1 Machine Learning tools
6.1.1 Programming language

The Python programming language is a scripting language, which enables the user to
integrate several pieces of code by allowing controlling one or more applications

(https://www.python.org/).Ilts main feature is its flexibility, as the same piece of code can be used

with little or no change over a wide range of devices with different architectural and computing
capabilities (Abadi et al., 2016).Another advantage is the use and interconnection of many
libraries, which makes it an ideal programming language for developing machine learning models
that use many different libraries and platforms. One of its applications is to developDeep Neural

Networks.

6.1.2 Tools and Platforms

In order to develop deep neural networks -based on Machine Learning methods- the
Python programming language, the Spyder scientific environment, the Tensorflow open source
machine learning platform and Nvidia's CUDA (Compute Unified Device Architecture) parallel
platform (graphics card) are used. All of the above have been integrated into Anaconda, an Open
Source Programming Language.

The CUDA platform is a parallel computing platform developed by Nvidia that enables
users to exploit the computing power of graphics card kernels for training and testing machine

learning models. This results in the verification and creation of many models in a very fast time up
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to 30 times faster than the speed offered by the computing power of the processor

(https://developer.nvidia.com/cuda-downloads).

Moreover, the goal of the Anaconda tool is to simplify the management and deployment
of the packages needed in order to create Machine Learning Models.More specific, Anaconda

provides the tools needed to (https://www.anaconda.com/):

4 Collect data from files and databases,

v Manage environments with Conda. It should be noticed here that Conda is an Open Source
Package Management and Environment Management System that installs, runs and updates
packages and their dependenciesquickly and easily. It creates, saves, loads and switches between
environments on a local computer and it is included in all versions of

Anaconda(https://docs.conda.io/en/latest/).

4 Share, reproduce projects and
v Deploy projects into production with the single click of a button.

The main reason for using Anaconda and CUDA is that the model can be created in a variety
of virtual environments and with the possibility of using parallel programming through the
computing power of the graphics card. The above procedure gives the user the advantage of using
large databases and complex learning algorithms, without having to install and re-install various
versions of libraries, offering training, verification and testing of the model in a very short time.
Moreover, there is no need of buying computing systems at high costs with lower computing

power.

6.1.3 Graphical user interface

The Spyder scientific environment, written in Python, is used as it offers a unique
combination of the advanced editing, analysis, debugging, and profiling functionality with an
integrated deployment tool with interactive execution, data exploration and visualization

capabilities of a scientific package (https://www.spyder-ide.org/).Spyder is also an open source

code processing environment but only for the Python programming language. The Spyder
environment enables the user to execute line-by-line the code while displaying the results for each
execution step. This allows the user to see if each step of the code is able to print individual

diagrams or sections of code without having to re-execute the entire code again.

6.1.4 Libraries
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Various libraries have been used for Pythonprogramming (Figure 6.1). The libraries needed are
not loaded in default. For that reason, a good practice to begin the code is by importing all the
libraries needed. With the help of Pathlib, file paths can be represented by proper path objects
which make code dealing with file paths. The Matplotlib mathematical library is used for importing
and editing complex mathematical operations, as well as for editing and visualizing a variety of
diagrams (complex or not). Moreover, Pandasprovide some powerful objects which are very useful
for cleaning, transforming, manipulating and analyzing data. Furthermore, seaborn is a library for
making statistical graphics in Python. A functionality that it offers for example is the option for
visualizing univariate distributions.lt is built on top of matplotlib and closely integrated
withpandasdata structures.Seabornaims to make visualization a central part of exploring and

understanding data.

IPython 7.8.8 -- An enhanced Interactive Python.

In [1]: from _ future__ import absolute_import, division, print_function,
unicode_literals
..: import pathlib
: import matplotlib.pyplot as plt
: import pandas as pd
: import seaborn as sns
i import tensorflow as tf

mmaam s b mr e Epes o R e

: from tensorflow.keras import layers

..t print(tf.__version_)
1.5.8

Figure 6.1: Libraries for Machine Learning

The most important of all libraries is the open source Tensorflow machine learning library.
The Tensorflow platform is an end-to-end open source platform for developing machine learning
models, developed by Google. It consists of a comprehensive, flexible ecosystem set of tools and
libraries that allow wusers to easily use and develop Machine Learning Models

(https://www.tensorflow.org/).This library provides State-of-the-Art Machine Learning Methods

allowing the users to create their own Machine Learning Models in a user-friendly, multi-pack and
add-on environment. In this PhD thesis, the Tensorflow GPU library is used, which enables the
user with the CUDA tool to train and test the models they have developed through the computing

power of the graphics card kernels.
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6.2Deep Neural Networks Development
6.2.1 Input and output data

The predictive ability of networks is based on their training, which in turn depends on the
amount of information available on the network. For the purpose of this thesis, time series of
quality parameters from 11 November 2015 to 15 March of 2018 were used on an hourly basis
(20,228 measurements/per parameter/per station) from 4 telemetric stations located in the study
area.More specific, the available data consist of 1) Chl-a (ug/L), 2) pH, 3) Tw (°C), 4) ECw(uS/cm),
5) Turb (NTU), 6) Ammonia Nitrogen(N — NHa, ppm) (Not Available (NA) data for Stavros Station),
7) Nitrate Nitrogen (N — NOs3, mg/L) and 8) Dissolved Oxygen (mg/L).Three different models are
investigated in the present thesis and more specific:

v" DO model
v" Turbidity model and
v Chl-a model

An important step in Deep Learning, is the selection of appropriate input variables. Based
on the literature, as it has already mentioned, Neural Network studies reported that most
important water quality parameters, for the modelling of Dissolved Oxygen, are pH and Water
Temperature (Rankovié et al. 2010; Wen et al. 2013). In addition to those two inputs, many other
water quality parameters have also been used. Wen et al. (2013), Basant et al. (2010), Singh et al.
(2009) and Kuo et al. (2007), reported the importance of NOs—N and NH4s—N as input variables for
DO models. In addition, Rankovi¢ et al. (2010), proposed Turbidity as an input variable, while Kuo
et al. (2007), reported the importance of Chl-a. ECw, is also proposed as an input variable for DO
modelling (Ay and Kisi, 2012; Wen et al. 2013). Fewer studies found in literature concerning the
modelling of Chl-a. The most representative one, is the study of Kuo et al. (2007), reporting the
importance of T, NO3—N, DO, pH and Turb, as input variables in a Chl-a model. Concerning the
modelling of Turbidity, studies reported the importance of pH, conductivity, NHs—N, DO and T, as
input variables for the model (Iglesias et al., 2014).

At the present PhD thesis, based on the literature, all the available parameters are taken
into account as input parameters for each investigated model. Subsequently, based on the
literature and taking into account the resulting tables, concerning the impact of each input
parameter to the output parameter (DO), Deep Neural Networks consisting of 4 input parameters
namely:

1) Nitrate nitrogen (N — NOs, mg/L),
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2) pH,
3) Tw (° C) and
4) ECw (uS/cm)

are also tested.

6.2.2 Number of Hidden Layers

The generalization capability of an Artificial Neural Network is linked to its hidden layer.
Too many hidden layers in a network, increases computational burden and causes over-fitting
which results in poor prediction. Several studies, show that one or two hidden layers mostly
produce better performance(Smithson et al., 2016;Gaya et al., 2017).1t should be reminded, that
if an ANN has more than three layers, including input and output layer, it is called Deep Neural
Network. As the scope of this thesis is to apply a Deep Neural Network, for modelling and
prediction of quality parameter, two hidden layers are used in the present thesis for different

structures of the investigated models.

6.2.3 Number of nodes in the Hidden Layer

Deciding the appropriate number of nodes to use, is crucial for effective learning and
performance of the network. Nevertheless, there is no systematic approach to determine the
optimal number of nodes to utilize for a problem (Smithson et al., 2016; Gaya et al., 2017).At the
present PhD thesis,the preliminary investigation of Deep Neural Networks for simulation and real-
time prediction, uses as default 64 neurons per hidden layer. The predictive ability of a Deep

Neural Network, consisting of 32 nodes per hidden layer, is also tested.

6.2.4 Training Epochs

In order to train a Neural Network, many epochs are needed. Several studies indicated that
convergence could be achieved with training epochs from 85 to 5000 epochs (Smithsonet al., 2016;
Gaya et al., 2017). In this PhD thesis, 1000 epochs are used to train the investigated models. In
casesthat convergence could not achieved (Turbidity and Chl-a models), the number of epochs

reaches 5000.

6.2.5 Activation function

Activation functions are an essential part of neural networks as they provide non-linearity.

The absence of non-linearity, turns the neural network to a simple logistic regression model. An
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activation function is a function which is applied to the output of a neural network layer, which is
then passed as the input to the next layer. The most widely used activation function is the Rectified

Linear Unit (ReLU) (Figure 6.2) that is defined as (Equation 6.1):

f(x) = max(0,x) (6.1)

where: x is the input to the neuron.

An advantage of RelLU is that it is a highly simplified and easy to calculate function. It is also
very quick to use and train when compared with other activation functions. Moreover, in Machine
Learning, updating a parameter is proportional to the partial derivative of the error function with
respect to these parameters. If the gradient becomes too small, the updates will not work and the
network may stop the training procedure. ReLU doesn’t saturate in the positive direction, while
other activation functions like sigmoid and hyperbolic tangent saturate in both directions.
Therefore, it has fewer vanishing gradients, resulting in better training

(https://www.tensorflow.org/).The limitation of ReLU is that its mean output is not zero (Hossen

et al.,, 2017).

RelLU
1 T T T

=10 ] o 3 10

Figure 6.2: ReLU Activation Function

6.2.6 Early stopping technique

Early Stopping is one of the most popular, and also effective, techniques that are used to
prevent over-fitting. Specifically, the validation data set is used to compute the loss function at the

end of each training epoch. Once the loss stops decreasing, the training stopsand the test data is
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used in order to compute the final accuracy. The point, at which the validation loss starts to

increase, is when the model starts to over fit the training data (Figure 6.3) (Epelbaum, 2017).

Error
Validation set
: Training set
0 Early Number of
stopping iterations
point

Figure 6.3: Early stopping technique

It should be mentioned here, that the Optimal Stopping Point can be considered as a hyper-
parameter. This makes Early Stopping more efficient, than other hyper-parameter optimization
techniques, which typically require a complete run of the model to test out a single hyper-
parameter value. Moreover, it does not require any changes to the model, that could change the

learning dynamics of the system (Epelbaum, 2017).

6.2.7 Learning rate

The learning rate is a hyper-parameter that controls how much to change the model in
response to the estimated error each time the model weights are updated. If the learning rate is
too large, the network fails to converge with allowable error over training set. Choosing a too small
learning rate, resultsin slow training process. Most of the Neural Networks utilizea value from 0,01
to 0,3 of the learning rate. In the present PhD thesis, taking advantage of the computing power of

the graphic card, a learning rate of 0,001 is used.

6.2.8 Optimization algorithm

120

Institutional Repository - Library & Information Centre - University of Thessaly
20/06/2026 18:21:35 EEST - 216.73.217.151



With a strong ability to find the most optimistic result, the RMSprop is chosen as the
optimization algorithm in this PhD thesis.RMSprop is one of the most popular optimization
algorithms used in Deep Learning, as it is a fast and good optimizer (Karparthy, 2017).It uses a
moving average of squared gradients to normalize the gradient itself.That has an effect of
balancing the step size — decreases the step for large gradient to avoid exploding, and increase the

step for small gradient to avoid vanishing. RMSprop avoids the decay of the learning rate to zero.

6.2.9 The structures

Deep Learning based techniqueis used in order to develop the (Karamoutsou and
Psilovikos, 2019):
a) DO model,
b) Chl-a model and
¢) Turb model
which are applied to the data of the four stations separately. To achieve the goal of this
dissertation a Deep Neural Network (DNN) was built for each case consisting of:
1) An input layer of quality parameters, depending on the investigated structure
2) Two densely connected hidden layers, consisted of 64 or 32 units/nodes each, depending on
the investigated structure and
3) An output layer of one quality parameter (DO/Chl-a/Turbidity), depending on the investigated
model.
The examined Deep Neural Networks structures are listed below:
DO model with structures:
4 7-64-64-1 for Gkiole, Psaradika and Toichio stations (Figure 6.4) and6-64-1 for Stavros
station, where NHa4 parameter is not available (Figure 6.5)
v 4-64-64-1 for all stations (Figure 6.6)
4 7-32-32-1 for Gkiole, Psaradika and Toichio stations (Figure 6.7) and 6-32-1 for Stavros
station where NH4 parameter is not available (Figure 6.8)
4 4-32-32-1 for all stations (Figure 6.9)
Turbidity and Chl-a model with structures:
v 7-64-64-1 for Gkiole, Psaradika and Toichio stations (Figure 6.4) and (6-64-1) for Stavros

station where NHa parameter is not available (Figure 6.5).
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Here, a DNN with structurefor example (7-64-64-1), indicates a model comprising 7 inputs,
64 nodes per hidden layer and one output node. In terms of how the nodes are connected to each
other, a Feed Forward Neural Network is used for each case, as there is no feedback from the
outputs towards the inputs. The examined Deep Feed Forward Neural Networks (DNN) structures

of DO, Chl-a and Turbidity models for Lake Kastoria are shown below.
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Figure 6.4: DO, Turbidity and Chl-a model with structure 7-64-64-1 for Gkiole, Toichio andPsaradika Station
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Figure 6.5: DO, Turbidity and Chl-a modelDO models with structure 6-64-64-1 for Stavros Station

124

Institutional Repository - Library & Information Centre - University of Thessaly
20/06/2026 18:21:35 EEST - 216.73.217.151



InputLayer Hiaden Hidden

Output Layer

Figure 6.6: DO models with structure 4-64-64-1 for all stations
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Figure 6.7: DO models with structure 7-32-32-1 for Gkiole, Toichio and

Psaradika Station
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Figure 6.9: DO models with structure 4-32-32-1 for all stations

6.3 Steps of the process

The procedure that takes place, is described as follows:

6.3.1 Preparation of the Dataset
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Step 1: The dataset is imported.
Step 2: The dataset is cleaned from unknown values. Because the data of some variables
were unrecorded, these data were removed from the dataset. Therefore, the last dataset for each

station includes (Table 6.1)

Table 6.1: Number of data/parameter

Station Number of data/parameter
Gkiole 16922
Toichio 19763
Psaradika 16574
Stavros 19154

Step 3: In this context, there were three phases, the training, testing, and validation for
each station. 80% of the data was used for the training process, and 20% for testing. A percentage
of 80% of training data was re-divided into 60% for the training process and the remaining20% for
validation.

Step 4: The dataset is inspected and the overall statistics are taken into account. The
detailed result tables are shown in the next chapter.

Step 5: Split features (inputs) from labels (outputs) (In Machine Learning feature is input;
label is output. This applies to regression problems. Afeatureis one column of the data in the input
set).

Step 6: The normalization of the dataset takes place. This normalized dataset is that it will
be used to train the models. This is helpful in order to keep the fitting parameters on a scale that
the computer can handle without a damaging loss of accuracy. Normalizing original data boosts

the performance of Neural Network Models significantly.

6.3.2 The model

Step 1: Build the model: Based on different structures, twenty models in total with two
densely connected hidden layers and an input layer of DO /Turbidity/Chl-a, are conducted. This
dissertation approaches building a KerasNeural Network, using the Sequential model APlL.The
Rectified Linear Unit (RelLU)activation functionand the RMSprop as the Optimization

Algorithmareused, as described above.
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Step 2: Inspect the model: In this step “the summary “method is used in order to print the
description of the model. The detailed result tables are shown in the next chapter. Here, a batch
of ten samples is taken from the training data, in order to try out the model.

Step 3: Train the model: The models, are firstly trained for 1000 epochs. When the results
are not satisfactory, the epochs are increased. In cases of Turbidity and Chl-a model, where the
validation and training processes couldn’t converge, the number of epochs is increased to 5000.At
this point, it should be mentioned that Early Stopping Technique is used as it is useful, in order to
avoid over-fitting (Epelbaum, 2017). For that reason, the “model.fit” is updated to stop training
when the validation score is not improved.

Step 4: Make predictions: In this step the test set is used, to see how well the model is

expected to make predictions. The result, Tables and Figures, are shown in the next chapter.

6.4Statistical descriptors

The following statistical measures were used to evaluate the predictive ability of the Neural
Network Models:

a) The Mean Absolute Error (Mean Absolute Error, MAE)

b) The Mean Square Error (Mean Square Error, MSE) and

c) TheNash-Sutcliffe model Efficiency coefficient (NSE)

After calculating the predicted values, it is of significant importance to know how far the
“predicted yvalue”is away from the “generated y value”. To do this, a method is designed to
calculate the “gap”. This design is known as theloss function. The loss function evaluates the error
performed by the Feed Forward Neural Network when it tries to estimate the data to be predicted.
For a regression problem, this is simply a mean square error (MSE) evaluation.

a) The Mean Square Error is defined as (Equation 6.2):

1 R
MSE==>(y,-¥)’
N (6.2)

It is a statistic to quantify the difference between observed and estimated values of a
parameter and proportional to the measure of dispersion of a random variable. In proportion to

the Standard Deviation, the square root of the MSE is also obtained.
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b) The Mean Absolute Error is defined as (Equation 6.3):

1Y -

MAE = _Z yl yl
nea- .

=] Y (6.3)

It is another statistic that measures the accuracy of a model's adaptation and prediction.

Lower values of the above criteria, indicate model estimators closer to actual values, thus better

adaptive or predictive ability of the model (Benyahya et al., 2007).

c) TheNash-Sutcliffe Model Efficiency Coefficient (NSE)is used to evaluate the performance of

HydrologicModels. Itisdefinedas (NashandSutcliffe, 1970) (Equation 6.4):

n ~
2o i-T)?

NSE =1 — =5 — (6.4)
Zi:l(yi—z)
where:
y;and ¥, denote the observedmeasurement and the model predicted values from the it
element;
z the average of the observedmeasurements and n represents the number of

observations.

Nash—Sutcliffe efficiency can range from —oo to 1. An efficiency of 1 (NSE=1), corresponds
to a perfect match of modeled and observed data. An efficiency of 0 (NSE=0), indicates that the
model predictions are as accurate as the average of the observed data, whereas an efficiency less
than zero (NSE<0) occurs when the observed mean is a better predictor than the model. The closer

the model efficiency is to 1, the more accurate the model is.
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CHAPTER 7: RESULTS AND DISCUSSION

“Your future will be bright only
if you take care of your present”
Isocrates, (436-338 BC)

7.1 Assessment of the state of Lake Kastoria

The Gkiole’s channel constitutes the only surface discharge of Lake Kastoria’s catchment,
as well as the connection between Lake Kastoria and River Aliakmon. The presence of the weir
vertically in Gkiole’s channel flow, enables the optimization of the Lake Kastoria’sWater Balance
and Eutrophication Control. For this reason, it is an important Monitoring Station for
eutrophication control, as it is essential to know Specific Water Quality Parameters, in order to
control of the possible potential pollution to Aliakmonas River. Today, the stream presents very
smooth inclines which, along with the lush vegetation of the area, inhibit the discharge of water.
Moreover, Toichio Station was the first point in time in the lake, that experienced eutrophication
phenomena, due to Algal Blooms ("greening" of water). The Stavros and Psaradika stations are
located South and North of the coastline, respectively, that defines the urban front of the City of
Kastoria. They constitute Monitoring Stations, very important for measuring Water Quality
Parameters and Chl-a, as a significant Ecological Parameter, assessing the sensitivity of the aquatic
ecosystem by the Urban Pollution pressures. Concerning the Western side of the lake, the waters

are characterized by a stationary water status, in the urban part of the lake where Kastoria city is

settled.
Table 7.1: Descriptive Statistics of the Water Quality Datafor Gkiole Station
Variables Unit Mean Std dev Min 25% 50% 75% Max
Chlorophyll-a (ug/L) 12,44 19,65 0,80 5,00 7,80 14,20 441,10

Conductivity (uS/cm) 294,74 27,80 225,00 276,00 301,00 318,00 338,00

pH - 8,42 0,37 7,50 8,10 8,40 8,70 9,60
Turbidity NTU 21,28 66,11 0,10 0,60 5,10 21,80 3.000,00
Temperature °C 14,32 7,58 0,40 7,00 13,90 21,30 30,10
NHas-N ppm 1,53 2,47 0,10 0,20 0,80 1,80 20,00
NOs-N mg/L 1,43 3,06 0,01 0,30 0,41 1,98 63,94
DO mg/L 8,76 2,39 0,40 7,18 8,96 10,37 17,65
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It is crucial, for environmental and public health concern, that the concentration of each
quality parameter must be within the allowable limits defined by the Legislation.For Gkiole,
Toichio, Psaradika and Stavros station Tw has a mean value of 14,32°C (Table 7.1), 14,33°C (Table
7.2), 12,5°C (Table 7.3) and 14,58°C (Table 7.4) respectively. Regarding the maximum permitted
values of Tw for aquatic life (Joint Ministerial Decision 46300 (1986)) for salmonids the Tw equals
to 21,50°C and for cyprinid equals to 28°C. The maximum recorded values of Twfor all stations
exceed the permitted ones. More specific, for Gkiole, Toichio, Psaradika and Stavros station the
maximum water temperatures equals to 30,10°C, 30,40°C, 32,40°C and 31,80°C respectively.

For Dissolved Oxygen (DO — mg/L), the minimum values observed in the dataset for Gkiole,
Toichio, Psaradika and Stavros station equals to 0,4 mg/L,0,01 mg/L,0,01 mg/L and 0,01 mg/L
respectively, in all cases less than 4 mg/L, which is the minimum absolute permitted value for
aquatic life. The range of DO concentration, is usually between 5 mg/L and 9 mg/L, but both
extreme values close to 0 mg/L minimum and 19 mg/L maximum — or even more — have been
observed. According to DOsat formula, the highest DOsat value is equal to 14,652 mg/L and it is
associated with the Tw value of 0°C. In literature and in the Monitoring data, higher concentrations
than 14,652 mg/L, are also found. For Gkiole station the maximum value for DO is 17,65 mg/L, for
Toichio station equals to 18,27 mg/L, while for Psaradika and Stavros station the maximum values
of DO are 16,00mg/Land 19,28 mg/L respectively. These values are so high, due to the intense
photosynthesis phenomenon, during the period of May and June, which favors the respiration

phenomenon, yet.

Table 7.2: Descriptive statisticsof the water quality data for Toichio Station

Variables Unit Mean Std dev Min 25% 50% 75% Max
Chlorophyll-a pg/L 11,74 11,48 0,30 5,40 8,40 14,10 453,30
Conductivity uS/cm 316,18 25,26 239,00 307,00 318,00 331,00 369,00

pH - 8,41 0,35 5,40 8,10 8,40 8,60 9,80
Turbidity NTU 20,87 52,28 0,10 0,00 1,80 49,00 3000,00
Temperature °C 14,33 7,83 0,80 6,80 13,80 21,80 30,40
NH4 mg/L 0,56 1,14 0,10 0,00 0,10 0,60 19,70
NOs mg/L 1,30 0,74 0,01 0,83 1,24 1,70 3,72
DO mg/L 8,10 2,60 0,01 6,34 8,29 9,73 18,27
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In case of NO3 — N, the mean concentrations for Gkiole, Toichio, Psaradika and Stavros
station are equal to 1,43, 1,30, 1,07 and 1,48 mg/L respectively. According to the literature, values
for NOs — N that exceed 0,3 mg/L, favors the development of eutrophic conditions. Moreover, it
should be mentioned here that, according to WHO (1996), a maximum concentration of 10 mg/L
NOs-N is considered as the maximum concentration for drinking water. In Europe, the maximum
values are 11,3 mg/L respectively. These concentrations are in accordance with JMC 2600 (2001)
and JMC 46399 (1986). The last Decision mentions the same maximum values for living aquatic
organisms. The maximum concentrations for Toichio, Psaradika and Stavros station are 3,72 mg/L,
7,89 mg/L and 19,28 mg/L respectively. Gkiole station high values (max value=63,94 mg/L) can be
considered as an accidental and occasional event. According to Antonopoulos (2010), NOs-N
values exceeding 0,5 mg/L, show eutrophic conditions, while values above 1 mg/L, show

anthropogenic pollution interventions from urban and agricultural sources (Psilovikos, 2014).

Table 7.3: Descriptive statisticsof the water quality data for Psaradika Station
Variables Unit Mean Std dev Min 25% 50% 75% Max

Chlorophyll-a (ng/L) 5,61 11,63 0,10 0,20 2,10 6,00 445,70

Conductivity (uS/cm) 315,00 25,32 229,00 300,00 320,00 329,00 375,00

pH - 8,33 0,29 7,70 8,10 8,30 8,50 9,80
Turbidity NTU 60,85 346,86 0,10 0,10 4,30 9,50 3.000,00

Temperature °C 12,85 7,78 0,10 6,10 11,10 18,70 32,40

NHa ppm 0,40 1,47 0,10 0,10 0,10 0,70 20,00

NOs mg/L 1,07 0,67 0,01 0,78 0,95 1,30 7,89

DO mg/L 6,85 2,95 0,01 5,00 7,38 9,07 16,00

Electrical Conductivity of Water, for irrigation purposes, greater than 700 uS/cm, can cause
soil salinity problems, depending on the type of soil, the type of crop, the climate and the way the
water is applied. ECw greater than 3000 uS/cm, like in Lake Karla (Mellios, 2020), is generally
unsuitable for irrigation. According to JMD 46399 (1986), the acceptable values for both drinking
water and living aquatic organisms are less than 1000 uS/cm. Moreover, according to JMC 2600
(2001) and WHO (1996), the maximum permitted values for drinking water are 2500 and 400
uS/cm respectively (Psilovikos, 2014). None of the four stations recorded values above the

permitted limits.
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Gkiole, Toichio, Psaradika and Stavros station recorded mean values of pH 8,42; 8,41; 8,33
and 8,22 respectively. According to JMD 46399 (1986), JMD 2600 (2001) and WHO (1996) the
acceptable values for drinking water range from 6,5 to 8,5. Moreover, according to JMC 46399
(1986) the acceptable values for aquatic organisms range from 5,5 to 9 (Psilovikos, 2014). In waters
with a pH below 5, generally not many fish species are observed. Moreover, an active acidity below
4 causes the death of all vertebrates, some invertebrates, and many microorganisms. In the case
of flora, water below pH 4,5 may harm plant organisms either directly or indirectly. None of the

four stations recorded values below the permitted limits.

Table7.4: Descriptive statisticsof the water quality data for Stavros Station
Variables Unit Mean Std dev Min 25% 50% 75% Max

Chlorophyll-a ng/L 6,52 9,78 0,10 1,50 3,00 6,80 125,00

Conductivity pS/cm 341,66 56,50 234,00 304,00 331,00 390,00 457,00

pH - 8,22 0,37 5,60 7,95 8,20 8,50 9,50
Turbidity NTU 9,75 86,28 0,10 0,10 0,10 0,10 2512,00
Temperature °C 14,58 8,20 0,10 6,80 13,70 21,90 31,80
NHa4 mg/L NA NA NA NA NA NA NA
NOs mg/L 1,48 1,36 0,01 5,27 7,60 9,60 19,28
DO mg/L 7,27 3,18 0,01 5,27 7,60 9,60 19,28

Regarding Chl-a, Gkiole and Toichio station recorded mean values of 12,44 pg/L and
11,74 pg/L respectively. The areas at the lowest part of the torrent Toichio are intended for
agricultural use and, as it has already mentioned, Toichio station was the first point in time in the
lake, that experienced eutrophication phenomena. North (Stavros) and South(Psaradika) of the
coastline that defines the city of Kastoria, the stations recorded lower meanChl-a values of 6,52
ug/L and5,61 pg/L respectively. According to Thomann and Mueller (1987), lakes with Chl-a values
higher than 10 pg/L, are considered as eutrophic. Nirnberg (1996), considers the trophic status of
a lake as eutrophic when Chl-a values range from 9,1 to 25 pg/L. Moreover, according to Nurnmerg
(1996) and OECD (1982), a lake is considered as hypertrophic when Chl-a values exceed 25 pg/L.

Finally, for Gkiole, Toichio, Psaradika and Stavros station the recorded mean values of
Turbidity are 21,28; 20,87; 60,85 and 9,75 NTU respectively. In general, Turbidity levels can range
from less than 1 NTU to more than 1.000 NTU. Water at 5 NTU is visibly cloudy, while water at 25

NTU is murky. According to WHO (1996), the turbidity of drinking water should not be more than
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5 NTU, and should ideally be below 1 NTU.Figures 7.1-7.4 demonstratethe data distribution of
water quality variables (diagonally), as well as, how variables affect each other for Gkiole, Toichio,
Psaradika and Stavros station respectively. It is obvious that the distribution of most water quality
variables is not symmetric. Artificial Neural Network, can be a suitable method in modeling water

quality variables, as it supports the nonlinear relationships between variables.
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Figure 7.1: Joint distribution of pairs of parameters from the training set for Gkiole station
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Figure 7.2: Joint distribution of pairs of parameters from the training set for Toichio station
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Figure 7.3: Joint distribution of pairs of parameters from the training set for Psaradika station
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Figure 7.4: Joint distribution of pairs of parameters from the training set for Stavros station
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Increased pH values in a lake causes an increase to phytoplankton’s population.
Subsequently, the Oxygen Demand for respiration processes, causes a decrease in Dissolved
Oxygen concentration. According to Wetzel (2001), the increaseof the Nitrate concentration,
reduces the Dissolved Oxygen, because it will also increase the population of phytoplankton, that
requires DO for the respiratory process. In addition, the decomposition process of phytoplankton,
both aerobic and anaerobic, causes a decrease in DO. Therefore, it can be concluded that the low
DO content in Lake Kastoria, is caused by the change of pH (from low — acidic to high — alkaline
conditions) and by the high concentration of nutrient levels of nitrates, which increase the
population of phytoplankton, that requires more DO oxygen for their growth, respiration and
decomposition of dead phytoplankton.

The Lake of Kastoria is characterized as a eutrophic lake, mainly during the summer months
and early autumn, as expected. This is further aggravated by the fact that Lake Kastoria is a shallow
urban lake. The fact that the state of Lake Kastoria is eutrophic, does not mean that the water
quality status is poor for its use and the water quality inadequate. In general, the good or bad
quality of water in an aquatic ecosystem, should not be linked directly to whether the ecosystem
is eutrophic or not (Kagalou and Psilovikos, 2013).

In terms of assessment of lake Kastoria’s state, it is understood that in an aquatic
ecosystem, even lower values than the maximum permitted values, for uses such as drinking water
and aquatic life, are able to cause eutrophic phenomena. Most months of the year, the lake is
classified as eutrophic-hypereutrophic. Lake Kastoria, as a eutrophic lake, is characterized by high
primary activity, high nutrient content, the ability to support growth of aquatic flora, abundance
of macrophytes and phytoplankton as indicators of clean and murky water respectively.

The intense photosynthetic processes, taking place in Lake Kastoria, result in high values of
dissolved oxygen even higher than those of oxygen saturation. This phenomenon occurs from mid-
spring to early summer and is beneficial to aquatic organisms.High values of DO are also associated
with correspondingly high concentrations of Chl-a, without the adverse effects of eutrophication
yet commencing (Matzafleri et al., 2009; Psilovikos, 2014; Psilovikos, 2020).In the evening hours,
respiration is favored, where due to eutrophication and the intense needs of the organisms,
oxygen is consumed, thus causing stress to the aquatic organism when it falls to low levels. Daily
fluctuations that occur, require continuous monitoring of dissolved oxygen on a daily basis. Lake

Kastoria presents all the above mentioned characteristics as a eutrophic lake.
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From time to time, however, lake Kastoria is characterized as hypertrophic. Hypertrophic
lakes are characterized by high concentrations of nutrients and algal blooms phenomena.
Moreover, they exhibit strong odor effects. In addition, high chlorophyll values (> 40 ug/L) and low
dissolved oxygen valuesapproaching anoxia and creating dead zones, mainly during the evening
hours, occur. Also, hypertrophic lakes are characterized by the presence of toxic gases such as H,S,

NHs and CHa.

7.2 Structure: 7-64-64-1

Structure 7-64-64-1 indicates that each investigated Deep Neural Network is composed of
one input layer with seven input variables, two hidden layer with 64 neurons each, and one output
layer with one output variable. In case of “Stavros” station the investigated structure is 6-64-64-1,
as NHaparameter is not available for this station. It should be noted here that for Gkiole, Toichio
and Psaradika station, the structure 6-64-64-1 is also tested. The differences between 7-64-64-1
and 6-64-64-1 structures are considered negligible, and the models with structure 7-64-64-1 are

prevailed in order to preserve in the input layer all the available information.

7.2.1 Gkiole Station
7.2.1.1 DO model
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Figure 7.5: Mean Absolute Error (DO model, Gkiole station, Structure 7-64-64-1)
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Figure 7.7: a) True vs Predicted values (left), b) Predicted Error (right) (DO model, Gkiole station, Structure 7-64-64-
1)

Figures 7.5 and 7.6, illustrate the Mean Absolute Error and the Mean Square Error of DO
model for Gkiole station, during the training process of 1000 epochs. The model seems to “learn”
from the dataset after the 20t epoch. The Training Mean Absolute Error equals to 0,69, while the
Training Mean Square Error equals to 0,89. In order to examine how well the model generalizes
after the training procedure, the test set is used. The resulting values of Mean Absolute Error and
Mean Square Error equal to 0,71 and 0,92 respectively. The fact thatthe obtained training errors
were slightly lower than the tested ones, indicates that over-fitting is avoided. Figure 7.7a shows
the true vs the predicted values achieved, after the training procedure, showing how well one can
expect the model to predict when it is used in the real world. It looks like the DO model with
structure 7-64-64-1, predicts reasonably well. Finally, Figure 7.7b illustrates the prediction error

distribution.
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7.2.1.2 Turbidity model
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Figure 7.8: Mean Absolute Error (Turbidity model, Gkiole station, Structure 7-64-64-1)
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Figure 7.9: Mean Square Error (Turbidity model, Gkiole station, Structure 7-64-64-1)

For Turbidity model with structure 7-64-64-1, the training procedure takes place for 1000
epochs. As convergence could notbe achieved, the number of epochs is increased to 5000, but
without any arithmetic improvement (Figures 7.8 and 7.9). The Testing set Mean Absolute Error

equals to 10,53, while the Testing Mean Square Error equals to 778,88, indicating that the Turb

modeldoes not show a good predictive capacity.
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7.2.1.3 Chl-amodel
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Figure 7.10: Mean Absolute Error (Chl-a model, Gkiole station, Structure 7-64-64-1)

Regarding Chl-a model with structure 7-64-64-1, the training process takes place for 1000
epochs (Figure 7.10). Convergence could notbe achieved, so the number of epochs is increased to
5000, but even in this case no decrease in the validationerror is achieved. The Testing set Mean
Absolute Error equals to 6,34, while the Testing Mean Square Error equals to 375,95, indicating

that Chl-a modeldoes not have any predictive ability.

7.2.2 Toichio Station
7.2.2.1 DO model
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Figure 7.11: Mean Absolute Error (DO model, Toichio station, Structure 7-64-64-1)
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Figure 7.13: a) True vs Predicted values (left), b) Predicted Error (right)(DO model, Toichio station, Structure

7-64-64-1)

Figures 7.11 and 7.12 illustrate the Mean Absolute Error and the Mean Square Error of DO

model for Toichio station during the training process of 1000 epochs. The model seems to “learn”

from the dataset after the 20t epoch. The Training Mean Absolute Error equals to 0,48, while the

Training Mean Square Error equals to 0,52. Moreover, the resulting values of Mean Absolute Error

and Mean Square Errorfor test set, equal to 0,49 and 0,51, respectively. The fact thatthe Obtained

Training Errors were slightly lower than the Tested Ones, indicates that a good fit is obtained.

Figure 7.13a shows that DO model with structure 7-64-64-1 for Toichio station predicts very well.

Finally, Figure 7.7b illustrates the prediction error distribution.
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7.2.2.2 Turbidity model
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Figure 7.14: Mean Absolute Error (Turbidity model, Toichio station, Structure 7-64-64-1)

Turbidity modelhas a bad predictive ability asconvergence could notbe achieved (Figure
7.14). The Testing set Mean Absolute Error equals to 6,90, while the Testing Mean Square Error
equalsto 1121,15.

7.2.2.3 Chl-a model
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Figure 7.15: Mean Absolute Error (Chl-a model, Toichio station, Structure 7-64-64-1)

For Chl-a model with structure 7-64-64-1 (Toichio station), the training process takes place
for 1000 epochs (Figure 7.15). No convergence is achieved for the aforementioned structure. The
Testing set Mean Absolute Error equals to 3,39, while the Testing Mean Square Error equals to

66,12; showing no predictive capacity.
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7.2.3 Psaradika Station
7.2.3.1 DO model
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Figure 7.16: Mean Absolute Error (DOmodel, Psaradika station, Structure 7-64-64-1)
8 8
= Train Error = Train Error
o 7 —— Val Errar o 7 —— Wal Error
'a' ] =
= [ E B
I'QT g
E 5 T g g -
5 5
5 £ 4
.1
E 3 T E 3 A
=] )
& &
% ] g ] k%;
bl P
= 14 IQ = 14
sty el i St e e s radbiarin ot
1] T T T T T T 1] T T T T T
o 200 400 600 200 1000 o 10 20 D) 40
Epoch Epoch
Figure 7.17: Mean Square Error (DOmodel, Psaradika station, Structure 7-64-64-1)
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Figures 7.16 and 7.17show the Mean Absolute Error and the Mean Square Error of DO
model for Psaradika station, during the training process of 1000 epochs. The model seems to
“learn” from the dataset after the 40™ epoch, fact that also is confirmed manually, from the
obtained sheets of Training and Validation statistical results, for each case. The Training Mean
Absolute Error equals to 0,60, while the Training Mean Square Error equals to 0,77. The test set is
used to examine the predictive capacity of the investigated model. The values obtained of Mean
Absolute Error and Mean Square Error equal to 0,63 and 0,80 respectively, underlying that over-
fitting is avoided. DO model with structure 7-64-64-1 for Psaradika station predicts reasonably well

(Figure 7.18a). Finally, Figure 7.18b shows the prediction error distribution.

7.2.3.2 Turbidity model
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Figure 7.19: Mean Absolute Error (Turbidity model, Psaradika station, Structure 7-64-64-1)

Figure 7.19 shows that in case of Turbidity model for Psaradika station, training and
validation phase could not converge even in case that epochs reach 5000.The Testing Mean

Absolute Error equals to 84,73, while the Testing Mean Square Error equals to 92594,44,
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7.2.3.3 Chl-a model
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Figure 7.20: Mean Absolute Error (Chl-a model, Psaradika station, Structure 7-64-64-1)

For Chl-a model (structure 7-64-64-1 — Psaradika station), the Testing Mean Absolute Error
equals to 3,23, while the Testing Mean Square Error equals to 127,32. As the number of epochs is
increased, the difference between validation error values and train error values is also increased.
No convergence is achieved for Chl-a model, with structure 7-64-64-1 for Psaradika station (Figure

7.20).

7.2.4 Stavros Station

7.2.4.1 DO model
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Figure 7.21: Mean Absolute Error (DO model, Stavros station, Structure 6-64-64-1)
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Figure 7.22: Mean Square Error (DOmodel, Stavros station, Structure 6-64-64-1)
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Figure 7.23: a) True vs Predicted values (left), b) Predicted Error (right)(DOmodel, Stavros station, Structure
6-64-64-1)

Figures 7.21 and 7.22, show the training process during 1000epochs of DO model, with

structure 6-64-64-1 for Stavros station. The convergence is achieved and themodel seems to

understand the dataset after the 35™" epoch. The Training Mean Absolute Error equals to 0,73,

while the Training Mean Square Error equals to 1,02. The values obtained of Mean Absolute Error

and Mean Square Error for test process equal to 0,74 and 1,08 respectively. DO model with

structure 6-64-64-1 for Stavros station, predicts reasonably well (Figure 7.23a). Finally, Figure

7.23b shows the prediction error distribution.
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7.2.4.2 Turbidity model
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Figure 7.24: Mean Absolute Error (Turbiditymodel, Stavros station, Structure 6-64-64-1)

Turbidity model for Stavros station, could not converge during the training process (Figure
7.24). The Testing Mean Absolute Error equals to 7,32, while the Testing Mean Square Error equals

to 1431,49, indicating that the model does not have a good performance.

7.2.4.3 Chl-a model
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Figure 7.25: Mean Absolute Error (Chl-amodel, Stavros station, Structure 6-64-64-1)

Chl-a model, with structure 6-64-64-1 for Stavros station, show a better performance
compared with the aforementioned models of Chl-a, but still the obtained values of Testing Mean
Absolute Error (equals to 2,91) and the Testing Mean Square Error (equals to 21,05), are not

satisfactory.

151

Institutional Repository - Library & Information Centre - University of Thessaly
20/06/2026 18:21:35 EEST - 216.73.217.151



7.3 Structure: 4-64-64-1
Structure 4-64-64-1, indicates that each investigated Deep Neural Network is composed of
one input layer with four input variables, two hidden layer with 64 neurons each, and one output

layer with one output variable.

7.3.1 Gkiole Station
7.3.1.1 DO model

According to Figures 7.26 and 2.27, DO model with structure 4-64-64-1 seems to achieve
its training procedure, from the 60" epoch and on. The Training Mean Absolute Error equals to
0,58, while the Training Mean Square Error equals to 0,83. In order to examine how well the model
generalizes after the training procedure, thetestset is used. The resulting values of Mean Absolute
Error and Mean Square Error, equal to 0,61 and 0,85 respectively. The fact that, the obtained
training errors were slightly lower than the tested ones, indicates that over-fitting is avoided.
Figure 7.28a, illustrates the true (recorded) versus the predicted values obtained. It looks like the
DO model, with structure 4-64-64-1 for Gkiole station, has a good predictive capacity. Finally,

Figure 7.28b shows the prediction error distribution.
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Figure 7.26: Mean Absolute Error (DO model, Gkiole station, Structure 4-64-64-1)
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Figure 7.29: Mean Absolute Error (DOmodel, Toichio station, Structure 4-64-64-1)
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Figure 7.30: Mean Square Error (DOmodel, Toichio station, Structure 4-64-64-1)
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Figure 7.31: a) True vs Predicted values (left), b) Predicted Error (right) (DOmodel, Toichio station, Structure

4-64-64-1)

Figures 7.29 and 7.30 demonstrate the Mean Absolute Error and the Mean Square Error of

DO model, with structure 4-64-64-1 for Toichio station, during the training process of 1000 epochs.

The model “understands” the dataset after the 40™ epoch. The Training Mean Absolute Error,

equals to 0,62, while the Training Mean Square Error equals to 0,70. Moreover, the Testing Mean

Absolute Error and Mean Square Error, equals to 0,62 and 0,72 respectively, showing that the DO

model predicts reasonably well. Finally, Figure 7.31 illustrates the true values versus the predicted

ones and the prediction error distribution.
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7.3.3 Psaradika Station

7.3.3.1 DO model
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Figure 7.32: Mean Absolute Error (DOmodel, Psaradika station, Structure 4-64-64-1)
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Figure 7.33: Mean Square Error (DOmodel, Psaradika station, Structure 4-64-64-1)

In case of Psaradika station, the DO model shows a good performance (Figures 7.32 and
7.33). The Training Mean Absolute Error equals to 0,57, while the Training Mean Square Error
equals to 0,65. Furthermore, Figure 7.34a shows the true (recorded) versus the predicted values,

achieved after the training procedure, while Figure 7.34b shows the prediction error distribution.
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Figure7.34: a) True vs Predicted values (left), b) Predicted Error (right)(DOmodel, Psaradika station, Structure 4-64-
64-1)

7.3.4 Stavros Station
7.3.4.1 DO model

Figures 7.35 and 7.36, illustrates that the DO model for Stavros station “learns” the dataset
after the 40™" epoch. The Training Mean Absolute Error equals to 0,69, while the Training Mean
Square Error equals to 0,98. Furthermore, the Testing Mean Absolute Error and Mean Square Error
equal to 0,72 and 1,11 respectively, showing that the DO model predicts well. Figure 7.37

illustrates the true values (recorded) versus the predicted ones and the prediction error

distribution.
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Figure 7.35: Mean Absolute Error (DOmodel, Stavros station, Structure 4-64-64-1)
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Figure 7.37: a) True vs Predicted values (left), b) Predicted Error (right) (DO model, Stavros station, Structure

7.4 Structure: 7-32-32-1

4-64-64

-1)

Structure 7-32-32-1 indicates that each investigated Deep Neural Network, is composed of

one input layer with seven input variables, two hidden layers with 32 neurons each, and one

output layer with one output variable. In case of “Stavros” station the investigated structure is 6-

32-32-1, as NHs-N parameter is not available for this station.

7.4.1 Gkiole Station
7.4.1.1 DO model
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Figure 7.38: Mean Absolute Error (DO model, Gkiole station, Structure 7-32-32-1)
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Figure 7.40: a) True vs Predicted values (left), b) Predicted Error (right)(DO model, Gkiole station, Structure
7-32-32-1)
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7.4.2 Toichio Station
7.4.2.1 DO model
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Figure 7.41: Mean Absolute Error (DOmodel, Toichio station, Structure 7-32-32-1)
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Figure 7.42: Mean Square Error (DOmodel, Toichio station, Structure 7-32-32-1)
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Figure 7.43: a) True vs Predicted values (left), b) Predicted Error (right) (DOmodel, Toichio station, Structure

7-32-32-1)
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7.4.3 Psaradika Station
7.4.3.1 DO model
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Figure 7.44: Mean Absolute Error (DOmodel, Psaradika station, Structure 7-32-32-1)
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Figure 7.45: Mean Square Error (DOmodel, Psaradika station, Structure 7-32-32-1)
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Figure 7.46: a) True vs Predicted values (left), b) Predicted Error (right)(DOmodel, Psaradika station, Structure 7-32-
32-1)
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7.4.4 Stavros Station
7.4.4.1 DO model
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Figure 7.47: Mean Absolute Error (DOmodel, Stavros station, Structure 6-32-32-1)
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Figure 7.48: Mean Square Error (DOmodel, Stavros station, Structure 6-32-32-1)
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Figure 7.49: a) True vs Predicted values (left), b) Predicted Error (right) (DOmodel, Stavros station, Structure 6-32-32-
1)
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The DO models with structures 7-32-32-1, produce results with the MAE of 0,54; 0,55 and
the MSE of 0,65; 0,68 for the training and the testing process respectively, for Gkiole station, the
MAE of 0,50; 0,54 and the MSE of 0,54; 0,57 for the training and the testing process respectively,
for Toichio station, the MAE of 0,57; 0,58 and the MSE of 0,70; 0,72 for the training and the testing
process respectively, for Psaradika station, the MAE of 0,69; 0,70 and the MSE of 0,98; 1,01 for the
training and the testing process respectively, for “Stavros” station, with structure 6-32-1. For all
the investigated DO models, the training process takes place for 1000 epochs and convergence is
achieved (Figures 7.38 and 7.39 for Gkiole station; 7.41 and 7.42 for Toichio station; 7.44 and 7.45
for Psaradika station; 7.47 and 7.48 for Stavros station). All DO models with structure 7-32-32-1
and 6-32-32-1, predicts reasonably well (Figures 7.40a; 7.43a; 7.46a and 7.49a). Finally, Figures
7.40b; 7.43b; 7.46b and 7.49b, shows the prediction error distribution of DO models for all

stations.

7.5 Structure: 4-32-32-1

Structure 4-32-32-1, indicates that each investigated Deep Neural Network, is composed
of one input layer with four input variables, two hidden layers with 32 neurons each, and one

output layer with one output variable.

7.5.1 Gkiole Station
7.5.1.1 DO model
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Figure 7.50: Mean Absolute Error (DO model, Gkiole station, Structure 4-32-32-1)
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Figure 7.51: Mean Square Error (DO model, Gkiole station, Structure 4-32-32-1)
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Figure 7.52: a) True vs Predicted values (left), b) Predicted Error (right) (DO model, Gkiole station, Structure 4-32-32-
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Figure 7.53: Mean Absolute Error (DOmodel, Toichio station, Structure 4-32-32-1)
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Figure 7.54: Mean Square Error (DOmodel, Toichio station, Structure 4-32-32-1)
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Dissolved Oxygen models with structures 4-32-1, produce results with the MAE of 0,64;
0,67 and the MSE of 0,84; 0,94 for the training and the testing process respectively, for Gkiole
station, the MAE of 0,58; 0,62 and the MSE of 0,76; 0,77 for the training and the testing process
respectively, for Toichio station, the MAE of 0,58; 0,60 and the MSE of 0,69; 0,71 for the training
and the testing process respectively, for Psaradika station and the MAE of 0,73; 0,78 and the MSE
of 1,23; 1,30 for the training and the testing process respectively, for Stavros station.For all the
investigated DO models, the training process takes place for 1000 epochs and convergence is
achieved(Figures 7.50 and 7.51 for Gkiole station; 7.53 and 7.54 for Toichio station; 7.56 and 7.57
for Psaradika station; 7.59 and 7.60 for Stavros station). All DO models with structure 7-32-32-1

and 6-32-32-1 predicts reasonably well (Figures 7.52a; 7.55a; 7.58a and 7.61a). Finally, Figures
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7.52b; 7.55b; 7.58b and 7.61b, shows the prediction error distribution of DO models for all
stations.

In general, the structure 7-64-1 is the most appropriate for Toichio station, while the
structure 4-64-1 for Psaradika station. Moreover, the best performance for structure 7-32-32-1
shows the Gkiolestation, while Psaradika station is prevailed for models structure 4-32-32-1. Also,
the investigated models ofTurbidity and Chl-a with structures 7-64-64-1 for Gkiole, Toichio and
Psaradika stations and 6-64-64-1 for Stavros station, couldn’t show a good performance. The
models are firstly trained for 1000 epochs. When the results are not satisfactory, the epochs are
increased. In cases of Turbidity and Chl-a model, where the validation and training processes
couldn’t converge, the number of epochs is increased to 5000, but still no improvement is
recorded. The predictive abilityof the developed system has been investigated, according to
statistical methods described in Chapter 5. The inability of models could be explained due to their
lack of the capability to handle such a large variance in the data. For example, the minimum value
of Turbidity for Psaradika station equals to 0,10 uS/cm, while its maximum value is 3000 uS/cm.
Similarly, the minimum value of Chl-a for Gkiole station is 0,80 ug/L, while its maximum value
reaches 441,10 pg/L. Hence, another type of Neural Network, that could handle the large variance
in data, may be more suitable. Probably an evaluation both on the wet and dry seasons may
guarantee a better generalization.

The Dissolved Oxygen models are trained for two different numbers of neurons, in the
hidden layers and for two different input combinations. The optimal network architecture, of each
structure for each station, is selected based on the one with the minimum statistical descriptors.
Overall, four structures are compared as shown in Table 7.5 for each station. The well-trained DNN
with structure 7-32-32-1, produces results with the MAE of 0,54; 0,55 and the MSE of 0,65; 0,68
for the training and the testing process respectively, with a good predictive ability for Gkiole
station. For Toichio station, the structure 7-64-64-1 prevailswith the MAE of 0,48; 0,49 and the
MSE of 0,52; 0,51 for the training and the testing process respectively and it constitutes the
structure with the best performance compared with all the structures for all stations. For Psaradika
station, the structure 4-64-64-1 produces the best results in relation to the others structures of
this station with the MAE of 0,57; 0,58 and the MSE of 0,65; 0,68 for the training and the testing
process respectively. Finally, Stavros station, presents results with the MAE of 0,69; 0,70 and the
MSE of 0,98; 1,01 for the training and the testing process respectively (Structure 6-32-32-1).

However, the selected structure 6-32-32-1 for Stavros station, is the less appropriate when
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compared to the aforementioned selected structures for Gkiole, Toichio and Psaradika station.
However, it should be mentioned that, in all the investigated structures, the training errors are

slightly lower than the tested ones, fact that indicates the good fit that has achieved.

Table 7.5: Statistical descriptors of the investigated structures for all stations

Stati Struct Training Test
ation FUctUr®  ™"MAE | MSE | NSE | MAE | MSE | NSE
7-64-64-1 0,69 0,89 081 | 071 | 092 | 0,79
S 4-64-64-1 0,58 0,83 084 | 061 | 085 | 0,82
R 7-32-32-1 0,54 0,65 0,89 | 0,55 | 0,68 | 0,86
4-32-32-1 0,64 0,84 082 | 067 | 094 | 081
7-64-64-1 0,48 0,52 092 | 049 | 051 | 0,93
- 4-64-64-1 0,62 0,70 089 | 062 | 072 | 091
[ 7-32-32-1 0,50 0,54 0,91 | 054 | 057 | 0,92
4-32-32-1 0,58 0,76 0,90 | 062 | 077 | 091
7-64-64-1 0,60 0,77 0,88 | 063 | 080 | 0,90
_ 4-64-64-1 0,57 0,65 091 | 058 | 068 | 0,92
Psaradika 732321 0,57 0,70 0,89 0,58 0,72 0,90
4-32-32-1 0,58 0,69 089 | 060 | 071 | 0,90
6-64-64-1 0,73 1,02 087 | 074 | 108 | 086
4-64-64-1 0,69 1,07 088 | 072 | 1,11 | 0,86
S 632321 0,69 0,98 091 | 0,70 | 1,01 | 0,90
4-32-32-1 0,73 1,23 08 | 078 | 130 | 0,85

Based on the investigated structures, the results demonstrate that the proposed DNN
models (Table 7.6) constitute the best choice for modelling Dissolved Oxygen for each station.
Table 7.6, also illustrates the efficiency of the selected structures. Moreover, it is concluded that
the models that show the most appropriate predictive ability, based on their statistical descriptors
for Gkiole, Toichio and Stavros station, are the models consisting of all the input parameters.
Despite the fact that not all the input parameters have a high impact on the output, the use of all
the available information seems to give a better performance in Deep Learning.In other words, all
the parameters have a significant effect on the performance of the DNN model and cannot be
excluded from the input variables. This inability to explain network behavior, may seem
unacceptable to the scientist, but one should remember that when one is moving in the ambiguous
contexts of stochastic phenomena and, in particular, Artificial Intelligence, this may not only be
acceptable, but that's the scope. In other words, the structure and function of the network

becomes “autonomous” achieving the idea of “Machine Learning”.
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In case of Toichio station, the selected model does not use all the parameters to achieve a
good performance, but it needs a Deep Network of 64 nodes per layer, instead of 32 in order to
give the best results compared to other structures for this station.The fact that the model with
structure 4-32-32-1, utilizing fewer inputs and nodes in hidden layers, is less appropriate in relation
to all the investigated models for all stations,constitutes an evidence that complex Neural

Networksare a promising field for improvement.

Table 7.6: The Optimal selected structures for each station

Stati Training Test

tation | Structure U T MSE | NSE | MAE | MSE | NSE
Gkiole 7-32-32-1 0,54 0,65 0,89 0,55 0,68 0,86
Toichio 7-64-64-1 0,48 0,52 0,92 0,49 0,51 0,93

Psaradika | 4-64-64-1 0,57 0,65 091 | o58 | o068 | 092
Stavros 6-32-32-1 0,69 0,98 0,91 0,70 1,05 0,90

When applying Deep Learning, one seeks to produce better results than the already
existing shallow structures. Using Deep Learning has yielded results that are better than the
previously existing techniques, indicates that this is an auspicious field for improvement.

Table 7.7 gives the hyper-parameters and statistical descriptors of investigated Neural
Networks in literature for Dissolved Oxygen prediction. Rancovic et al. (2010), proposed a Back
Propagation Neural Network in order to predict Dissolved Oxygen. Their shallow model with one
hidden layer and structure 7-15-1, produces less appropriate results in relation to the proposed
structures of this PhD thesis (Table 7.7). Antanasijevi¢, et al. (2013), have also proposed a Back
Propagation Network with better predictive ability than the aforementioned study, but quite
similar to the results of this thesis, with a structure 4-10-1 and one hidden layer with the MAE of
0,55; 0,72 and the MSE of 0,54; 0,68 for the training and the testing process respectively. Wen et
al. (2013) applied a Multilayer Perceptron model, to predict dissolved oxygen with very good
predictive ability and structure 8-14-1. The learning rate that was used to achieve their goal, equals
to 0,01; a value much higher than 0,001 used in this thesis. Ay and Kisi (2012), proposed both a
Multi Layer Perceptron model and a RBNN model, with a large number of inputs compared with
other studies (4765/parameter), but still fewer than the number of data used for this thesis. The
statistical descriptors demonstrated a good predictive ability. However, the fact thatthe
obtainedtraining errors were slightly higher than the tested ones, indicates that over-fitting was

not avoided in their study such in case of Antanasijevi¢, et al. (2013) with the Recurrent Neural
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Network model and a number of samples per parameter around 4500 (comparatively high with

other studies.

Table 7.7: Hyper-parameters and Statistical descriptors of investigated Neural Networks in literature

Number of Statistical Descriptors
Model e Samples I:::Idan rIIJ:dden AFniv:-:ian La;:ing Train Test Reference
o L=E =S unetion - MAE MSE MAE MSE
parameter
pH, NHy",
NOz NOg, " . .
BPNN 180 1 15 Sigmoid MNA 0,83 1,47 1,64 3,87 Rankovit et al., 2010
ECw, Fe,
Mn2*
pH, ECw,
Ta, cl, . .
MLP ca® TH 164 1 14 Tan-Sigmoid 0,01 - 0,17 - 0,20 Wen et al,, 2013
NH;", NO3”
H, T, . .
MLP DEC\.\.' 4765 1 1 Purelin/logsig NA 0,25 0,11 0,23 0,08 Ay et al., 2012
T, pH, i
RENN ng 4765 2 12 Gaussian NA 0,23 0,10 0,21 0,07 Ay et al., 2012
Flow, pH, N Antanasijevic et al.,
GRNN T, ECw = 4500 1 Bl MNA NA 0,07 0,03 0,60 0,60 2013
Flow, pH, N Antanasijevic et al.,
BPNN T, ECw = 4500 1 10 NA NA 0,55 0,54 0,72 0,68 2013
Flow, pH, N Antanasijevic et al.,
RNN T ECw = 4500 1 11 NA NA 0,44 042 0,49 0,35 2013
BOD, COD,
SS, TKN, TP Hypervolic
. Al hakul et al.,
MLP | Teoliform, 384 1 16 tangent NA NA NA 0,70 0,78 AT
NHs", NOy Sigmoid
NO7, pH

It becomes clear, that in the present PhD thesis, the use of the selected tools and platforms
described in Chapter 6, gives the advantage of using large databases, while the training and testing
procedure is obtained in a very short time (the GPU card contains 3584 cores and use them all). As
it has already mentioned, the learning rate is a crucial hyper-parameter in Deep Learning,
controlling how much to change the model in response to the estimated error, each time the
model weights are updated. If the learning rate is too large, the network fails to converge. Most of
the Neural Networks utilizea value from 0,01 to 0,3 of the learning rate. In the present PhD thesis,
taking advantage of the computing power of the graphic card, a learning rate of 0,001 is used.
Moreover, Tensorflow provides state-of-the-art Machine Learning methods and the possibility of
using parallel programming through the computing power of the graphics card makes the process
of Machine Learning constantlygaining ground. Also, the Python programming language is free of

charge, compared with Matlab that is widely used in Machine Learning.
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CHAPTER 8: CONCLUSIONS

“Preventing is better than curing”
Hippocrates (460 — 370 BC)

Lakes constitute important indicators of climate change. Geographically, they comprise the
lowest points of an internal catchment’s area, collecting the surface runoff water from the
hydrographic network. Their physical, chemical and biological responses to the climate give a
variety of priceless information. That is the reason why monitoring systems play a decisive role in
lake management by providing systematic information of the qualitative parameters.

The monitoring of the water quality parameters of Lake Kastoria, is based on a complete
telemetric, self-powered, low-energy consumption system of electronic monitoring stations. Since
2015, Lake Kastoria is monitored telemetrically on a continuous daily basis, by 4 Stations at one
location on its surface. The telemetric stations record: Chlorophyll a (Chl-a - pg/L), pH, Water
temperature (Tw - ° C), Conductivity (Cond - uS/cm), Turbidity (Turb - NTU), Dissolved Oxygen (DO
- mg/L), Ammonia nitrogen (N-NHa, mg/L); Nitrate nitrogen (N - NOs, mg/L); and Water level (m).
Such integrated systems constitute powerful management tools for the sustainability of the
aquatic ecosystems. The aforementioned Telemetric Stations, assist the main monitoring station
of Lake Kastoria, (according to Directive 2000/60, Law 3199/2003 and JM 140384/2011), both
spatially (more stations in different locations) and chronicle (continuous monitoring). These results
are collected by the Ministry of Environment and Energy of Greece. After all, without the present
monitoring system of Lake Kastoria, it would be impossible to apply Deep Neural Network models.

The Real — Time Monitoring of the Water Quality Parameters contributes in Management
Practices, the most important of which are summarized below:

v' Controlling water quality for irrigation
Monitoring atmospheric conditions
Determining microclimate indicators
Warning in cases of crises caused by extreme events

Continuous knowledge of the state of the water bodies

AN N RN

Maintaining the Ecological Balance of the ecosystems and water resources of the region.

An increasing trend in the number of the articles studying Machine Learning to predict
Water Quality parameters in aquatic systems is observed, during the last fifteen years. Concerning
the models used in order to predict Water Quality parameters, ANNs show the most impressive

rise, from 1995 until 2019, as their use has increased dramatically. DNN, an upgraded and more
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complex version of ANN, shows an upward trend mainly from 2010 onwards. The remarkable rise,
from 2017 and on, occurs mainly due to the appearance of new platforms and tools that facilitate
their use in terms of accuracy and speed.

At the present PhD Dissertation, the ability of Deep Neural Networks to predict in real-time
the quality parameter of DO, Chl-a and Turbidity in Lake Kastoria, is tested. The examined Feed
Forward Deep Neural Networks (FF-DNN) of DO, are tested for four different structures based on
the number of nodes, used in the hidden layers and the number of input variables. The investigated
models of Turbidity and Chl-a, with structures 7-64-64-1 for Gkiole, Toichio and Psaradika stations
and 6-64-64-1 for Stavros Station, couldn’t show a good performance. The inability of models could
be explained due to their lack of the capability to handle such a large variance in the data.

The optimal selected Feed Forward Deep Neural Networks (DNN) of DO for each station
provide information in Real Time and comprise a powerful Decision Support System (DSS), for
preventing accidental and emergency conditions that may arise from both Natural and
Anthropogenic Hazards. The well-trained DNN, with structure 7-32-32-1, produces results with the
MAE of 0,54; 0,55, the MSE of 0,65; 0,68 and the NSE of 0,89; 0,86 for the training and the testing
process respectively, with a good predictive ability for Gkiole station. For Toichio station, the
structure 7-64-1 prevails with the MAE of 0,48; 0,49, the MSE of 0,52; 0,51 and the NSE of 0,92;
0,93 for the training and the testing process respectively and it constitutes the structure with the
best performance compared with all the structures for all stations. For Psaradika station, the
structure 4-64-1 produces the best results in relation to the other structures of this station with
the MAE of 0,57; 0,58, the MSE of 0,65; 0,68 and the NSE of 0,91; 0,92 for the training and the
testing process respectively. Finally, Stavros station with structure 4-32-1 presents results with the
MAE of 0,69; 0,70, the MSE of 0,98; 1,01 and the NSE of 0,91; 0,90 for the training and the testing
process respectively.

In practice, the use of Neural Networks in hydrology, tends to mimic hydrological
processes, which science does not fully understand or can express with the help of a mathematical
formula. However, it should be noted that, according to their structure and function, Neural
Networks generally do not provide a better understanding of hydrological processes and natural
phenomena, as they simplify physics and “degenerate” into weights and threshold values.

One has to understand the natural procedures that occur, in order to select the appropriate
network structure and to apply the appropriate training algorithm. Moreover, the right choice of

network architecture, activation functions, and learning methods, could be substantiated through

175

Institutional Repository - Library & Information Centre - University of Thessaly
20/06/2026 18:21:35 EEST - 216.73.217.151



a test and control process. Also the selection of training data is of paramount importance, as it
requires proper preparation and normalization.

However, in a water management point of view, due to the user-friendly nature of the
proposed Neural Networks, they can be implemented in real time by non-specialists, as no
knowledge of the phenomenon is required after the end of training phase. When applying Deep
Learning, one seeks to produce better results than the already existing shallow structures.
Employing Deep Learning, has yielded results in these cases that are better, than the previously
existing techniques, which is evidence that this is a promising field for improvement.

Moreover, useful information is extracted that allow us to understand the consequences
of the LULC changes. From 1945 to 2000, the forest and semi-natural areas of Lake Kastoria’s
catchment area show a rise of 60%, agriculture decreased by 35%, aquatic areas show stability,
while wetlands have a remarkable decrease of 60%. Finally, the artificial surfaces doubled their
area and in particular they increased by 140% as expected. Despite the fact that agricultural and
urban sources of pollution have increased, the presence of the biological treatment system since
1995, has significantly reduced the phenomenon of eutrophication.

Moreover, it is concluded, that the obtained IDW maps, of the three most representative
months, are in agreement with the values of the monitored parameters of the telemetric stations,
as well as the ecological processes, that take place in water body of Lake Kastoria.

The North, East and South parts of the catchment of Lake Kastoria, are characterized by
extensive arable land and, in contrast to its West part, it is occupied by the city of Kastoria, forest
and semi-natural areas. The Gkiole Stream, constitutes the only surface discharge of Lake
Kastoria’s basin, as well as the connection between the Lake and the Aliakmonas River. The Stavros
and Psaradika stations, are located South and North of the coastline respectively, that are the most
significant spots of the urban part of the Lake Kastoria. They constitute stations of significant
importance, for measuring the ecological sensitivity of the aquatic ecosystem by the pressures
exerted by the city itself. Finally, the Toichio station is located in the Northern part of Lake Kastoria.
The areas at the lowest part of the Torrent Toichio are intended for agricultural use. Concerning
the North-Western side of the lake, the waters are characterized by a stationary water status.

In an aquatic ecosystem, such as a lake ecosystem, in January, the lowest Tw values are
presented; large quantities of precipitation are detected, strong winds occur, while the

concentration of nutrients are poor. Under prevailing environmental conditions, therefore, one
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expects high levels of Dissolved Oxygen inside the lake, mainly in surface water, although
photosynthesis activity is poor.

In May, the temperature rises, the regeneration of aquatic and riparian vegetation take
place, photosynthesis activity show its peak, as abundance of photosynthetic organisms and of
Dissolved Oxygen in the waters are at seasonally satisfactory levels. In addition to surface water,
excess nutrients are present, while concentrations of Nitrate, Nitrite, Ammonium and Phosphate,
which play a key role in the lake's nutritional status, are increasingly detected. Generally, in the
given period of time, the so-called “good” side of the eutrophication is presented, where the DO
balance is positive and the re-aeration level is greater than the respiration one.

On the contrary, in September the conditions of the “bad” side of eutrophication are
prevailed. Aquatic and riparian flora start to decompose, aerobic microorganisms and especially
bacteria, which consume excessive amounts of DO, through respiration processes, are rapidly
increased. Consequently, the reduction in DO is likely to cause stress to fish populations, even
sometimes leading to fish deaths. Moreover, nutrients that flow into the lake are increased
dramatically, causing hypoxic conditions, especially in shallow lakes and lakes in both urban and
agricultural catchments, such as Lake Kastoria. Subsequently, anaerobic bacteria create gaseous
decomposition products, such as the toxic Hydrogen Sulfide (H2S) and Ammonia in both ionized
(NH4*) and non-ionized (NHs) forms or in the form of Nitrogen Ammonia (N — NHa4*), especially in
areas very close to the bottom and the sediments of the lake.

However, it is a little bit risky to try to interpret water quality parameters, because we have
monitoring data only from the abiotic parameters and the ecosystem of Lake Kastoria is so quite
complicated, that it is unsafe to assess successfully. So, we try to explain, based only to the abiotic
monitoring data, by quoting the results of the research. Another point is that, we take for granted
that the electronic sensors of the monitoring probes, are frequently maintained, calibrated and
replaced when a damage occurs. There is much uncertainty of the assessment of these parameters
and only for the parameters of Tw, DO, Chl-a and Turbidity, we try to obtain a satisfactory
interpretation, considering that Tw is a very important input independed parameter and the three
latter, are the output parameters, obtained by the structure of the Deep Learning Machine
Models.

Finally, the design of the contour deterministic maps contains uncertainty too, because
from a number of four point values, we spatially integrate and assume that the equipotential

curves which prevail, gives us representative values of the reality. Unfortunately, we cannot use
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geostatistical methods, because of the low number of monitoring points, but we do our best, using
the most appropriate deterministic method (IDW).

The highest levels of Chlorophyll-a are detected peripherally of Gkiole’s telemetric station,
in January, while for the rest telemetric stations its concentration is low showing the minimum
value (4,42 ug/L) near Stavros station. In May, the lowest values of Chlorophyll-a concentration
are restricted to the perimeter of the Psaradika station (Northwest), while its highest values are
detected in the Northeastern and Southern parts of the lake. In September, the highest
chlorophyll-a values continue to appear in the Northeastern part of the lake. On the contrary,
Stavros station (Southwest), show its minimum value.

Regarding the correlation of Tw with the surface of Lake Kastoria and the season, it is
observed that the lowest Tw values are observed in the Northern and Western part of Lake
Kastoria during all the reference months. In contrast, the highest Tw values, appear in the
Southeastern part of the lake. The lowest Tw is in January, while the highest is in September,
considering the periods — months that we take into account.

Concerning the parameter of Dissolved Oxygen, in January, the highest values are observed
in the Northeastern and Southwestern part of the lake, where this situation is further established
in the Southwestern part, in May. This is explained mainly by the torrents that flow into the lake
from the north and east, enriching the lake with water during the winter and spring. In September,
the concentration of Dissolved Oxygen is decreased in the Southeastern part of the lake, due to
the opening of Gkiole’s weir. In general, DO values remain constant throughout the year. However,
in the past, based on the literature, low values of Dissolved Oxygen were observed in January, due
to the sharp drop of Tw in the Lake’s surface where it got frozen for a couple of weeks, making the
enrichment of the water with DO, difficult.

The highest pH values are found around Gkiole station, while the lowest pH value is
observed at Stavros station. These differences are not significant, but they are an indicator
showing that the lowest pH values occur near the urban side of Lake Kastoria. pH values are
constant for the three representative months.

Concerning Electrical Conductivity of Water (ECw), it is observed that, in January and May,
its range is small, indicating that there are no significant fluctuations in ECw values during this
month. In contrast to the month of September, a wider range of ECw values is observed (around
60 uS/cm), which is not enough though to proceed to its assessment. According to Figure 5.16,

the minimum ECw values are detected in the Southern part of the lake and in particular around
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Gkiole station. The maximum values are found to the Southwest part at Stavros station. In the
reference months, January and September, the Northern part of the lake shows a moderate and
low profile, in contrast to May, where ECw is higher.

In May, the turbidity range is very high (exceeding 300 NTUs), indicating significant
fluctuations. The highest turbidity value in January, May and September reaches 128,9; 309,21 and
55,7 NTUs, respectively. The highest turbidity values, for the three months of reference, appear in
the Western part of the lake, mainly due to the urban load. In contrast, the lowest values of
turbidity, for the three months of reference, occur in the Northeastern, Eastern and Southeastern
parts of the lake, due to the presence of torrents and Gkiole’s weir. It should be mentioned here
that rainfall events, can increase erosion and result in greater amounts of sediment washing into
Lake Kastoria, and finally cause increased Turbidity values. Moreover, the increased Turbidity
values appear in the city's Northern part, due to the presence of a small jetty that collects
phytoplankton.

Also, the presence of an agricultural and/or urban area near the lake enhances the
presence of Nitrate, Nitrite and Ammonium ions. It is concluded that the minimum values of
Nitrate are detected in the Southern part of the lake, and in particular at Gkiolestation, in January
and May. The maximum values are found to the North and Southwest side, in May and September.
The maximum Nitrate concentration occurs in September, with a value of 1,72mg/L on the
Southwest side of the lake, while the minimum one appears in May, with a value of 0,78mg /L on
the South side of the lake and around Gkiole’s station. It is noted that in September, in the interior
of the lake where the lowest concentration of Chlorophyll-a is detected, the concentrations of
nitrate are enhanced and vice versa.

Concerning Ammonium concentration, its range is appeared small (0,5 mg/L), indicating
that there were no significant fluctuations during May. On the other hand, in January, the
concentration of Ammonium is 2,6 mg/L. The concentrations of ammonium in May and September
show similar patterns. In January, the lowest concentration of ammonium is found in the southern
part of the lake and in particular around Gkiole station, while the highest concentration of
ammonium is detected in the western part of the lake.

Based on the literature and the knowledge of the author, the importance of this work
also lies within the fact that there is no other published work using the same platforms, tools
and methodology of Deep Learning, as in the present PhD Dissertation, in order to investigate

the predictive capacity of water quality parameters of lakes in real time, at both national and
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international level. Moreover, the fact that Lake Kastoria is monitored by four telemetric

stations, offering continuous and uninterrupted data sets (a few hundred thousand

measurements), support the use of Deep Neural Networks, that need a large amount of data in
order to complete their learning process, and enhance the originality of the present PhD

Dissertation.

Possible future work regarding the present PhD Dissertation could include:

a. As it has mentioned, the classification of land cover at the 1%t reference level of the Kastoria
Lake Basin remains the same, although their percentages have changed significantly. These data
could probably support further research that has to do with post — classification of the Land Use
— Land Changes and can be used as a tool for estimating also the changes in the pollution in the
water body of the Lake.

b. The optimization process of IDW method. Changing neighborhood options (shape, sectors and
the number of neighbors) may lead to a better model.

c. Evolute this study with new water quality indexes for Total Phosphorus, Chl-a and Secchi Disk,
N/P ratio, phycocyanin etc, which are parameters that are not monitored yet, in a continuous
base.

d. Use additional information captured from a modern drone (Uncrewed Aerial Vehicle) equipped
with a multispectral camera as ground-truth information to calibrate satellite imagery in order
to improve quantification the specific quality parameters of the water from the study area. The
additional information could also be enhanced by using data (ground data collection) derived
from field work (targeted area samplings) in the study area. Existing operational algorithms
could be tested or maybe new ones could be created in order to find the best fit of the band
ratio.

e. The use of more complex Machine Learning methods (such as Convolutional Neural Networks -
CNNs), not only for Lake Kastoria, but also for other national and international lakes, mainly in

neighboring countries with cross-border water resources (such as Prespes, Doirani and Kerkini).
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