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ABSTRACT

Water resource management is one of the biggest challenges that are
being faced, such as a warming climate, arid land, and toxic chemicals in the water. It
is essential to deal with water resource management urgently In this research mainly
focus on monitoring the water quality in the Lam Pa Thao dam Chaiyaphum
Province. Data were collected by using a floating buoy with 5 parameter water
quality sensor consisting of dissolved oxygen, temperature, pH, total dissolved solids,
and electric conductivity. collected the water quality data from January - March
2021, including 13,608 instances around the dam area of 5 points. The best five
cluster were determined by PCA+K-Means based on the Elbow Method and
Sitlhouette Score of 0.7015. Furthermore,The water quality clusters were quantified
from the Charles river and Fitzroy river datasets.The results of finding the best

number of cluster were equal to 7 cluster and 3 cluster respectively.

Keyword : Water Quality, Clustering
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USunaeandiuiiasanein wuwesinaranulunsailuuaveni wuwesinAgul

Yol LwuweTinA1ANYuYedl WwuweiinAnsiilwihveni dweyavingunsal loT

!
= ¥ =

ludegunsalduiinteya Feanounthddeliiinismdnuiunguaun MUITeATaua1Usn1)

Y
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AIdeFaduuifnfasmdnuiunguann v e UsmaeunluussendldluwiUgm

¥
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aunmidmsumsmiaesdn i wavtynivartertilusuian lngvinsasislumaliie

2D

Anszinmunmilngldimadianisdangy (Clustering) lunisiuieudioy 3 inada Ao wada
N139nNFukUULATIY (K-Mean) mAatian1sdnnauiuuiiugyl (Mean Shift) inallansdnngy
LUUTIa0INaNLNAWeY (Gaussian Mixture Model) wag1i13s n153AT1eieAUsenoundn
Principal Component Analysis (PCA) Wsntaglunisifinuszansawvesnsmsnaungs

914 3 IWALAID

1.2 IngUseaeAvan1sivY
1. wedanguann i luauauenia
2. WaSuuieunan1sInNgUAMNINUINEATANSIANGUTINAUNITIATIEN

2 o
NGIEERRINGI

1.3 AUFIAYVINITINY
1. wedanguann i lulouaueny

2. WaSEUMEUNaN1TINNgUAMAINUINEMATANITIANENTINAUNTIATIY

12 o
NGIEERRINGI
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1.4 YaULYAUIY
1. fuilunsiiudeyananimiy
fulunafuteyanmuamiilunsife Woudiznm suneufsede fwindogd
2. auamithiflfluninfvsuny
Avasnn Wi ldannniuteyade loT $1uu 5 AuseneueUium
pondlauiiavangluth mqmgﬁmaqﬁw Aaudunsafuuaresh aaruguueni
wagemalwihomi
3. svovnalunsfivdeyanmnini
mafunuradeyalumsfinuideadsillaeBnafutoyanngunsaiumesdlily
mans1atad $1umu 5 A Vinafinensnadesanialunseds weruinaduiloadeud
Ugvm Falgvhnmafudeyadiuauisdu 13,608 gadeya fdaiuluriafouunseu-fiua
W.A. 2564
4. Srunugelunisfvioyanmami
Uil @oudusvm Suneufende fwiadund S1uau 5 0
5. MAsziamn
Tunsieneigunimivesnisinuiteadiilasiinsinsgimauianguamnim
Tesuiaiuingu Ineldimadanmsdnnguuuuiaiiu (K-Mean) madansdnnguuuuiuiv
(Mean Shift) watian133nnguwuunaewaunddiou (Gaussian Mixture Model) kag1in3s
MsATziesdUsEnaundn Principal Component Analysis (PCA) ianaaglunsiiiu

UseAnSnmuean1sminuiunguia 3 imadads

1.5 ReuAwnanIg

a

1. WOU MUNED9 WOUAIULNII D LNBWNIASE J9MInTanil

U

2. yadoyaaua1Usny wuede Arvesnanmilaainnsiiudoyane loT $1uu 5

AUszneaufeaUmeendiauiiozaislut Agugiivenir Aeudunsafuuaes
ih mmﬁmjwmﬁw wazarnilwheesi

3. yadoyaa1n Charles River Buoy Data na1eds yadeyadilauianniivledues
dfnnudunsosduindeuurisanizeinini (United States Environmental Protection

Agency) Usgnaulufay 8 w1s1ilmas A9l Water Temperature, Specific Conductance,
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PH, Dissolved Oxygen Concentration, Dissolved Oxygen % Saturation, Turbidity,
Chlorophyll iag Phycoerythrin

4. yadeyaann Fitzioy River Data  mun8fs yadeyadilduiainnisineunslng
Queensland Government UszmApaainsids fdaifulugaed .. 1993-2003 deUsenou
lUse 7 wisadlimes Usenausie Dissolved Oxygen concentration, Dissolved Oxygen %

saturation, pH, Salinity, Specific Conductance ia¢ Temperature
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2.1 NoegneItas

2.1.1 Wauaiuznii

1%
v [ v v a & o o

Woaudrgnmndunilaluaunddyvesdwmiavens 1ud

v Y

Tnoidnwuzduouny wuseantdu 2 uis Ao Woua1uznmuulazilauaiuzniians

18191909811

I3t l5atiTedls uarame(17] WWesunednunsilouduen1iliin Weuduznniuudu
Feuvualng é’jaaguuﬁuﬁﬁ’mvhﬂaﬂ Aualingn ensunenie danindugd Uniud
vhetsnn Tnednuusdoufinrugs 24 was fianuen 875 wes fgrafuindaugeyd
aq &rugnunaiiams anuglunmsldinu a1 Sugnuiadiuns fakuatesiudaliilmdsny
i auamdwdaTi 4,500 Alatad Insanansandandsnuliilausnn 18.41 Sumiae
Peliihlifuiiuiisunoutenie wazsunenouaisss Snivanilviuiivalseniu Ussua
15,000 13 dhuidousuynmanaduiouvuinnans G?aayﬂuﬁuﬁﬁmvhﬁuhu fuavinuley
gneiiles Jwmindeqil ImmﬁuﬁéwLﬁ’uﬁﬂagizdeQiaaﬁiaiswdﬁqéﬂLﬂauﬁwﬁa WazaILND
Sloedugfl faugs 37.5 was dauen 237 wes srafvihiaanug 14.8 dugnuiad
193 denluivausemulseana 12,000 13 LLaszaafwﬁm%’UmwiaqLﬁaﬂummqmﬂu
wisAthanaelau Sndsdafufniidmiumandaussundmivsuneiios I Indeil
neasnshuituiivsnaseudousuniddiuiionuiuvivimifeuvunasdideoudns
dmiuniaidssalunseds EJW“?IWﬂ’]iLgENUa’]IUHiz“ET\‘]Lﬁ@]f\]’mfﬂii’mﬂEjﬂJ“U’eNLﬂ‘t‘Miﬂi
Tnersunthilanmihluusnassudeunvasnsaulngsznavordnsinlsfueninndn
uiilosnaniniufiegintuideu tagtuisiunusznaverdnidssailunseds Ingldsy
nsatfuayunmiseuniasy Winsldusslovdanundainnieldlasing daaduns
desdanfalunsedivesmiisnuniasy fidessludl 2543 lnenasglvnisduasuuay
aduayudadenisude Wy nsediuar emnsuan warlvaiuiniiginis lussesusnd
\nunINTETalAsINNTEIuaY 20 318 Hnseds 52 nsedt udndudlonvasnsiidsay

lasansgausnUszauaindnse Jadinunsnssiedu 9 fuahienuaulawazidnsiungy
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Aosailunszds a]uﬂmaLﬂuLmdaﬁwﬁﬁmﬁwaL?:WUmﬂszsﬁqﬁmﬂﬁqﬂiu%’mi’ﬂ%’agﬁ
qunsedialul 2508 Ffinidssdainsedediuau 228 518 59 699 n3eds (18] uay
fufunmsdeiounaufeliagii

doudusnmeglunsguavemihedanisfuthdenn aeldnsiiuguavesdiu
$19MIVEN 4 NTENTNAD NTENTUNTNGINTEITUNAUALAIIATEN NTLNTIUNVATUAY

annsal NIENTNENIU UAENTENTIUMIAINE aglulunuNveQNe LAY IRUALA

[ a

anvaggiivssinavaadoudiUennduguiadududou anmdndnsdifivuazUaluse

Y

anwauglaeiluduiisadidienandenseunsueld seunasiuiduvuwiniie fiud

[y

v a Y] a A4 A a v A
@WUWﬂ@%?u@ﬂLQUQLMU@@JLW@ﬂLGU’]QLGU'U? QﬂaqﬁaauiaU WﬂigﬂUﬂfﬂugﬂﬂigﬂJ’]m 905 wi#T

[y

NTEAVEIMELAUI bagn1anungTueanidesunilolifioniuguaun1densey Nilseeu

' ]
IS a =

ANFIUTTUN 945 LUAT A1nseavImelalIunas VSl uUuAIeYsE ninsasRAgai
! a =

16.112244 aaqagm‘ﬁ' 102.075509 Lavlieualniotazfiand 16.033439 aaaagm‘ﬁ'

Y Y

102.041330 A9 1NUTENaUN 2.1 Wauaruzn1suaniunisnaasianielalasanisluii
PAIUUNTDUAIUENT TAENTUNAUILALANASUNGINY WaLRaulunl W.A. 2531 way
Y] 2 - = < v v 5 = ~
anunsannuwivilaluiousaiay w.ea. 2536 Wuduun anmduiivenlauiiniiugny
& v a a 1] ¢ v ¥ v
auysal lngyatiuuinaseuwsulalduselevdiuaisisydlan d1unisinuns A1unis

Vo) UseinalTmusssy aeavnssuluasisou n1sussusiuiulasyssuaa1dn (N3

[
a v A v

dWeslansedo[19] [20] Balumsideilidedanuaulalumsiinszvinguaunimudiuiion

9

saulaUAUEN11AIgTEN15InNguTeYa

N

W £ 2oz}

[G]

Lam Pathao Dam

CHAIYAPHUM

LEGEND:

EI Lam Pathao Dam

Thailand

AMNUsENBUN 2.1 NuNRaua1usnn
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2.1.2 g iunzauiunsideelan

NUUsEN AUIRNYIN TR ALY USUTDWNINNIEIIYANT [21] NA

o w 1

Iuaniuazpaunmundudniadenids nlianudidgsonisadyiule guaim n13eis

>

1

B nsduiuduarunsiugresdniin ewindnididesendeundudenarddunismels

N385 N13SNWIANAE AINTIUNTRAT N15LEe 1S Uagn1studievesdy aziui

[
IS [ o a

GNL‘U%JULMZLI@HU’]UGU@Q?{WJ‘U’] MWﬂﬂmﬂW‘WU’WIL‘VIiJ’bﬁlILLﬁuﬂLLa’Jﬁﬁ 1A ‘USLQ?QJ}L@‘UI@ il

e
o¢

[y

auannazdaaAmiia Jsanunsadmineldlusaniigs Wefinsimzidesdniiniiamse
fanisauauamuamild fgtelfniamsdosdiaiivszavanudniald egnalsfinnm
AN zfinnuduiusfurtiauazann iy uwiasiuazamn i nedudnuain
iieldlunamzdssdaoni uwadu 3 nuaeded

1) Fnunzmenenm mnedsiiaunmih i ssuieandnuasfianunse
arvialduaziinansynumeddidinlumanssvidonnsoou 1w & Autu gumadl
A liivn Usinaeansuaiuwuivass 1usu

2) dnwawmaeiam mneiauiaunmihdduuussudesmnuffsemaniii
anusonnvinliuasinanssnunedeldielui fenwsuazmeden wu anudunsady
A1 AUNTEAN USunaeendlauazans Usunaansueulaeenlendase lulnsiau weaesa
lalasiaudalng anaau Tangmdn ansite Wudy

3) SNWAULNNTININ RUI8D ﬂiuﬂ’W‘W‘N’WlN‘L!LLUSLU@QQWﬂﬁQﬁ%%@IU‘HW@U

[% [
o

)}

a ada

NANTENUADAINITIRIULN N9 TILaYe 0l 1Y UNAINAEURTLAYERT LUATISe vt 1o
15A Wudu

o
Y

iy A midndutdadeddyuenisegseanaznisasyiiulnveslaii

9

WA MnAMAIMULINEaLIsYI U lgun nanaziinisnsyiulnegidoiio N3
fansqunmindudesiidedimuddyuarldlasgsainaue wesmnlunsmedes

Janlninsiulawasd ‘”Gmmiiammuwuasmmmmwsumm[22] (23] [24] lusuiiagly

U

msdmfudeyanunmihnnuinuseudeudsnsemeluladdunesidnvesasnds

2.1.3 Buwediinvasasnds
Sumediinvesasinda vie Internet of Thing (IoT) Wunsileusiogunsal
NNALATN KIUNBUMBSLIR gmauaﬂ%’juwﬂim Kevin Ashton Tl 1999 aeldlasenis
7% “Auto-ID” fiumIneds Massachusetts Institute of Technology annwnalulad RFID

A o 9 v & I3 a o § v fa & A 61 = Y]
WQ%WWIWLUUNWQ?@;’]U ﬂa']EJlI’]LUULL‘U’MWUENﬂ']’iﬁ/]’le\LME‘]‘Uﬂﬁm@LﬁﬂWﬁ’OUﬂa@N  dod1Inu
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flageded Sensor lunseansiatunaranunsaideuseruld Fadufiugrunisvened
yaansuInsiedumediini2s] Weusegunsal lneldmaluladlians drelunisdneleu
Yoya msdeas uazusiudoyaldynfiyanakiunedumesids lagerdonisiney
Smfuszriseiauasuazeendng Tnofleusamnglunsinnuvesgunsallsvniivnnan
26] lusiddeiasfunaiuvioyanmuamiilaeldnalulad 10T Wundielumaiivteya
ALY
2.1.4 msiFsuduuuliiifaou

nsseusiuuldiigaeu (Unsupervised Learning) Lﬁwﬁﬂumﬂﬁﬂmiﬁauifﬁm
in3es Ineifumsaialumaimnzaniudoya nmaiSeuuuulifidaouazunnananinnig
Seuwuviiaeu fAe aglilinigsyy anvanseussnnienlineu nisseuiuuulilifaouas

<

farsaninguluenvesiiulsiidy udadasdunannununuusiuvesyadeya Wunis

a b Y

)
Soudilifdoyamodeillivenifeyaiufearls udazidoudarnnsmaruduiusan
Poyat i (Input) Iagfiansananguuuy (Patterns) v3elaseasnetaya (Data Structure)
La111vIN15IRngu (Cluster) Uuﬁugmmmmmmﬁau (Similarities) WAEAIULANATS
(Differences) szminsgunuvvesdoya (27] Tpazldnandslusden 2.1.4.1
2.1.4.1 N33angu (Clustering)
n13dnngu dneglunszultunisiseusuuuliiigasu (Unsupervised
Learning) Tnefinszurunisdnnisinguiending 9 Teglunguilvanzay fngverfieglu
nauRefuIziiauedeadsty uarlinmuandaiuiuinglungudu lnsamnumilouvie
ssfiuannsaisudieuldmemalnddatuesingla q lneldsvezmaduiite (28]
nsdangudeya (Data Clustering) nilslunszuiunisisnsiisevideya 1
THlunszurumsiSouiveaniss Wunisieuideyasinnguiedreilifinissmundn
WUmune (Target) n3eaain (Label) lagnszurunisazinnisuusgadeyasenidungy

[

(Cluster) thfeyaiifinudnuvaziviloutu niondeiudalilunguifeitul2] 3635n5veq
N133nnguazeIdunlInumilau (Similarity) n5e a3ulnada (Proximity) Aeuwanaly
AUsENRUT 2.2 Fauansfedanedfinvesnsdnngu Tnsanamuszneud 2.2 uandliidiu
fenstdrdeyaanualsl idudeyaiu (Raw Data) iunnsdandusedanediiudangs
foya niuasuanmadwsnsdanguoaniu 3 nqunuanauiRnlndidesturendudoya
Ut lnenisdnngudeyaaiunsadwialaainnsinssessenitsinmesvesdoyalagly

FBnsinsverrine au1sadaldvaeds W sseeniulegadneniideass (Squared
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10

Euclidean Distance) n153aszazluULLUgndY (Manhattan Distance) {udu nszuauns
wusngudeyaealdilutunewlewuveinsinseiteya wetislunsanvuiadeya e
wonilurany 9 nquuazAnRnIzuInguiiaiinIsinszisely wiauenn1sinsIei

2 o v i ! i a o a ¢y  ax A
sonudmiuwsiavngu neunavihlUinseineisnsdusioly

02
s, f
v, I"-‘\a g
P
& Algorithm
b
Raw Data
i i &
OQutput

awUsznauil 2.2 nsdangudeya [30]

Uszianaean1sdnngu 35n1sdnnguuusesniduiuunineg Asuuy Hard

Clustering lnensdnnguuuuildeyaazeglunguiiienvitiy uasuuy Soft Clustering lagd

v aaa 2

Toyaaunsoeglusnndunilald[31] uasdeilisnsdu o delun1s3deiiazvenannfaisnsdn

naudeyanunsseuiveese Jauvnludwioluil

'
=

N139ANEUUUY Partitioning Clustering 1Juni1suuinquuesdeya

Y

a

ina1nIndaya (Data Point) nszanailnanuynninalavednga (Centroid) 11niiga

q

NM33ANgULUY Density-Based Clustering 1Jun1sudanguuasdoya

[y 1

1An9INN15N5¥RNAIYRT Data Point Minziuegrmuniuwazliidusudnvaliinnedi lny

9 ace Ao o 1% ~ i & Ada | P '
’e]aﬂ@iwmuﬁ/lﬂm(ﬂﬂﬂﬁimgﬂqmmﬂ s] IusquEJ;JuaLLaZL%@JJG]EJWUVW]&JWJ’]&JMU"ILLuuQﬂleﬂﬂﬁjll

lngfinundeyadzgnuueendNiulagNunineweIn1InNszanesi
N139AN ch: 4y Y Distribution Model-Based Clustering Wunns

wianaunldnisdutivgiuinteyalisusuuniskaniasuulanuunile 1wy n15uanuasund

Y Y

(Normal Distributions) 1ila5z81195e11199AAUENANVBINITUANKII (U Data Point Ly
dn( 1 < a . P 1 = 5
UINTY A1 0uT Data Point Midudiunilavednisuanuasdulzanas

N159ANGUKUY Hierarchical Clustering Mswusnauuszinnilazasng

' (%
U ¥ aa o W

Tinduliiveinguiayatu munzdmsudoyailadutu 1wy aynsuIsu (Taxonomy) N3

Y Y

v
=

LUIngudnwaelid 2 Usslnn Ao d197uU (Agglomerative) kag UuAIE19 (Divisive)
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NFIANGUWUY Fuzzy Clustering Wuuszinnvesisnisiiingdeya
anveglunguriendamasuinnimilingy gadeyawnasyniiyavesduuseansnaduaudn

[y

fetuegiuseiumuduandniaveylundamosiu

Tusideilfiteldarlddaneaumsdnngudeya 3 Fn1sléun n1sdanga
LuuAdi (k-mean) N133ANENRUY Mean Shift kagN1TTANGULUUTIABINITHANRUULNE
(Gaussian Mixture Model) naaosfugadasa Seagldnanistuiderelud

2.1.4.1.1 M3nnguuuuLAiiY (k-mean)
N139ANGULUY K-means n38138nneg1aniain A3

Ansrzinguuuuldidu duneu (Nonhierarchical Cluster Analysis) #38 n1suwuUdIY
(Partioning) Ineldvgui] Euclidean Distance 1Juunsinszuziugrunlddmsumssoznsg
! [ Aa 1 ) 1 ' 1 v
serinagaaesyn Wunleuldlunudsznneig q duegiunn meziedeanudila way
anwagNIsAIUINARRIEAUNg B uNnIlnSa [321lnge1fun1sATuINITEEENI9TE9IN

Centroid fiudeyanagtundangy laganunsaduialanaunisi 2.1

()

X

2
— Cj || (2.1)

— \V'k
J=3 |

Tne?l k fedwaungu (Class), I @eg1uau Instance, € Aogn
AugNana (Centroid) Yoengs J

2.1.4.1.2 NMIIANFULUY Mean Shift
Mean Shift §aneafiuidunissanedfinlunisdangudeya lne
Mean Shift simuiaziiaue Tul 1975 lag Fukunaga wag Hostetler[33] gninaniglusu

v

AU Cluster Analysis Lag Image Processing ndndnAyAenisly Density Function tJusa
d1iajlun199i Feature Space Analysis titeAumauunguvestoya [16] 1un1sdangud
ligosfinisfvunsiuaungulinou Ssdanedfiudaginissmuasuiunguliodas
Soludd Taeldnsuszanamsanaumvuuiuduiiugnlunislunisdsuulamesiiaie

134] Tnanansarunallaseaunisi 2.2 uay 2.3 [35)

My (y) = [nixz:?;ﬁ xi] —Yo (2.2)
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lnef n, FegasauUsIMNUNNaula uay x;Aegnadeya (Data Point)
A a v ! a a al' )
, VoP8AUTEUUSNAUTDIANRAY wazm, (y) Aan1siasunlaswaalnmeshida y,lu
ﬁﬂmwaamwwmmiwuaammﬂwzﬁuﬁqﬁu

Mean Shift Vector 19119100115 basefuaaan1sussununIsaIny

MKUAD
Yili Xigi
My(y) = |5 7| =% (2.3)
Zj:lgi
lngg; Aenislaseauvesilaiduinesiuadmiundeya X;
2.1.4.1.3 N1SIANFUUUUINGBINITHANLUUNIG (Gaussian Mixture
Model)

WMATANITIANFUUUUTINBINITHAURUUINIE (Gaussian Mixture
Model) lunsifedazlfduniiluitnsvesnsdanduamnimii ifunisadauuusiaesann
wilsluvateq ngu dengueaiauuansreiu uideyanmelunguierfuamnsatwndy
Tawnaduuuuld wuusassmsmausuuinddunuudaesiiadsduieilaiduresniuiing
Wuwvuimdidey (duniswanuauuund) ieldldanugnieuduensonunlmdunansy
drumuilaifureIN1TUANLIUUUNG [36] He uazaniz[37]nd121491 uuud1aesnsaa
wuuind (GMM) uAsnsvmneainfiasuasasdmsumsiangy uravadamesgnunusiens
LANUKASLUUINA Taefl nszvaunsdnguazudsudunsuszanaummaiinesvosdiuna
wuundgeu Iaeld Expectation-Maximization Algorithm (EM)

Expectation-maximization (EM) algorithm tJun1satulrulneld

ugIU Maximum Likelihood Estimation Taeld35Uszunauaimisiiwesusenounie 2

ee =D

Tusou lawn JunsulszaiaAInInnis (Expectation : E step)lana n15Uszuuan Log-
Likelihood wsileidun1sdwes waztunounisldriagn (Maximization : M Step) 1Uu

JUADUNITLNUAIVIAMIEAIEAIN P AINTUADUUTEUIUAIAIANT hazriin1sUTEuuAT

1% '
Y a

o A ~ a N o a v & v PN v
ﬂ']@‘i/nﬂ"?ﬂLWEJLUiEJ‘UW]'EJU"\]UI@ﬂ']V]LU@UULL‘U@QU@UV@W LLa31%?1'1'1«114!%‘1/]‘14%@3&61/]%7@“'18 VDM

= v

Y835UAe NMslddayalansunniiege Mellteyaviamenazliiiitoyaviavieg wavliiin

Y
(%

ﬂ’;’luﬁﬂLaﬁﬂMWﬂsﬁamﬂaﬁu’mmﬁJ ﬁﬂqﬁﬂﬁgﬂqﬂgf')ﬁﬂLL‘U‘UﬂTﬁ‘?J'T@‘VﬁEJLLUUQNLLaZﬁﬂfl'ﬁﬂigqlflﬁJﬁj
\ I ¢ a = P o £ =~ 1% ]
wuvduegeanysal vausd 239ea wileglleaasinudnia Alans [38] ldagudunau

33015911 EM d1115U Gaussian Mixture Model 1391 210 Gaussian Mixture Model tt%ne
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AuflovinliiAn Likelihood Function Sangegaiileifisufiufauusivszneuse aade it
arandosuy X uax Mixing Coefficient T Tapannsoaguifiudunouldwsdl

fupoudl 1 funeuntstmunaudu veseiade Uy Aweserudsnuy
2} waz Mixing Coefficient TTj, ntuuniluaunsiiterhnismen Log Likelihood

o '
(% ]

TUABUN 2 TURDU E-Step laun1511AT Responsibility IngunuaSuaAY A9

aunsfi 2.4
V(Ze) = TN (X[ i Zi) 0
mk/ — Tk :
Yj=q TN(X|W;,Ej
Funoudl 3 Suneu M-Step Tnnsmensauusimilnenisléen
Responsibility ﬁlé’mﬂijy’umauﬁz Gizfumau E-Step WARIRIALNIT 2.5-2.9
1
new __ N
Hie = N_k2n=1 Y Zni) Xn (2.5)
1
new __ N new~\T
M = 5 2Zn=1Y (Zni) Ko = i) (2.6)
N
new k
T = — 2.7
n v (2.7)
N, =ZN_v(Z..) (2.8)
k n=1Y\4nk :

Funeudl 4 e Log Likelihood fsaunisii 2.15

In p(X| 1,1, 2) = Xh=q In {Tio; mNXn o 2} 29)

¥
Y

PNTueTIRFeUMIGilneM g RuAduneun 2
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2.1.5 35n133nUseANSnIMvaIN153AngY (Evaluation of Clustering)

2.1.5.1 NM339UsANTNMYBIN15IANGYN K-Means

2.1.5.1.1 Elbow Method
< =) (Y ax a Y [

Elbow Method \lunilsludaneadfiuiiienliin Performance lun1s9in
Clustering U84 K-Mean Aai5n153A1M1AT Error NaSI1U8958 88919581319 Object AU
Centroid {eN15L88NAT K Nvisngaun3an15mA1 Optimal Cluster Number afiidnzay
1039 uIUNGY (Clusters) Aogafinsiidnuee Wnren o gadiazlugaiilirdwiungy 7
A ° | o Aaa ° | = o w
ANgA[39] [40)N1IMITIUIUNGUNANGALYNUINIAINATNATIUAIIUAAIALARBUNEIABS
Sum of Square Error #anasoeneditydAy Tun1saiuinal Sum of Square Error oAl
laannsAuluiiauianaIntesainl 1t uyesdulAsazsuiseu (Smooth) wazaziin
Duyundidnwazediedanon (Elbow) T3 s 90 Elbow I azilugailuansaivesdiuiungy
(k) Mnugaugn a1u1504annIuTetdulseniansinindsenaui 23 Wednsien
unsuad s ladnuaungu (k) AdenumunvaulagldaunislunisAiuiumean SSE
[41] Aeaun1sh 2.10 Feluaudn1smIIUIUNGUUBIAUAINLIINNGUAIDE 1991435
Elbow Method tsntaglunismidnuunguilvangay

SSE = X1 (i — ¥)? (2.10)

gl n AeduIuduaLAUG |, y; Ao AoAveIBUALAUGN " uay y Ao

ANLDALYDIDUA AU

120000 = Sum of squared error
100000
80000

'8
4 B0000
40000

20000

o

2 3 4 5 3 7 B 9
Number of cluster

AMnUsznauil 2.3 vinAenvad Elbow Method dwmsumsmanniunguimangay



00LTELLBYE

—
—
c
_|
>
@
»
»
o
)
o
[
=
N
©
~
al
o
~
—-
>
@
»
»
-
-
9]
o
<
)
w
=
o
)
a1
[s2)
~
=
Ul
I
w
N
o
-
%
9]
Q

€T

15

2.1.5.1.2 Silhouette Score
Silhouette Score Wudanadfiunisiitenlinuszansamlunisvia Clustering

U89 K-Mean e?fﬂmmﬁaﬂ%‘iumsmai’wmumaq'mammmwﬁw W15 UITNT Elbow
Method filénanaludssiutu Silhouette Score LHumafiafiléind1 Instance Huinfinaa
wileurunguitegunnifieda Weiflsufungudu 9 Arwes Silhouette aglutag -1 fa 1 dal
AaNLANSI Instance flenuednefunguiiegiusnnuasdaruededungudutes [42] &
@1 Silhouette Score fiAmn nFoltlnd +1 mnganuindunmsmsnaunguiia muses

dudsgiivsngianmusenauil 2.6 Sithouette Wunnsiniendanistamiiennielungy

'
oA

wazilauanunsalunisueniuseninenagy lnsldenadevedseeernesenineganunguiey
1nd%n Weuivgeniegnelunguideniu  wesedlenlddmsunisdangudeyaldiiiedion
Fununguitwinnzan lnemean Sithouette axldiudayaiiiliu Ratio Scale uavmunziunis

[ |

naudeyanveyaudaznguniznauiu Welnsdanguaziinisiansanaundnieglnala s

SG

=

InudNwMzanIUTENITAB ANANAY (Dissimilarities) WagAnuAa1eadaiu (Similarities)
Fasinvanldmdununguitmnzandmiunisiangu Tnslaniznsdlfiinlinsungud
Wa3avesdayaunneu [43] Silhouette @1315ald Distance Metric 881919u Euclidean %38
Manhattan distance u1918lunisAarutini1sinssey lnadauni1slun15AIUINND

Silhouette Score [44] éﬁjﬂﬁumi‘ﬁl 2.11-2.13

 _ _ bM)=-a()
s(i) = — @ ObD) (2.11)
b = T T, A ) (2.12)

a(i) = 1 Bjecyiz 400, 1) (2.13)

1ne9l d(i,j) Av Distance 58139 i and j Tu (C), k Avd1wIuUee Clusters, a(i) AvALRAE
Intra-Cluster Distance, wag b(i) ApARasve3 Inter-Cluster Distance.
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Silhouette score

3

k

AWUsENBUN 2.4 MITIUIUNENIAERA15U19INAT Silhouette Score [45]

w
S
©
J
S
w
e
)
=]
S

2.1.5.2 M5IUEENTNINVBINITIANGN Gaussian mixture model

2.1.5.2.1 AlC-Akaike information criterion
Akaike Information Criterion (AIC) unfisluiaesfiondeowldlunisadie
wuudaeaneadn gninauelul 1973 Ing Hirotugu Akaike [46] \Dudiuaenevamannis
anuandugege gnihluldifieussiliumnsfiwesvewuuitaesmiulasiadasiives
Luudaelasunsivun ANuAnTduYIeives Akake Aanissiuduludunsuieslu
nszuIunsUssliudiensivunlasiasnuaziin([47] Fadunasiiiansanainnisniny
o A o Y o w 9 va 1o & & D
AanaLAGow e ldusumnsnensallidauuiudwintu Tunuiarlda AIC uag
BIC &A1 BIC agleinandlusiadon 2.1.12 11fia1sann1smdnuiunguues Gaussian mixture
model 93gN1TUI1INANA1EAVINTIERIATUNITITIUIUNGY VN Kim-Hung Laz
1 | @ ad dll = ‘:l a ! (Y] U sav vo (Y ‘:l'
Ay [48] N81771 AIC WuIsnsiitelTeuiiisulumaiuandaiunaansnlasy daaunis
2.14

AIC = -21(0y) + 2K, (2.14)

oo 1(8]y)Ae Amnuhezilugsgauesuuuingsy

:bes / 9z '€y ST ¥9520TEZ A998 / sisayl v0svezTToz9 sisauL 1 nan |||

uag K Agduiumsines

€T

2.1.5.2.1 BIC- Bayesian information criterion
Bayesian Information Criterion (BIC) A8 LnuginisAntaenminuulnedaaunaves
wé gnuinaueedausnlag Schwarz Tull 1978 Tnsasidendauuuillimdlodsian Seluanil
214 BIC s2ufiu AIC Tun1siansan [48] L‘i“]u&hLLUUﬁ'Qﬂﬁaﬂmaﬁammsﬁmmiﬁ 2.15

BIC := —21(8y) + Kin(n), (2.15)
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Tneh 1(Q]y)fe aruunezlugidavetiuudiaes K Asdiuiumsfiwes

WA n ABUUIAYBIMIBE1ITRYA

2.1.6 Principal Component Analysis (PCA)

v 6 1

PCA Aian1svnjukuuAMuduiussening Muwdsvesdeya ietluvinssuiunis

=

aniifvesteya Inofidenslisinlfgayde information niedeyadidglu PCA daily
Unsupervised Machine Leamning Algorithm sz laladin1suen Label %38 Target #3e
Class 3nfiansandaude fiod1vis Dataset Aodoya Class eafunun (49 Wumaiiandsdi
Tnssuiunsneadfuasiuning (Matrix) iledantasesuedeyaliduiidlaldiedeiu

DanANTULDUAY

nann15.Ua9AuYBY PCA 13191nA15%11 Normalize Yoya A1e  Standard
Deviation 1§ annduid1AAlaLIAIUINN Covariance Matrix 3nntuulUAI1uI  Eigen
Vector waz Eigen Value wieldiluarluaingmuantfisueanui [50] n1511 Component

sxmldanaunisi 2.16
C=wawT (2.16)
Too@t A\ BouminduuimussdassneumsmdnuusansiiSoEsuimuaues C
W fe wving Havunves C
11311 Component ﬁtumzau

Tunsm3iu Component Awingauvasn1sanintoyanie PCA iaud
Yeyay1 High-Dimensional Data Lieandnuiuvesiulsas [51laganansanilaainaunisi
2.17

y=Wp (2.17)

2.2 UBNLNYIVDY

Carrasco wazAnz[52] na11li7n aunmunludsiiazidensounazidudeiideiis

=3

1%

FELUUNDIANYULNINIEAIN AT LASTININ ANUTULDUVDITTTUTVIRAINSUNISANEN
° 3 a o I d'SJ v o d{' o Y d'c{ 1 goj c{'
an ity Iaudndundesrunidinuuiierinnisseududsninanenunndfiuin

A
ign saliunisldnatianisiiesziiuuranedinusazdiglinsmanuduius uazdeasud
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wtelitmuaaniuzvesgunmimedanin meamasmaaiild lumsussidugainin
ihiinsusaidiusauds fieluidl gumgdl (Temperature) Avundunsaduiua (PH) eanala
ERDE (Transparency) mwmjuﬁuaaﬁuﬂ (Turbidity) luimsa (Nitrates) ealsWodainnm
(Orthophosphates) W ® @ W @ §@ (Phosphorus) 14 1m 519 W (Total Nitrogen)
aaelsilad(Chlorophyll) $1da1naase7ing (Solar Radiation) sendiauazanstin (Dissolved
Oxygen) lulas@afu (Microcystins) ﬁ?ly’wmﬁf%lﬂuﬁ’;LLUsViﬁmummmwﬁwmmmdqﬁﬁ

[%
1 o

v ! = 3 . = a v %7
29879 AP kUUY Gamboa way Paraiso 31NaNUNUIUIUN IﬂEJﬂJﬂiSU’Juﬂ’ﬁ’]‘UEJE]QVNMNW 3

q

[%
o

& a 2 a ¢ and & A | o
Junou Ingdunaui 1 1 Jumsieseineadatuiugiu lngnsmaadewazdiudeauy
Wnsgu Tuseudl 2 Wunsiesizilasld H-Biplot lilen153tAszintsadfdnsunis
AUMINITAULBITENINAUTNINAL NIAINLAETININ Aamalla HI-Biplot Tunoun 3
Dunsimsisingu Wieszynisdnnguuasnisdusiegisuazfmudsilasunansevu lnangu
QnAInHIUAfR Biplot Nldantuneudn 2 lagldinatiawaiiu (K-mean) nadnsalaain
Yaa a 6 Y a 1 . Y @ % v v € %
nMsUsrenAldIsn1sinTeivatemiuUsiisendt H-Biplot uansliiufemnuduiusuasia
LUIN19A3 BIAUTENBUNINIEANLALTININ WBNIINUURGNATNTTsaanadsiungy
fegaenguiinssiuggniavesgiinia tnenguil 1 Usznaudmesiuwls anudunsalu
wa (PH) Aulavesin (Transparency) aaalsilaa (Chlorophyll) 9an@lauazansun
(Dissolved Oxygen) wagguunil (Temperature) lunguil 2 Usznaunlediunds luinsn
(Nitrates) polsWoalne (Orthophosphates) A uYuYBIU (Turbidity) kaginde
gj 1 a s g./’ IS a o Y a a A
e Amsfimesnmunvziinuuusuriulugady wazasinailviia leeluiuaiise
(Ciabobacteria)  #fianunsanelitinansiiy (Toxigenic) uls uenanddawanalmiun
Bnsnaiavatefwdsinadmiunisiniuyateyandudeulagianizdmiuns
AIVABUANN NN
Cloete wagAn¥[53] I1N1700NLUULATNAIUITEUUATIVABUAMNA MU LALE
¢ > v = a < s a ¢ S
noUszasAiiandelilinsuisennisfiwesauniniiwuuiealng wunisivavesi
au0fl (Temperature) Anuilunsatuiua (PH) nnsunlnd (Conductivity) wagnisaneen
W3 (Oxidation Reduction Potential) lagAn1s1dimasnisnigainiaziaiimaiiily
° [ v a & H < Yo o Y v o LY
dmiunsiadudcdulonlun WuweslasunisesnuuuthluldiurasuSuanmdyyiu
Wenseriululasreulnsaiaes dwsunisuszianauasinsizvdeya lunisesnuuuly
Zigbee Protocal TunsSuazdstoyaseninluga seniraluuansinuwaslnuanisuiusiou

Tuansudadewihudhfiluniseumaindugesiazdsdygiafoudonsiinosaunin

Wilsszaunlivasnds InslnuaiviinmsinAidstayalag ZigBee Protocal lUgdlnundmsu
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nMsudafeuiionanininuazides nan1maassuansliiiuinszuuiifauiansasiu
WISWNBINNIEAIN AT ansaUTEIARALaTLAAINA LA

Di uaraniz[54] namdn thanlssnugaamnssudulnajgnudosoangusitilnglaid
mstnln iesanviadeyanaznszuiunisuisess laganuduiussenineasuafivi

a a o

Uasgeanuniudidsuasiniaaudslilasunsfiukeganinwnuassiuianalinnisseus

Y 1

youdesuuuliiiffaou 1wy Fanediiuvesnisiangu (Clustering Algorithm) fignaziaslu
av1nsisefiieados ndanduldiinisnsaaeudeyauuuBsalvgiiosiosnimmeuen
99NTLAUNI9LAT (Chemical Oxygen Demand) houlutielulnsiau (Ammonia Nitrogen)
arundunsnduiua (PH) uazeendiauazatsluii (Dissolved Oxygen) Tutiidsiignudes
00n11910 2,213 Tsaunazasgiiiafu $1ury 18 Auitlunismsavasy lu 7 wanis
Unasesrasguuiituesd lnevinissusudeyaaind 2016-2017 uasshnsaseideya
AI8EANDaNUN1TIANGULUY Partitioning Around Medoids (PAM) Expectation-
Maximization (EM) Wilcoxon Test wag Spearman Correlation #an153sunuin leviinis
Wisuifleusuiiuiivasauanmzansiuidiou nquiuiiidasdudeuditundenndu i
28n313UN19ALl (Chemical Oxygen Demand) gnuaegaanuIAoud19gs 11Nn31 100

o =

adnsuneans wavuweuliilelulasiau (Ammonia nitrogen) 11nN31 6 HaanSUABARNT AN

)]

audunsaluiua (PH) Asutsilnefidnninladosndt 6 9nlssuanaInnssy 15 wid

1%
1 o

ANUFLTUSTEMI AN NYRIU L EBL Az R uanawI N TnafiwinTy lealdnsdnngu

1 [ a

A 8anediu (Expectation-Maximization) EM lun1susgiiugmuniniy nan1s3denuin
danedfiunsieuivenasetuuliigaou Tunumiarivszdnsamlunisnsivaeutoya
wuussalnilaeniuanuduiusidiiunsevinaiuninannsssuedndeiuiiinuie

Duszuvaduayunsdnnismsneinsihnidnemans

1%
=

Gao wazanuz[16] Wnanliin annmiuazanuUaenfovessandnaindn fihiides
feudfyeiaunn warldhnsimussuumsidssadaasey demalulad Intemet
of Thing (IoT) Tnefin1sAnsslnunsuises (Sensor Node) dasqn uiazlvnuainisinis
wuwasomnndl (Temperature) aafunsauiua (PH) pondiauazateyi (Dissolved
Oxygen) n151un W Hweetin (Water Electrical Conductivity) LLazﬂmuﬂjuﬂJ@ﬂﬁﬁ (Water
Electrical Conductivity) Lﬁaﬁwmiiam’mwwwﬁma%&um@mmwﬁ;ﬁm%ﬁmeﬁ%’ayjaLﬁa
nsauaugUnIalfidoudefuszuu wu ssuuimih ndeadueinia wwdeslienis
wpansoni iusu nessuumuauiamuuazsiufnimensaifitaglunsdanisaanm

Wanlud® wagnsrurunsuieuan IegszuutieliinuasnididesUaraiunsaniuauiay
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famsgunsaimsttaamuamdiluvevanldiluedi Snvsdselfiuslneanansofnnu
wazgdoyansrurunsasduiiiuanlasldsiafiaeslén (QR Code) Fsannsnifinaeld
voanuasnsiAssUauaraulaonsovosemnsdniuduilon uennildinausiznig
nensainaamihdniunsianswusaniordmivaratuiaravdeyaiiinunalagly
Saneddin LOF andudeyaazgniinaest wasviuenalaslédaneifudulidaaula
(Decision Tree) Faglanunsavhuisamnimiaimiuaznueliegludisiivaonsouay
Hulumuanasgiu ansansvaassnsvhuieunmileeldsaneafiudulidadulawuy
(M5) leinanisvaasauazanuduitusininilewIeuiiisudu daneddiu Cubist RF La¥GBM
SniaAiadsaunainndeuresdanedfiuduliifnaulawuy (M5) fifsadniios anwise
asUlFBnsfiiiaueannsaviueamnmiildoenauiuguasiiussavsam

a o o

Geetha wag Gouthami [55] launauaszuuAsIvdaUANAINUIGIRTEY d115UNI3
n3rvdeuAunINIFIEmalulad Intemet of Thing loT Tnglduuudassfifmundudiniy
msvaaeuieg AT TeiteyariusruuBumedn Tasszuufimaudafouluds
#4 Wodinsidsunaswessmisfimesannmiianawinsgiuiivhinistiauaiely
aramih Tagldamsiweslunisnsaaeuamnini 5 6 Usenaudae Arnisiilad
(Electrical Conductivity) Araausdunsadunig (PH) A1Augu (Turbidity) A1gaungives
g (Temperature) LaysERu (Water Level) lngltimaluladliany Zigbee Protocal R
Humeluladfldndsnumaaumnnsgiu IEEE 802.15.4 dwfumsdeansseninadumediv

¥

Y Y Y sa o 13 ¥/ = =
FInIuAL LLﬁ%"\]WﬂWﬂﬂ'ﬁ‘U@lle‘UENﬂﬁ’]’NW]“\]@Lﬂ‘U“UEJlIa ldn1sdeansuuy 3G nI9szUU

Y

1%
LY

oteBumedidn Amsfimesita 5 dilgndsalidonsofuunanlasu Ubidots #l4lu
mMsilaszsideya Inefinadnsandmisinesildazgniluiisudieuivuinsgu
A mihiiimunlag WHO Aissrnlilu Ubidots wagvinnisudaieuludagldanlusuuuy
93 SMS niFeduanuuudmludilunsdiidmnsfwesinladaniunidmun sl
Chowdury wazaaz(11] Idinauessuunsaasuamamiilaglfeumeslunisia
Amnsdmeimenisnmikasnaeiveindedidulssnoundniiuszneudesruuiaiote
\wuLaslianey Wireless Sensor Network (WSN) lulasmaulnsalaesdmiuuszananassuy
szuumsaeansdmiunsieansaslulrunuazifuies nmsidddeyauuuisealnsilngld
nsasvaeuszelnatazinalulad Internet of Thing (IoT) lagldiwuweslun1sinAininu
Hunsaduiuavesin (PH) mflmjusuaafw (Turbidity) LLazqmgﬁmaqﬁ’l (Temperature)
Farfuteyavuinissnenfinnesusivisuasiinisiiasgsideyauuy Spark Streaming

Analysis 798 Spark MLlib kuud1a0lAT9918Us2a1MN15158U3LT980 (Deep Learning
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Neural Network Models) Belief Rule Based (BRB) vaatnalulada1gy (Hadoop) Wie
Wisuiisuiuannsgiu mnaitialdganinnasininsgiuszuuaginisudafouniu
520U SMS wuuSaluA Tnemsthiausssuunsaaaeuihiifianuiaed Saruedosiuadly
s Taedaujmtafieliussrnsmsemindeansiudeuluiuaznissassdnismga
uafinn 9t Han1IENUITEUIUATINIILANINANI AT AATLALINANTLARINAK LTS
ueadn 3 videiledelsuuuiFealysl mnarfildanwuweslioglunmsinfmunliszuuas

&

wansn iy BAD minAnlaansuweseglunaeinimualissuuazuanidnidy GOOD
LagyINITHANINA UFURUUYBINT N

Muangthong [56] launtauenisitasigiuaiun1su1vesniuidinena lagdl
Inguszasdiiioananuaznisdwesnunintdiiiainsadnnisle lnan1sinsisinguds
@ aca aa o v o v v A v LY ! 1Y o [ !
Juisnismeadifdmivisesadudeyaaseiuatiungusasysuinluldlunisdnnguues

Naa v = Y H & = = = =
anfinldnwuziieituvesaunIni 3niavun 15 aanll laedl 7 anrdgnidenldluns
a 3 ! a ¥ A Y dll < Y 1 a 3 H
WATIERngN M TeRldnsidendiwusiveidudiegilunisannisiivesvesnunini
lngldmimeslunisiesgviavan 17 wisndmesusenausie el (Temperature)
pudunsaduiua (PH) Ay (Turbidity) nmsinlniih (Conductivity) ananau (Salinity)
ponFLauazasil (Dissolved Oxygen) AINABINITODATLAUNIITILAN (Biochemical
Oxygen Deman) Lua7iissladnesuisvun (Total Coliform Bacteria) wuafilseladnasuain
99915¢ (Fecal Coliform Bacteria) Woana3a (Total Phosphorus) luiasalulasiau (Nitrate
Nitrogen NO3-N ) lutnsalulasiau (Nitrate Nitrogen NO2-N ) wosnlutdelulasiau
(Ammonia Nitrogen) U8auds (Total Solid) vesudsfiazarevisnun (Total Dissolved Solids)
Y8IuT37Ignsziu (Suspended Solids) wazuaaiduua1suaiun (Calcium carbonate) 910
nsuAIvANNafiwvinsiuteyailusedouns 7 andlunamsdu 17 U Tugiel 1996-

a ¢ 1 1y 1 o a 1 [ 3 [ ! Y @ ! o

2012 Windwesdrulngiiniieiniuanaeiu Jsdesrinnisudasenlmnduuinsgiuneusin
N33R lngAun3ndunsgiulaunan  wisndaunmudilaenisilasuaimiiives
LUiluen Z Score wazyinisuuasumindauninifilaunsgrudumminduuugain
(Euclidean distant matrix) §4¥11N159159980U2 8LV TANNINUNTUNITNTIVABULS

agpannll ieinsdnnaulviudazanidl wazvinisandmisdwesnaniniiiielild

1 '3

i a sa & o o A aa a 3 vaa aaa a
Amdwesniduimunutesiganiinaneuaiivluniunlagldisnsmsadifnenisimse
Y3 (Factor Analysis) Inglagnsiiasgiesausenaunan (Principal Component Analysis)
warn153AT18RYad8593 (Common Factor Analysis) HAN153T8WULN LUUIEINEAD

o 1% [ 3 ) ! I~ 1 v - 1 - v a
ﬁ’]ﬂﬂiﬂ‘mLL‘lJﬂl@G]’]?LI’JG]i]U?%ﬁQﬂE]E)ﬂL‘Uu 2 d3UAB ﬂqmumuazﬂqwawm lagleinata
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nsinsIzingu Aeduduiisznoudisanidnsaataind LT03 04 05 06 uazo7
Uanethsznaudae anniinsratadl LTO1 wag 02

Pathak wagauz[57] naaliin dagiiussuuratsemunusssuydegluaniunsaii
Yifumailemnmsviauaauifiaty I@EJEi’JiﬂMEyJ'Lﬁ(ﬂﬁ]’]ﬂmiLﬁﬂ%U‘UENUi%‘U’]ﬂiLLazmi
Wasuulasesanmafiennia fedunisaauaunineinsdi Wediunisdnasniifed
anudrduduegiamn madsuudasglienadnansenusensudnuagivnanianis
inunsedeiiteddy uagldinauetuneuitniAmnzauiigauuuungivin (Cuckoo
Search Algorithm) Tunsfnassifienisinunsnielditeuladig 4 Inefinssausa
W31AsANe 9 Wugmngll (Temperature) AUYY (Turbidity) Aradnalunsamduiua
(PH) Tnaldunannasy Internet of Thing (IoT) WiN1F8N5aUA UL ULLBSLALITYUUNS
deansuuuliane doyafizunniduwesgnuansuuszuunadfiIu ThingSpeak Wan1s
NARBINUIN i%UUﬁ’]M’]iﬂ%ﬂH’]ﬁﬂ’]W‘ﬁuﬁL‘W’]z‘l.lgﬂLL@%“U"JEIIU?YWU%MW?\G]J@ﬂ’]iﬁ’ﬂé’bﬁuaﬁi’]\ia

I 1 a

Myint LazAz[58] NA131IN15AAAINATIAdRUAMAINYINTUSEANTA M ULaY

I
a &Y

Usedndua uuﬁmmﬁwﬁw)aéw?ﬁ&iamiﬁﬂLﬁumiLLf’ﬂmﬂzymﬁ%ﬁaﬂ"ﬂaﬂ AEATTWAIU
WinTusgesanisiveunalulad Wireless Sensor Network (WSN) ngldanmuindonves
Internet of Thing (IoT) N1sMs1RdRUAMAMLLULISBalivhnsITIaeUnTzesinalay
n1siuteya Nsdsoyalazn1sUTELIANAAINNIATTI Tnduliinauesyuunsaaou
A Sz fianunsndmunaldmuanInuIadoues Intemet of Thing (oT) Tne
YLauasEuU WQM (Water Quality Monitoring) #9Usgnaudsenausienisesniuuusin
wuwes Tuganisdeanslianedily Zigoee Wslnaea uaznenfiumesdiuyana Insuasai
sonuuuduvesawuudvideildideudeniosladyanaludunieriadumestneld FPGA
(Field Programmable Gate Array) L%amiaﬁuimaa XBee wuulfans wieriin1ssausau
WI5R0% 5 ﬁwaqsﬁa;ﬂaﬁfﬂﬂizﬂauﬁw anudunsaifuuavesit (PH) sedui (Water
Level) Auguatin (Turbidity) arsusulasanles (Carbon Dioxide) uaggmuyiivosii
(Temperature) HaN15MAA8UINY1N1500NLULTZUY WM Tagamisdimedindifiy
swsamargnasuulianeludigunsninsaaoulagldfiddansa Nios Il voswonsiunas
Quartus Il tagldn1w1 VHDL (Very High Speed Integrated Circuit Hardware Description
Language) Tun13ieun mﬂﬁ?uﬁﬂmmammaﬁi’ia;ﬂaﬁiwi’mﬁg@ 5 A19INLYULIDT UL

AIUAY Grafana NARAIUWATEIABUNIADIPC WALTINNITHAAINATDINTINTIRAIUIAIBN T

[ [

Insau (Python) lunuideiiveyagnasiraeuedwraiioduazuanmaiuusealndnn q 5
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1 lagszuu WOM Adnaueaiuisaanndnulariiuse@nsainganinsgsuy WIN
(Wireless Sensor Networks) #iltlulasaaulvsataasuuuiiy

Pranata wagAne[59] UnaueszuunsnsivaauAunmiiwuuisealndlagldsuisa

a

Faduandnenssuves MQTT broker luszuuiduwasazasiada 9Nl (Temperature)
aundunsaduiua (PH) wareendiauiiazatsluth (Dissolved Oxygen) %’aﬂ,ﬂaﬁiamw
ﬁy’wm%gﬂLﬁul‘ﬁugﬂu%agaLLazUszmamaLﬁa%mswﬁﬂmmwﬁw N1INAaBIUILAUD
andnenssyu Pub/Sub wag MQTT WWulusinaeadimangfunisldaususeuy Intemet of
Thing (IoT) HiuansUszan3nmaesaninenssuuusyuuaIetowazn1siudmsu
yuIveIfoyafinainnaie mmfuﬁ’]mﬁmeﬁmmé’uﬁuﬁ‘iwdwqm‘wgﬁ
(Temperature) Autdunsaduiua (PH) wavoendaudiazareluii (Dissolved Oxygen)
wamsmimaamqﬂiwqmmgﬁmaa‘fﬂ (Temperature) wUsuniufuAiAudunsaduua
(PH) uazAeendiauazatstn (Dissolved Oxygen)

Tuvaued! Ding uaza [60] nanlii nsasadunuRaunidudagmiatuamy

'
aaa

VDITEUY ﬂ’]iaaﬂLLUUﬂWiMi’J%{]JUﬂﬁNaﬂUﬂGl‘VlZJF’]ﬂmWWQQ‘SUQ%ﬁUi%IEJ%ﬁG]'aLL@UW?LV’W‘E{U
Juegnaunn wunisesvgeuszuunistesiudeivivasnisnsiadunisyngneng 4 Wusu
Sanesiunisasirduanuiaunidiulng iy fauawisatesnimieludiudszansam
wazAMUENsaRUUEsalndnseuty anduldtiaue LGMAD sanesiiufiiunisnsiadu
AuRaUnfLuusealnilaglyd Long-Short Term Memory (LSTM) wag Gaussian Mixture
Model (GMM) Tagvinnisnsiaasulsziliuanuiaunfuuuiiealngd vousazgisailagld

Long-Short Term Memory (LSTM) 31011 Gaussian Mixture Model (GMM) gni1unld

=

ielinisnsisaeunuunatedifvesnuraunfnduldly ngldyadeyaves NAB uazyn

] [ '
14 = ¥ = A

Jouanasratueaialdlunisnsisasu 1asn1sNaasuandlAiunIPua11150989 LGMAD

:
fanedfiu inindanesfiumsmseduanuiiaunAfiled

Zhang wagauz[61] lonanafiansusuugsanuudugilunisneinsainasuisiuaul
Guluinesgrusasiivszavsam TasliiedetnenmsiFoudidadniiionamsaindanudsiuan
Inelddana3iiu Long Short-Term Memory Network (LSTM) Wag Gaussian Mixture Model

(GMM) 1 eVIN1SIASIENTNWULNAITNTLANYVDRANAIAVDINITNEINT NS 191U uauly

SeurdU 9ano3Nu Long Short-Term Memory Network (LSTM) Tolun1saranisalnasny
wazAauliudusudmiuisiuay 3 ganigluvhiudvivay aiudeyaneinsalainiaiis

#7187 (Numerical Weather Prediction) Wag9auanasauUgduUnasundInavuNia@Iuan ANy

Y 9

1 4 1
v A o LYY S D T

LUUGTUNITNYINTUVDINIRUNLINUIUNIN NIRIIUDNITUAILIRTUTUAIDEN AN AR

9 9
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v9an158n Inelddanedia LSTM RBF Wavelet DBN BPNN wag ELMAN 1111n15nwe1nsel
WaWUAWILAN HausIngd1 LSTM anansausuusaanuwduglunisneinsallanian
wonNT FINUANNUANAIVBIANNTBITUT 3 ATUTUNanISTATILRVDILULTIAY
GMM MDN uag RVM aunan1snaaedlsinginisns LSTM wansliiiutisnnnuwsiugnigs
! = Y A < | aad (Y a = = a a a =
Niuazin1sgiinnsIngingNgdu q uardanediiy GMM TuszanSamuazn1suseiiiunad
A 1 aad
ANIITOU
Jia wagAng[36] ladnauesusuumsviugauaduduieldlunisituneangily
Inseu waznanauwnuliiuwiazngy Ysenisusnlddanesiunmsianguuuudiassnisuay
LWUULNIA@@D952AU (Two-Level Gaussian Mixture Model Clustering Algorithm) Lie LU
anrilineenlungu arunisiiansaisudlinvesdnserussninaandsudsiiunuamis
piiFnans Usenisnassldunuianisannssuuusuly (Regression Tree) ioyinu1e A
anua Ysenrsiarulduuudnaeaniseyniuniianuasigaiaiunalgsuuuy (Multi-
Similarity-Based Inference Model) 1iiaa1an1saldndiunisAuunarn1siuasuluassening
ngu 9nd1eRuaziin1saguanel waznanauluvesdnseulududasngu tonsivaey
Uszangnmeesguuuunmsviung tngldszuuindnseiuainiiiesiigeiniazilionadeiy
o d = v v ad A Y1 ad o
wagyiMsWIgugURaaNSAUIEN130Y 9 InNan saaesaunsaagulainIsnisiiiaue
TMNafn1178n158U 9 1n8@1u150anonITITORANAA 8% Wag 22% AINRIAUYDINTT
ATIFABUKALNITIUIEVUT03TIBSN 3% way 2% MIUEIFUVBINITAULALAITIYIVEY
IS fa o A o =) = v aa dl' A o (Y Y a 14
\lonesBeiu WevhmsiUSeuiieuiuisnmsduy lumandiaueainsnansnsteiinnainle

Uszannd 20%uag 30% ANUaIAULLNNSYINUIENISAULAZNISKINEI NS UAD LD

NNguiuaruitenineites nsinsizideyanuaimut iWunislulssnudn

9

o w

maslasuanuaulaluniide Weswinnsuszaulymamulaiulazn1suaLAaUNSneINs

£% '
o w

=< o & d' ¥ 1% 1 a o o [y o [ P Y a
wwalan Fsdnduinagdedinuaulasgaasadaiunsusulswazinsssnyuiielvianig

W Agedu surin1siinsinensiumsziaesdn il ndesodenunmundundnlu

'
[ a A

NITANLUUNITT INBDITYNENNE) ‘fjfy,%'lLLﬁ%1/1']LLU'W]’NLszﬂ,‘Uﬂ@MW%BQQWﬂWWﬁWIUBUWﬂG} Tu

1%
a VYa o = [ !

uilIdgldmetian1sinsizdeyanon1sdnngu (Clustering) Iaely inatalunisdangu 3

Y

e

a

watlafe nAllANsIaNguwuuIAliy (K-mean) Inef Hamed [62] ald K-means d1wsunis
Basieinsdangy e dadendAylunisiuasuundavesnuninii Han1siasIEingy

nanndnguiedns 21 wiwweawilud awnsawvsesndu 3 nau mumuadieadeiy

Y8IRUNINIT iATian13Ianguuuuiugy (Mean Shift) Xiao-Tong WazAuy [63] na11d9
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wadiamsdanguuuuiiugy Juduisnsdanguuutliidansfinesifussaviam uaziing
Tdognsunsnats wandrAgAanisly Density Function Wusadidsylunisyin Feature
Space Analysis Gadanediiutagyinistmussuiungulmedneseludd wadanisdnnga
WUUTIaRIMANIdTaU (Gaussian Mixture Model) Chengchang wagamuz[64] 1avinn15u
Srurunduinzasmestunuifesimaalungiaduldnould Inelddumunniines 4

1191800035 wazldinalinds Gaussian Mixture Model wag K-means wu3in1suuangule

[
v A

$rurungudu 4 nguanuannmueianieaesiinig Sneanuidedsvldnisiingey
89AUSZNOUNEN Principal Component Analysis (PCA) 1uid1u1gaelunisidia
UsgAninimuesnsmauiunguiia 3 inalaislned Celestino waganiz[65] na1insdn
NHULUY K-means Lagn153LAT18M03AUIENoUNaN (Principal Component Analysis)
annsoh Ul lunmsiiesgiuasdanisaunimii wagldhnmsmaasstumsfimesdiuay
28 Wmimesandeyavosgrnssdiadl Mniuiiianun 582 umds vesihuinumeilmea
gulaladieln Uszwadindln nan1sdnnguuuy K-means+PCA lnenisaniiivesdeyasie
PCA anunsoansiawlsgnnsstiindl imdeiiied 16 ALUs waskaveInIsianguleyalaiuiy
3 ngu dsndindnaniduiiivesnsdenimsiangudiefe welianisdanguuuuiaiiu
(K-mean) inatian1s3nnguiuuiudy (Mean Shift) imAliAdS Gaussian Mixture Model
wazldi5n15ATIEReIAUTENBUNAN Principal Component Analysis (PCA) 1910140141

g un1NNUTEAVENIMUBINITMITIUNGUNS 3 nATiATS
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Tumsideises mynTeinunmdisemeliansinngudeys dI3elaniiunig

Y

(%
ad o a v A

AnwsigazidemneIfUISALIUNTIVEBAL AU ILAUDANUANLEINITAMEUIY Aadl

Eudu W
{

& W B o 3
LﬂU‘T.IEIa;JIﬁ'ﬂ‘mﬂTPM'WI’JHE‘WUﬂim 0T

Tuthaiay unsRu-Hunee YA, 2564

L; kS =3 e
LT 'n_tﬂiﬁﬁw‘.‘{waaa‘.lja 2 "i;nrmn L'TJ‘UIE‘!‘P‘J‘LJ'?I"I B

il

-l 15 o
wistaya eyl

FUuuvvaalvia csv

U

-
JuppunsEsLUuTIaadlanlivalia K-rean Mean Shift Gaussian

Mixture Model wazld (PCA) Whundnurtdaslumswindszdngnm

YBIMTMINuNauns 3 wiatleis et google colab

U

5
TumpunTTl sl seavEn waay

wuudiaawnemUszdivinnungy
o]
VimTzan Optimal (4

AMWUTENBUN 3.1 HIN1SALLLINY

3.1 doyaildlunimaass

(%
[

Joyanlilunimeassvensideluaial d9wiu 3 yadeyausznaumeyateyaan

Waud1Ugn11 ¥ateyaan Charles River Buoy Data wag¥nvayadin Fitzroy River Data
Felun1sveaedideilfidelainegateyadiuiu 2 yndeyainilu Open data Aeyndeya

[

910 Charles River Buoy Data wagynuayaain Fitzroy River Data lgsmlunisvaassiu

Y

gadoyaveadoudlenniiiudeyasse iewWIeuiiisunavenislidiuiunguseninage
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Toyavesaud Usniudn 2 Yateyatiioaduly yadeyaniunlilalvinanismidnuau
nAuLANEANALNIN FeneaziBenvesndeyananiseasidunlanaluil

1. Yadayaaniauaiizng

gadoyaandeudiuznruduyadeyavesnmunimildainnsiiudeyadie gunsal

9 Y

loT 9112U 5 Ws1fmesuszneumeaUsuiueendiauiiazaialuil (Dissolved Oxygen

concentration) Aaanivedu(Temperature) Araudunsaluiuavest(PH) Aay

v '
1 o = !

Yuyaedn (Turbidity) wagAn1silnAvesn(Electric Conductivity) Fadiniieinamunn

WIann5199 3.1 Aldannisiiudeyalagldvuiifedigunsalisuges usnaulauduenn

Janiateqil Ussmelng 91w 5 90 vShaiiinuasnadesaralunseds wasusnsui

<

d' ° = v Yo 2 v ° o & Y Ao | &
VDUVBUAIULN? SZNVLWVHﬂ']iLﬂUleag;lja"i]r]ujucVNﬁu 13,608 qusUalla Vlﬁ]@Lﬂ‘UIusﬁfNL@@u

KV

UNSIAU-TUNAY W.A. 2564

M19197 3.1 M5 TwesvaIAMANIIkAEMIIEInToYaAMAININIINTBUEUENT?

W3 ADS WieIn

Dissolved Oxygen concentration milligrams per liter (mg/L)
Temperature Celsius (°Q)

pH Standard Units

Total Dissolved Solids Part Per Million (ppm)
Electric Conductivity percent saturation (%)

2. ?;ﬂ‘l’fagamﬂ Charles River Buoy Data

yadaya Charles River Buoy Data ¥afildunaniiuledvesdiinaudunses
5&LL’J®§@3JLL‘VN3‘V1%’§@LM%M (United States Environmental Protection Agency) Alaand
yiu (Buoy) 1lu The Lower Charles River tionsaainaunini1 foyannininiildimeuns
Tuduled https://www.epa.gov/charlesriver/live-water-quality-data-lower-charles-river
1ny Water Monitoring Buoy lﬁgﬂﬂdaaiﬁaaaagﬂu Charles River In@Au Museum of
Science Fusuiailiinarazeglifinirdnadly 1 wes ilevimihiiudeyaluyn q 15
U1 %a;ﬂaﬁ%’mﬁuﬂizﬂaulﬂﬁw 8 W131ilm s §ail Water Temperature, Specific
Conductance, PH, Dissolved Oxygen Concentration, Dissolved Oxygen % Saturation,

[

Turbidity, Chlorophyll kag Phycoerythrin [66] s1u3duiilaiaenly Charles River Buoy
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[V 7

Data 31u2uN9AY 28,116 YaZadaiulugael a.a. 2018-2019 s18azBanveInisTines

WAAIAINITIN 3.2

M13199 3.2 MAmeIVeIAMAMUILAEUIIAYBY Charles River Buoy Data

WIS ADS ALl

Temperature Celsius (°Q)

Specific conductance millisiemens per centimeter (mS/cm)
pH Standard Units

Dissolved Oxygen concentration milligrams per liter (mg/L)

Dissolved Oxygen % saturation percent saturation (%)

Turbidity Formazin Nephelometric Units (FNUs)
Chlorophyll Raw Fluorescent Units (RFUs)
Phycoerythrin Raw Fluorescent Units (RFUs)

3. ¥adayaan Fitzroy River Data

‘i’f@uﬂa Fitzroy River Data sqmﬁmd]u Open data F¥afunavmeunsiag Queensland
Government UsglnAaoaLasiae I@aL‘fJUﬂﬁfﬂﬂmmwﬁﬁmﬂ Fitzroy river, Central coast
Queensland Wudeyaitdaiiulugaed o 1993-2003 Uszneusne 11,014 yadoya Tagls
weun s uled https//wvww.data.gld.gov.au Fauseneuludie 7 wisafimes
Usgnaudae Dissolved Oxygen concentration, Dissolved Oxygen % saturation, pH,
Salinity, Specific Conductance way Temperature[67] S188£LD8AYBINITITADSUEANIA S

AN519% 3.3

M13199 3.3 MIARBIVBIAMAMUILAE I TATDY Fitzron river data

W1s1dLnes WY

Dissolved Oxygen (DO) milligrams per liter (mg/L)

Dissolved Oxygen (DO) percent saturation (%)

pH Standard Units

Salinity practical salinity Units (PSU)

Specific conductance millisiemens per centimeter (mS/cm)
Temperature Celsius (°C)

Turbidity Formazin Nephelometric Units (FNUs)
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3.2 insesflafildlunsiiusiusudaya
Iumiﬁﬂwﬁ%’aﬂ%’jﬂﬁﬁwmiﬁunus’mﬁmﬁaﬁﬁumwﬁw%mul,%auﬁwﬂzma Jmin

Fopfuasifiovlisaniimaiouiveuaieuarihulifinmgingudoyanmnini lasns
ponuUULariaLIgUnIalszuy loT lunsiadeyanmainid Usenaudiegunsaiuas
dueslunsamaindeyadwiolud

1) NodeMcu ESP8266 \luuwanwosuuuumeuassiadadauiudoSonvosdn
Tuga ESP8266 dwiudnsedeansuuuinsgrunsitnuuuuliats viaudiusadulain
3.0-3.6V [¥nszualaends 80 mA au1s05035UR1Es Deep Sleep Tun1susendandsan
I¥nszuadagndn 10 lulasweud @1u15a Wake Up nduundetoyaldiiardesnnin
2 fiadunit meludl Low Power MCU 32bit virlanunsnidoulsunsudanuld fasas
Analog Digital Converter vinl#anunsagnuAuuusuideals ﬁﬁmuléfﬁqmmﬁ -40 99 125
BNGRILBIEHS

2) gunsniwuigesinuduimeandiauilazatsluii (DO Analog Dissolved
Oxygen Sensor Meter) Wfuwuwasildlunsinadsunanenduiiavaneluti dmsy
psratanmamin Taenisieudunisdsduvueunden 14w Taa1Uszinn Galvanic
Probe WU BNC 9930157599400l 0-20 fladnfusiodns Husadulila 3.3-55 Taad

deyeyrauendng 0-3.0 Liad

AMNUSLNBUN 3.2 Wwuwasinusunueandaunavaiglui [68]

3) gunsaliuilgesinA1au)ivesul (DS18B20 Waterproof Temperature

1%
a o

Sensor) W uruasnldlunisinAigugiveun d9A101NARUUATR DALY UIYDS

Y

TegUlnsudugaslun1singamgll Yvenmgiilunisvinnuedil -55 esmwaidea fs + 125
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IANTALYEEA TUhIIPULNAY 3.0- 5.5 1988 YUAVIDAWAUEAE 6 x 45 TaALUAST ANNAZLDYN
alusunsulasiaus 9 89 12 O Anenugneesegluyas -10 s 85 asrnaaldua: = 0.5 a3

walla Yaegaumginsdnivedi -55 e waidea 9 + 125 esriwaidea

MWUTENAUN 3.3 wuweTinAgaiivetl [69]

4) gunsalwwgesinainnudunsaluuavesin (PH Meter E-201-C PH
Module) {uwuigasnldlunisinainumdunsaduvarasin THussiulaili 5 1ad
F1en153aarnnudunsaduuasgi 0-14 GrsgaugiilunisinAegf 0-60 esrwadesd

ANAINLIUEN: + 0.1pH (25 DM walded)

nwusenaunt 3.4 wuwesinaanudunsaiduuavesi [70]

5) gunsaliwuesinAiautuvedtl (EC Sensor Turbidity) luimuigesdmsu
It iasgauanuguranilaglindnnisnsiaaeunieuas Tusaiului 5 1aad aaumgilunis

[ 1Al ! IS ! ! <
NNIUBYNTERIN 5-90 2ALYRLTYE dAIALUUBUIRBA

AUsEnaun 3.5 wulgesinAAuguvedti[71]
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6) gunsaligugasinAinisiilnilnvestn (Analog EC Sensor TDS) Wuiduwes
Taarn1sdnbiinvesun iensisasuaun it Iussiulninsening 3.3-55 lad

ANMULUUETIUNITIN + 10% FS (25 e waLdiea)

AMNUSLNOUN 3.6 WwuwasInA1N1siuean[72]

Iﬂﬁqa"s'ﬂamsv‘h\ﬂwmizuuﬁﬂLﬁuij’a;&aqmmwﬁﬂ

miﬁwmww%’mLﬁuﬁagaﬂmmwﬁﬂ Tnldiugasiunisianunini Weuse
) ¢ & v ¢ o Y] fu 1 a a a
fFuvasabulasraulnsaass neldeuleasanuin 5 A1Ae WwuwesinAIUSU1MeaNTLaUN
ava1e11 (Dissolved Oxygen) wuwasinArnnudunsaduuarasin (PH) wwwesinan
gaumngiivesin(Temperature) U@ INAIAIINYY (Turbidity) waziuirasinaIn1sun
Tw#haea (Total Dissolved Solids) d@sdayaludmnudsgunsaliuiindeya (Memory Card)

AINNUTLNBUN 3.7

LE

mwdsznaudl 3.7 lnezunsuvesgunsaliildlunisdaiudeya
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3.3 Mafiusiusudeys

3.3.1 szezanlumsiiusiusiudoya

£ [
Y

nsiiususindeyalunisfinunideassilifiuteyalagldvugunsaling

WU BsNLYIUN15ATIIRAT 91U3U 5 UseanildinatsenelUid A1uSunuesndiaun
azangluin Aeugivesdn Arpudunsmduareniy AAuguYell A1N151
lifiwedn  d1udunsdu 13,608 gadoya danindsznaudl 3.8 ndmAvluginiou

UNSIAN-TUIAN WA, 2564

mwusznaud 3.8 vjugUnsalfilddmsuiudeyanndeudznmuazdiulsznevaunsel

wuwesdmsudanudeyanun I

3.3.2 fudilumaiiudoyanaunini
UinaiuilunsdnfiuaunIndl ushandewdiunn snneuiinie Jmin

o a o

gl WU 5 90 fAannUsenaunl 3.9

[y ] -
W £

-

® Statlion

lam pa tao

mwusznaud 3.9 galunsiniuamnIminusnaiuileud ey
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3.4 Nsa¥auUUINges
ihadeyafildannisiudeyanunimiuasdeyaanunds dnmedeyananin un
afuuudians Insthegadeyaiis 3 gateyainaisuuusaoufionuuudassivanyay
fgelunsiangudefidelddenmadalunisiangy 3 madade wadansdanguuuuiaiiy
(K-mean) nadan1sdanguuuuiugy (Mean Shift) imallan133anguuuudaamauinid
\Weu (Gaussian Mixture Model) kagu135n15aniifivesdaya Principal Component

Analysis (PCA) 1131778 luNSNUSEENS A NYRINITMIINIUNGNIA 3 WATiAdD

3.5 MyAnszidayauaznsuszilivuszaninmvasiuudngas

dosflefllilunmsiinseidoyauazmsusudiulsvanBnmuasiuusians dwiolud

1) lumslieseideya iumslieseigadoyanmuaminain 3 undsdoya A gadoya
usnaIniloud1Usn Smiadendl Inedeyaldarnnisifivdeyasnnyjugunsal $1uam 5
widimes Ae A1UsumeandiauiiazatsluiiDissolved Oxygen Concentration) A1ga
nfivatin(Temperature) ArnmidunsaduivavosiPH) Arauguuesii(Turbidity)
wagAmsilaiiesi(Electric Conductivity) $1uau 13,608 YaLoya Sqm%’m,ﬂaﬁ 2370
¥nd0yaves Charles River Buoy Data Mt uyadeya open data Usznauldday 8
N1510M 05 é’f\iﬁ Water Temperature, Specific Conductance, PH, Dissolved Oxygen
Concentration, Dissolved Oxygen % Saturation, Turbidity, Chlorophyll ’«j’wuauﬁgq ?gilu
28,116 40 wazaAdayaanne 9nFitzroy River Datadiifu Open data 71 $1uu 11,014 49
Yoya FsUsznovlusie 7 wisfimes Usznoudie Dissolved Oxygen Concentration,
Dissolved Oxygen % Saturation, PH, Salinity, Specific Conductance uag Temperature

2) wdesflefllilunsiinnesidoyalunisifeadsilld Google Colab

3) hmwﬁmeﬁ%’agammmﬁ%’m%ﬂﬁj Hunsuvsnguaanimitiiasusesndu
ndu Tnsldyateyanin 3 unasdoyamuitldnanuiludieiu udninerdoyaimuaun
Ans1edt dWelinauieiiunduresqunimi Tngldinalianisdanguuuuiadu (kmean)
watlan1s9anguuuuiiugy (Mean Shift) mallan1s3anguuuuinaenaunIdidey
(Gaussian Mixture Model) kag1i135n01501571AT12%09AUTEABUNEN Principal

Component Analysis (PCA) 10111938 Tun 15N UTEANTAINYDINITMITIWIUAGUNT 3

WALAIS
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4) lunsuseiiiudsgansnmueawuuitasaiiaUssilunanisinnguitlinsungud
wiasanneulasldn1sussiliuysednsaan [73] vesn1suseliudiuiunguiinunzay

Optimal (k)
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NANISAILLUNISIVY

HANTTALTEUNITITEUTENOUME NITMITIUIUNFUVDIANAINYT KAVBINITIANGY
AN NYATayanuAININAINWBUA1UEN1Y Yataya Charles River Buoy Data uax
Yatoya Fitzroy River Data suanausialuil

4.1 HavaINITIANGNAMAINLI YatayanunwUIANUBNaIUEN?
nmneaedievIwIungulinzadlunsianguannmiianyadeyanlaainnis
Audeyauinaloudiveni Yaniadeg $1uiu 13,608 YadoyadIn1sawans

ANTIEwesTasRun T lugULUUeens I Awelull
4.1.1 wisndimasateandtaunazanglun (Dissolved Oxygen concentration)
ws1tmesApendlaunazanelul (Dissolved Oxygen concentration) #38fA1 DO

Mg ian1sflmesidu milligrams per liter (mg/L) 3MNA1VBINITIAMBIUEUTOUARS
A1YBITRYA AININT 4.1

parameter of Dissolved Oxygen concentration
— DO

-

@

wn

=

Unit of measurement (mgjL)

0 2000 4000 6000 8000 10000 12000 14000
Number data of Dissolved Oxygen concentration

a o ! a = 3
ﬂ]‘Wﬂﬁgﬂ@‘Uﬂ 4.1 ﬂﬁ'ﬁ/\]LLaﬁﬂsUﬂiJuaﬂqE’Jaﬂ%lﬂu‘ﬂaga"lﬂiuu’]

IINYATBYAAMNINUNTDUE UL

4.1.2 W1s13inasAuugll (Temperature)

a & 1 a PR | Y a ¢ =~
WITULADIAYANQ (Temperature) NUNUIIANITINLADILUUDIANIALTUE

Celsius (°C) 9NANVBINI MBI UATAUAAIAIVDITRYR F9NNT 4.2
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parameter of Temperature

o

= Temperature

Unit of measurement{°C)
I U U R
(%] o - [==] w

[
=

[
w

o 2000 4000 6000 8000 10000 12000 14000
Number data of Temperature

AwUsEnaudl 4.2 nsmuanstayadiamuvail anyateyanunmileaua1Uend

4.1.3 W15131LHa5A1 PH

36

a § 1 A a 1 [ a s < & 1 I ' 1
WITULEBIAT PH VINVU'JEI'JWW’]T]@JL@@i%@ﬂﬂ’ﬂuLﬂuﬂiﬂLUU@WQ@@F%V'}’N“U’N 1-14

[

NNABINITReTHANTIRARIANYRITBYE AIN1NT 4.3

parameter of PH

=
=

— PH

o e
w o = R W

Standard Units{0-14)

=)

-
.

o 2000 4000 6000 8000 10000 12000 14000
Number data of PH

MwusEnaui 4.3 nsmluansdeyar PH anyadeyanmunmullaudiusn

4.1.4 W1EMBIAIANYUVBIUT (Turbidity)
WsEmaiAIANNYUYeIUn (Turbidity) flviheiansiinesvesnruyuresi

. Part Per Million (ppm) 91nAvesnsfiwesiiaunsoudnsrvestoya AanIni 4.4
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parameter of Turbidity

Turbidity

Part Per Million {ppm)
E B B 9 8 N & Y
I=] (%] (=] (5, (=] (2] (=] (5,

o 2000 4000 6000 8000 10000 12000 14000
Number data of Turbidity

AMNUSENBUN 4.4 NTMUARITRLAAIAINYUTDINT IINYATDYAAMNINUNTBURIUENT

4.1.5 wisiwaiainisinlndinvesi(Electric Conductivity)
wisfimesArnsalniinesinElectric Conductivity) futadan1snfimesidu
Wosidu (percent saturation (%)) InAwesMIdwesiannsuansivosdoya Fanmil
4.5

parameter of Electric Conductivity

Electric Conductivity

5] =] &

percent saturation (%)

=
=

o 2000 4000 6000 8000 10000 12000 14000
Mumber data of Electric Conductivity

MwUsenaun 4.5 nsmuanstayarnisiliiived anyadeyanunnUlauEUe

N1

MNMITUARIATINTITmeTie 5 winimesvesyadeyanuniniianideudy
mnsﬂgumawialﬂwLf]umiﬁmimwmimf&wmumjmm 3 33n15 Ao K-Means , MeanShift
Lag Gaussian Mixture Model (GMM) kazii135n15aniiAvesdaya Principal Component
Analysis (PCA) i5ndrelumsifiuuszavsnmuasnismanaunguiia 3 33013 fedeluil

Tumsidetimamdiungueesisng K-Means agldnmsfiarsananmssinaen dq
1991nA1 Sum of Squared Error wagn15Wa15U1A1U84 Silhouette Score unlglunns
frsamiiuunguuiul7al nameassiedinig K-means :nnsiansananns 7
1§21nf1 Sum of Squared Error TngiflaAvasaufinnainantosas uiifianuduassy
Tauarsuidey audndugdnuuzmiounsingen a gatandugeilirnsuaungy 7

Nan[75] wazlunsdlifeaiu n15HiansanaAT Silhouette Score LUUNITMITIUIUNGUT
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manzauduiu Tnsailiazeglugae -1 fs 1 Sddndlng 1 uansirdwiunguiiaany
wangau(76) Sslunsvaassiazmiaunguiimangauresaunmihindeudien
Tngfiansanainns vl vesmsinaendsléiinainnisAiuanmese Sum of Squared Error #is
wandlunimusznoudl d.6a waznsiliainn1snaen Sithouette Score fauandly
AmUsENeUTl 4.6b lunsfinnsanngusiniu 2nnsiesesinsnanawdsEneud 4.6a
Fafansanainnisinaen Siurunguimanzauazed 4 ndu 5 Ny war 6 ngy waziilo
19150 31WYB4A" Silhouette Score 1NN MUTENBUT 4.6b S1urUnGuAMINzaTle
finrsananeadidilng 1 Sruiunguilinzauazegi 2ngu Tasdian Sithouette Score agil
0.8151 5nqu A1 Silhouette Score asjﬁl 0.6839 wag 6na Inedia Silhouette Score EJEqJJ"ﬁI

0.6771 MUARU

AITUNTMINUIUNGUNLNTANTDIAMA MU UM UTDNATUIRINANT
wnaanileaindn Sum of Squared Error aunmMUsenauil 4.6a A1uUNgUWINTU 5 nqy
MuseulduUsY uardennaesiu ALRAEYBY Silhouette Score agl 0.6839 Failandlng 1

Wudeun 2 anusesdulseinandluninusznaui 4.6b

1e6 SSE for Number of Cluster silhouette_score for Number of Cluster

= Sum of squared errar —— Silhouette Score

Silhouette Score
[=]
[=3]
1%,

2 3 4 5 & 7 8 9 : 3 a4 5 & 71 8 9
Number of cluster Number of cluster
a) b)

AMNUSENBUN 4.6 HANTTILIUNGUMETINT K-Means fuyadayavasdaudiven
a) A1 Sum of Squared Error kag b) A1 Silhouette Score

NTUlAYIINISNY SEANEAINANTITINIUNGUAI8ITNTN nsEUIUMITUSUUT
lnssas1adoya (Normalization) wagnisimsneiesdusenaundn (PCA) Falunisiiasiey
9eAUTENRUNANTIUIUBNfIA AN v Nd 1A aIRIkUsNIANUFNRUSIY Wevin1san

Puuiulsas lnglunisnaaestiagldrnnuuyusysiulunisiiend1uiu Component ol

80% mul Li uazpazlananaieli[77] wuinnisvin PCA 1adnuau Component Musnge
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281117u 3 Component 1ngA1A311wUTU53U (Explained Variance) 8¢9 90% 614
AUszneudn 4.7

The number of components needed to explain variance

10 90% cut-off threshold /

= =
o m

=
.

Cumulative variance (%)

02

0.0 T T T T T
1 2 3 4 5
Number of Components

AUsEnaun 4.7 1151191131 Component NMNEaNveIYATaLAUaua1UEN T
Janrindeund

Na431NN15M191UIU Component 163114 3 Component W95 AANTIN
ﬁmauﬂfjmﬁmmzamammmwﬁgﬁmﬂLs?jauﬁwgmﬂmsﬁmmqmmﬂw YBINTANABNGS
IsnaInmsAnresA Sum of Squared Error fauanslunindszneuil 4.8a uazns ol
191196 Sithouette Score fanandlun wusznauil 4.8b 91nN1FATIEANTINRIN
A UsEnevURl 4.8a F9fin1TIIAINNTINABN NuuNguTINzaNareETl 4 ndu 5 ngy
LA 6 NdL wazilefiansansWYear Silhouette Score ANAMUTENBUT 4.8b $117u
nauisnzamiiiefiansananaidilng 1 Snnunguiliaizasazegidiuiu 2ngu el
/1 Silhouette Score BEffl 0.8176 5ngx A1 Silhouette Score Bgfl 0.7015 wag 6ngal lnedl

A Silhouette Score agjﬁ 0.6947 MUAINU

Fefunsmsuaunguivngauvesaunminanideudgnmiefinnsananms
vinondilsdaine1 Sum of Squared Error s muUszneudl 4.8a ldduaunguwindu 5 ngu
musesLduUsE ULavaenndedtu AnadBes Silhouette Score agil 0.7015 Gafladnlng 1
Huaiuil 2 musesiduuszinandunmuszneud 4.8b
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1.6 SSE for Number of Cluster silhouette_score for Number of Cluster

= Sum of squared error = Eilhouette Score

Silhouette Score

2 3 4N bs f? 7 8 9 3 3 4 5 6 7 ] 9
umber of cluster Number of cluster

a) b)

ANUsENBUN 4.8 HANITYITIUIUNGUAILTINIT PCA+K-Means

fuyateyaveulaua1Usn1i a) A1 Sum of Squared Error Wag b) A1 Silhouette Score

MIMTUIUNGH 798 Mean Shift {TWITNsMTwIunguuuusnlud® lagerdans
maunguiuuIue delidsdsemniines mangd UM IS IUNguATsUdnal
wuvlsimed dedunungu (Cluster) vos3siiarlinadnsoonnuuudnlulf@ Tnsnisdumyn
Audnansvesuinainuwiuiian daduisalildnniweslunsuszinansilsidulunns
guuys [78]

Tunsvaaesilnanisvaaesn1smsuIungudie3sn1s Mean Shift fugadoya
Qmmwﬁwmm%aué’mwn aglidmeveenududuiuaiiiay Ssanunsovsuenis
Srurunguitmeanuldlnedalud® wuiilddwaundusindu 4 ndu aanduldinisdy
UsgdnSarmnisnidnuiungunieisnisii assuiunisuiulsalaseasnadeya
(Normalization) kagn153iAs1zviasdusznauvan (PCA) Fadunsiinsgsiesdusznaundni
Usuendsgadnuasfididyesiiuysifinnuduiusiu evihnisand uiusuysas Tnely
Asnaaesiarldrnaiuudsusaulunisidensiuau Component agjﬁ 80% WUIINTTIN
PCA 19491121 Component ﬁLMuwauagjwiﬁU 3 Component &M IUIUNGUAIEY Mean

shift @elaguaunguviniu 3 ngu

N15MITIUIUNGUAIY NITIANFUUUUTIABINITHANLUULNE (Gaussian Mixture
Model) %38 GMM ﬁ’wm%’a;ﬂa@mmwﬁwmﬂL%aué’ﬂﬂzma Jwiadegll 1nen15NaNsanaIn
ANU8Y AIC (Akaike Information Criterion) wag BIC (Bayesian Information Criterion) lag
msfamdununguiaesiinsiinasdonsuaunguieiudmiunmamaiuung usdn
Tunsdlfiadnedulifiansanainan BIC deu lagfiansanainnswisidmganiefinisan

seAvatarlanvuzdUNINAINL79] INN1TNOABINUIINITIMIINIUNGUAIETT GMM 161
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Puungu Wi 6 ngu lagldn1siarsanainey AIC danmdsenauil 4.9a muduuszuas

a

N15991504191NA1909 BIC Fanndsenaudl 4.9b ausesidulssdidenienuandeld

WUAUAUAT AIC

AIC Scores Per Number Of Clusters BIC Scores Per Number Of Clusters

380000 380000

350000 350000

340000 340000

330000 330000
u v
l?: 320000 |§ 320000

310000 310000

300000 300000

2 3 4 5 & T B 2 3 4 5 B 7 ]
Number of Clusters Mumber of Clusters
a) b)

AMNUsENauRl 4.9 #ANTMTIIUNGUTINT GMM Auyadeyaresdaud1usnd
a) fin AIC b) #1 BIC

ntularinsiiny sansaImnIsmIuINNgua183En1s nsruIumsUTul
laseas1ataya (Normalization) wagn153tAs1eM0AUsEN@UNAN (Principal Component
Analysis : PCA) Fadunsiiasiziosdusznaundniivavenienaanvasiidfgyaoauysi
= [ U [ dl' -] o U le/ Y1
faruduiusiu Weviinisandnuiusnusas Inglunisveaestagldarianundssiulung
\Hand1uiu Component 88l 80% Nu3N15%11 PCA lag1uiu Component Mivanzauey
WU 3 Component &3lavin151191uIu Component LAY LAIT3vINITHITIUIY
nauAI838n15 GMM nudn ladruiunguwindu 6 ngu Tagldnsiiansanainan AIC d

'
=

ANUSENDUTN 4.10a MULEUUITTLAEN1TRIITUINAIVDS BIC feninydsenouil 4.10b anu

P

soaduUseiIdendonuanaenliuiuduean AIC
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AIC Scores Per Number Of Clusters BIC Scores Per Number Of Clusters

210000 210000

200000 200000
u v
Q Q
A 190000 & 190000

180000 150000

170000 170000

2 3 4 5 & T B 2 3 4 5 B 7 ]
Number of Clusters MNumber of Clusters
a) b)

AMNUsENaUN 4.10 KANSIIUIUNGUITNNT PCA+GMM fugadeyarediloud uznid
a) fin AIC b) #1 BIC

4.2 Na%mmﬁﬂﬂduqmmwﬁﬂ %gﬂ%'aagaﬂmmwﬁﬂ Charles River Buoy Data

msnaasnanunguiivnzaulunisinnguamnmiainyadeya Charles River
Buoy Data lagn15Ha15a41310 3 35015 A K-means , MeanShift Lag Gaussian Mixture
Model (GMM) wazi13sn1saniiivestoya Principal Component Analysis (PCA) 11311938
Tunisifiuyseandninvesnisnadiuaunguis 3 385015 wan1smaasadedolud

Tumsidetinmamauiunduuesidnig Komeans agldmsfisnsunainnisinaen @
19311/ Sum of Squared Error kagn15NA15841A1U04 Silhouette Score w1l lunns
finsanmannungusmiu70] MsveaswneiSns K-Means 2nn15RaNTN1ANTIN 9
1#27nA" Sumn of Squared Error lneidlofvesnnufinnainantosas WWufidannudurzisy
Tauarsuidou audndussdnvusmiiounsinaon u gatasdugnilirisuaungy 7
ﬁqm[?l] warlunsdiAeatu n13M2151A7 Silhouette Score Lflumimai’ﬁmumjuﬁ
wanzautuiy lneaildazeglurag -1 fa 1 Sfidnudlng 1 uansirdwiunguiiniig
e EN[72] e‘z’fﬂumiwmaaaﬁazmﬁqmumjuﬁmmzamaq@mmwfwmﬂmsﬁaga Charles
River Buoy Data Ingfinnsainainnsiw vesnsvinaendalsunainnisduiaesel Sum of
Squared Error fauanslunimuszneul 4.11a waznsitléannnismien Silhouette Score
Fananslunimusznaudl 4.11b lunisfiansaingudauiu 91nn153AsIEingmann
Asznoudl 4.11a 39fiaNsanaInnsiinaen Siaundufimanzauazey 3 ngu 4 ngy
wag 5 ngul uazidefiansansinvesen Silhouette Score aMNANUTENBUR 4.6b $1UIW
nguimanzaniilofiansanainaiiidilng 1 Srulunduilminzanazedi 2ngy lnedlen
Silhouette Score 8l 0.9956 3ndl A1 Silhouette Score D7l 0.5480 uay 4ngy Tnedien
Silhouette Score Bgl 0.5489 ALY
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é’fqﬁ'jumswﬁnmuﬂfjmﬁmmzamammmwﬁwmsqm%’au”a Charles River Buoy
Data Wiefiansanainnsineendiléaina Sum of Squared Error aunmUsznaudl 4.11a
Ifdununguindy 4 ngu musesidulse uagaonndostu AlaABYes Silhouette Score
0g71 0.5489 Faflandnlng 1 1Dudduil 2 musesiduusziiuanslunimisznoudl 4.11b

1e7 SSE for Number of Cluster silhouette_score for Number of Cluster

= Sum of squared error 10 —— Silhouette Score

16

14 na

12
R

10

w
S
©
J
S
w
e
)
=]
S

SSE

0.8 o7

Silhouette Score

06 06
0.4
05
0.2

0.4

2 3 4 5 b T 8 9

MNumber of cluster
Number of cluster

a) b)

AnUsEnaufl 4.11 HAN1IMNIIUIUNAUAIEITANT K-means Auyadeya Charles River
Buoy Data a) A1 Sum of Squared Error Lag b) A1 Silhouette Score

nduldvhmaiindssavsnmnismsuaunguaeiinmh nssuiunsuiuus
Tassa¥radeya (Normalization) wagn1siinszviesdusznaundn (PCA) Fadunisiiasizs
psAUszneUndnTivauenisnudnuarid 1Ay vesiuusidanudusiusiu ievinisan
$rurufudsas Inelunismeassiagldranuususulunsidensiuiu Component ol
90% mudl Li wazanzldna1nenld[73] wuiinisvin PCA $uau Component fiusngas
9¢111Au 2 Component lagA1A311wU U T (explained variance) aeﬁjﬁl 90% @14

AwUsEneuit 4.12

:bes / 9z '€ :ST $9520TEZ :A994 / sisayl posyszTT0z9 s tsault nan []]I
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The number of components needed to explain variance

10 90% cut-off threshold - .

L .

= =
o m

=
.

Cumulative variance (%)

02

0.0

1 2 3 4 5 8 H B
Number of Components

AWUsENaUN 4.12 N15M131U3U Component s aLYeYnvoya
Charles River Buoy Data

N8991NN151191UU Component 164111 2 Component LA%11N15AATAUIM
Sruaunguilingauvesnuaimiiyadeya Charles River Buoy Data lagfiTnsananns
yosmsinAendaldinainnisAuinuesr Sum of Squared Error fauandlunmusznaud
4.13a wazns1WilFa1nn1smien Silhouette Score dauanslunmusenauil 4.13b 2NN
Asginsmannamuszneud 4.13a dafiansanainmsineen Swaunguivanzanazer
71 3 ngu 4 N waz 5 naw waglilefiarsannsvesd Silhouette Score AINAMUTENBUT
4.13b Snunguinzauilofiansananaiitnlng 1 Sununguinzanavegidiuy
2ngat Taedlen Silhouette Score Dgjfl 0.9959 3ngu A1 Silhouette Score B8l 0.5897 uag

angy Tneilen Sithouette Score gl 0.5909 ALY

ﬁqﬁ?umimf\imaumjuﬁmmzammﬂmmwﬁﬂmﬂsqm%ga Charles River Buoy
Data \lefin1sanainnisinaeniiléainel Sum of Squared Error mun1nyUsenaudl 4.13a
Ifdununguindu 4 ngu musesidusy uagaonndostu AladBues Silhouette Score
0871 0.5909 Fadlandlng 1 1Hudrduil 2 musesiduisziiuanslunimisznoudl 4.13b
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1=.7 SSE for Number of Cluster silhouette_score for Number of Cluster

16 =—— 5Sum of squared error 10 — Silhouette Score

14
09

12

10 0.8

SSE

0.8
0.7

Silhouette Score

06

0.4
0.6

02

0.0 - T r r r T T T 05 o T T T T T T T
2 3 4 5 & T 8 9 2 3 4 5 6 T 8 9
Number of cluster Mumber of cluster
a) b)

ANUsENRUN 4.13 HaN1IMNIUIUNAUAIEITNNT PCA+K-means fuyadeaya Charles River

Buoy Data a) A1 Sum of Squared Error Wag b) A1 Silhouette Score

MIMITIIUNGY e Mean shift {uABnsmaruiunguuudnluif lneedonis
maunguiuUIue delidsdsemniines mangd UM IS IUNguATsUdnal
wuvlsimes edunungu (Cluster) vos3staslinadwsoonuuuudnlulfi Tnsnsduman
gunansesuinadivuutuiin lunmeassianismeaosnismsuiungudaeisng
Mean shift fugndayananmiigin Charles River Buoy Data a¢lvrnaveanuiiu
Fruuddaley Faaunsatsuenisdurunguiivieeninldlaedaludid wuinldsuungy
Wiy 7 ndu arntuldvinisidiudseansamnnsmsiuiungudaeinisia nszuauns
Usuugslassadiadoya (Normalization) wagnisiiagsieaduszneundn (PCA) Fafunis
AnsgviosAusznoundniivsuenisnudnyagiddguesiulsiflanuduiuiu tevi
nsansiuaudanysas lnslunismaassdaglddrnuuysdsnlunisiensiuau
Component agjﬁ 90% WuUI1N19911 PCA 1ag1u2u Component VimewauagmﬂﬁU 2

Component waIIUNGNME Mean shift Feladuaungumindu 9 nau

N13M1FIUIUNGUAIY NITIANGUUUUIIADINITNANKUULNTE (Gaussian mixture
model) 3o GMM fugateyanmunintitaingateya Charles River Buoy Data  lanis
N9150019NA1BY AIC Uag BIC I@EJm3’3’@maﬁ’wmumjmﬁ%aaﬁ%maﬁﬂm3Lﬁami’mumjm
werfudmiunismsiungy uadnlunsdlfidnetulsifionsanainds BIC deu Tne
fsannnsniidadgaviedinisanseduasazidnvasdunsmesd 75 a1nnsme
AINUIINITTIUIUNGUMETT GMM laduaunga wiriu 7 nqu Iagldnisiiansanainen
AIC Fanmszneudl 4.14a auldulssuazn1siansanaInaA1ves BIC fanmdsznoud

Ny 3

4.14b auseLdulsENLIdendenwando biruiuiuel AIC

Y
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AIC Scores Per Number Of Clusters BIC Scores Per Number Of Clusters
700000 700000
650000 650000
G00000 00000
550000 550000
u <
C?'i 500000 lg 500000
450000 450000
400000 400000
350000 350000
300000 300000
2 3 a4 s 8 1 8 2 3 a4 5 & 1 8
Number of Clusters Mumber of Clusters
a) b)

AwUszNaU 4.14 HAMSINIWIUNANIENT GMM Augadeya Charles River Buoy Data
a) A AIC b) A1 BIC

nTulainsiiny sEansaImNITIIINILNGUA8IENIV nsEUIuMTUSUUT

Tassafsdoya (Normalization) waznsiiasgsiesdusznoundn (PCA) dudunisiases
psAUszneUndnivavenisnudnuuyiid Ayvesiuusidanuduiusiu ievinisan
Sruuiudsas Inglunsmeassiiagldianuuususiulunisdonsiuau Component agjﬁ
90% WU31N1911 PCA 1d391uau Component ﬁLMiJ’lszagjwi’]ﬁ'U 2 Component &3l
131317 Component Tuidatu waSawinsmisiuiunguiaeisnig oMM wudn 16
F1urunguindu 6 ngu Taeldnisiarsanaindr AIC fanimdsznoud 4.10a mandudsy

| va o <

KLAANITNINTAUIINAIVBY BIC AN INUTENBUN 4.10b ANUTOULAUUTENEIVINADHNLERNS

Y

LU UAY AIC

AIC Scores Per Number Of Clusters BIC Scores Per Number Of Clusters
475000 475000
450000 450000
425000 425000
400000 400000
u v
Q Q
A 375000 & 375000
350000 350000
325000 325000
300000 300000
2 3 4 5 & T B 2 3 4 5 B 7 ]
Number of Clusters MNumber of Clusters
a) b)

AWUsENBUR 4.15 HANTINEIUNGNIBNT PCA+GMM fugadieya Charles River Buoy
Data a) A AIC b) A1 BIC
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4.3 wasuaams%’ﬂnzjuqmmwﬁﬂ ‘tgﬂ‘l’faga@mﬂﬂwﬁ'l Fitzroy River Data

msneaesmwunguangadlunisianguamuaimihangadeya Fitzoy River
Data 1@8n15W9150471910 3 35015 AB K-means , MeanShift way Gaussian Mixture Model
(GMM) wagi3Sn13aniiAvesdaya Principal Component Analysis (PCA) 11s1938luns
WuUsedndainveen1svisiuaunguiie 333013 wan1snaaesdeneludl

Tumsideinismsuiunguuesiinig k-means aldmsfinsanainnisvinaen 3
1991nA1 Sum of squared error LagN1TNAI1TUIAIV04 Silhouette Score 11l luns
f1samdurungusmiu[70] nMamaasdfieiBns K-Means 91nnsiiansanannsw 7
1#27nA" Sumn of Squared Error lneidloAvasnnufinnainantosas WWufidannuduazisy
TsuarsuiBeu audndugudnuuzmiiounsingen a yniagfugnilidisuoundy 7
fga71] warlunsdifgatu n13R915IA1 Silhouette Score WuAITMITILIUNGLT
wanzautuiy lnsaildazeglurag -1 fa 1 Sfldndlng 1 uansirduiunguiiniiy
wanzan[72) slunisneaesiiagminunguiivmnzanvesaunimiiningadeya Fitzoy
River Data Ing#a15a121An579 vosn13nmondsliuiainnisAIuIavesAl Sum of
Squared Error Faanslunnusenoudl 4.16a waznsmiildainnismen Silhouette Score
Fananslunimusznaudl 4.16b lunisfiansaingudiuiu 91nn153AsIEinsmann
AsEnoudl 4.16a 39fiaNsanINATInABN SIUNdNTIINzaLazeYil 3 Ny 4 ngy
WaT 6 NaY uagiilefiansannsmuesd Silhouette Score AMNAWUTENBUA 4.16b F1UIL
ngufmanzanlofionsananaiidilng 1 Srurundquilminzanazedi 2ngu Tnedle
Silhouette Score 8l 0.7567 3ndal A1 Silhouette Score D7l 0.6589 uay 4ngy Tnedin
Silhouette Score agj‘ﬁl 0.5749 sua1nU

ﬁqﬁ?umimfﬁﬂmumjuﬁmmzammammwfwmnsqmsﬁa%a Fitzroy River Data Lile
fisannnisinaendiléaindl Sum of Squared Error aun1nUsenaud 4.16a lésuau
NEUINAU 3 ngu AuTesLduUTy uazaenadediu A1LAABYeY Silhouette Score el
0.6589 FasiAndnlng 1 Wud1iudl 2 musesidulseiiuandlunmusenauil 4.16b
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1:8 SSE for Number of Cluster silhouette_score for Number of Cluster
8

= Sum of squared error 0.75 —— Silhouette Scare
16
0.70
14

12 0.65

10 0.60

S5E

08

Silhouette Score

06
0.50

04
0.45

0z

2 3 4 5 6 7 8 9 2 3 4 5 B 7 B 9

Number of cluster Number of cluster
a) b)

awusznaun 4.16 wamamﬁwmumjuéﬁﬁ%ms K-Means ﬁ’m;m%a;ﬂa Fitzroy River Data
a) A1 Sum of Squared Error wagz b) A1 Silhouette Score

nTulainsiiny sEansaImNITIIINILNGUA 83TV nsEUIuMTUSUUT
laseasnadoya (Normalization) kagn153tAs1esiesAUsznaunan (Principal Component
Analysis : PCA) §a.dunsiasiziesdusznaunanfivsuanienaanvazidrfgyvewanlsi
= [ U [ d' -] o U dy Y1
fpuduiusiu ievinsandnuiusilsas lnglunimeassiazldmanundsumulunis
\iond1uau Component ag#l 90% aud Li wazamglana1uoili[73] wuidnisvih PCA 1a
31u7U Component MynzaNagiiifiu 2 Component IngA1AUKUTUTIU (Explained
Variance) 8¢l 90% fannusynaui 4.17

The number of components needed to explain variance

10 90% cut-off threshold - - -

oL

_

= =
o™ m

=)
.

Cumulative variance (%)

0z

0.0

1 2 3 4 5 6 7
Number of Components

AnUsenaull 4.17 N15M191U3N Component MvsNeaLYeYAToYa
Fitzroy River Data
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18991NN151197UU Component 164114 2 Component LA%11N15WATUI9
Srununduilvangauresamnintnangataya Fitzoy River Data lagfia1sanainng
yosmsinAendalsinainnisAuInear Sum of Squared Error fauandlunmusznaud
4.18a LagnsMiiléa1nn1smAn Silhouette Score fauanslunwysznoud 4.18b ann1s
AAsEANTININAMUTENOUT 4.18a Fsfiansanarnmsinaen Srulunguilnzasazey
7l 3 Ngu 4 N way 6 naw waglilefiarsansves Silhouette Score ANAMUTENBUT
4.13b Snnunguinzanilofinnsananaiidnlng 1 Suaunguivenzanavegisiuu
2ngu Tnedian Sithouette Score gl 0.7612 3ngu /1 Silhouette Score B8l 0.6698 Lay
angu Tneilen Sithouette Score il 0.5947 AU

ﬁQSUﬂﬂiwﬂﬁWU’JuﬂEjmﬁLM&JW%&@J“U@QQNﬂWWﬁW%’]ﬂﬁ@%@%a Fitzroy River Data
definnsanannisinaendiléaindn Sum of Squared Error arunmUsznauil 4.18a ¢
Fuunguiviiiy 3 ngu musesduUsE uazaenAdesfy AnAeves Silhouette Score Bgl
0.6698 Gsfianinlng 1 1Hudduil 2 amsesidulsziuandunmusznoudl 4180

1e5 SSE for Number of Cluster silhouette_score for Number of Cluster

—— Sum of squared error 0.75 —— Silhouette Score
16 i

14 0.70

12
0.65

10

SSE

08 &0

Silhouette Score

06 055

04
050

0z

2 3 4 5 B 7 8 9 2 3 4 5 b 7 ] 9

Number of cluster MNumber of cluster
a) b)

AWUIENAUN 4.18 NANITMTNUIUNAUAIEITNT PCA+K-means

ﬁusqmsﬁauua Fitzroy River Data  a) A1 Sum of Squared Error wag b) A1 Silhouette Score

[ I £ . <@ ad [ { [y wa o
AMINIRIUIUNGU AIY Mean shift L‘LJ‘Ll'Jﬁﬂ’]iVi'V\]TL!'J‘LJﬂQlILL‘U"UEJG]I‘L!&IG] laga1dens

(% LS

MAUIUNGURUVIUGT FaliidaBemmisdwes wanzdmsunsmituiungunisuanuel

Y
4

wuulainneds Feduiungy vesdstaslinadnseanuuuudnlud® lnensAunigaaudnans
a PN 1 P = 2 ada 9 ¥ a & o 1 Y
YousIuuLUuige Faduisnlildmsfiweslunisussunansilesidulunisdudauys
[74] Tun15MAaesinanIsNAaeINITMIUIUNGUAIEITNIT Mean shift Auyatayanmnmn
11917 Fitzroy River Data  aglwidimeuesnundudiuiuA1diay feaiuisavsvonis

urunguimesninlalagdnlud® wudrladnuiunguwindu 3 nau andulaviinisiiig
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UsgdnSamnismidiuiunguaieisnisyvin nsgulunisusudsalaseasnedeya
(Normalization) kan153iAszviasdusznauvan (PCA) Fadunsiinszsieadusznaundni
vaueninudnunsiiddyesiuusiianuduiusiu ifievihnisandiuiudaulsas Tnglu
namaaesiiagldaranuuususuluniaidens uau Component agil 90% wudinisvi
PCA @512 Component ﬁmesauagjwhﬁu 2 Component ka3MN3IUIUNGNAIEY Mean

shift @eladnuaunguuintiu 3 ngu

N13M13UIUNGUAIY AITIANGUUUUIIADINITNANKUULATE (Gaussian mixture
model) w3 GMM fugatayanmnminangataya Fitzoy River Data  Iasn1sfiatsas
NAes AIC way BIC Tnensinmdaunguisdesisnmsiinasidensiuiunduientu
dmsunsmsaungy widlunsdiiidissiulifiansanainds BIC deu Taefiansanain
nsmiiifidnmanviesinsanseduatuasidnunsidunsmasi[75] 2nnsnaaeamuinng
N19UIUNGUAETE GMM lad1uaungu wirdu 8 ngu laeldn1siiansuiainen AIC 73
AmUsEnaURl 4.19a mudulszuagnsiansananA1ves BIC fanmuszneud 4.19b mu

A va o

soeLduUsENITendanuandoliuiuiua AIC

Y

AIC Scores Per Number Of Clusters BIC Scores Per Number Of Clusters
340000 340000
330000
320000 320000
u w 310000
Q Q

# 300000 &7 300000
290000
280000 250000
270000

260DDG T T T T T T T T T T T T T T T T

2 3 4 5 & 7 ] 9 2 3 4 5 B T B 9

Number of Clusters MNumber of Clusters
a) b)

AMNUsENaUN 4.19 KAN1IMIUIUNGLITNNT GMM fugataya Fitzroy River Data
a) A1 AIC b) A1 BIC

Mntuldiinafiaussansammamsiuiundudieiinisi nssuiunisuiulse
Tassadsdoya (Normalization) wagn1siinszviesduszneundn (PCA) Fadunisiiasies
psAUszneUndnivsvenisnudnvuzfidfyvesinUsifinnnuduiusiu ioviinisan
$ruaufudsas Inlunimeassiagldeamuuusunulumaidensiuin Component ol
90% Wu31n19%11 PCA lad1uau Component ﬁLMMSamaE_jwi"lﬁU 2 Component &sl¢iin

N15113743U Component MUKAIHY 4&291IN1INITIUIUNGUAIETTNNT GMM Ny el
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Fuunguuiiiu 8 ngu lagldn1siiansanainel AIC fdanmusenaudl 4.20a muldulse

a

LaZN15HINTUININAIDI BIC AenImUsznauil 4.20b museaidulsziigidendonuans

AU uAUAY AIC

AIC Scores Per Number Of Clusters BIC Scores Per Number Of Clusters

238000 238000

236000 236000

234000 234000
w 232000 @ 232000
Q Q
& 230000 & 230000

228000 228000

226000 226000

224000 224000

2 3 a4 5 & 1 8 9 2 3 4 5 & 1 & 9
Number of Clusters Mumber of Clusters
a) b)

AWUsZNBUT 4.20 HANTINTWIUNGNIENT PCA+GMM Fugndeya Fitzroy River Data
Data a) A1 AIC b) fin BIC

mﬂwamimaaqmimf&wmuﬂduﬂmmwﬁqmﬂﬂ;m%’aa&aﬁq 3 YAUBYaneINYA
foyaves Weudznn  yadeyaveaCharles River Buoy Data uag yadeyavedFitzioy
River Data lagl9i5n13 K-means MeanShift ag Gaussian Mixture Model (GMM) tazin
TnsaniAvestoya Principal Component Analysis (PCA) dangaglunsiinuszansam
suaqmwﬁwmuﬂtjuﬂga 3 3813 Ingnaveansndnunguudazisnisuanadsluaisned
4.1
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M15197 4.1 NaNIIIIUNGNIINYATBYANS 3 YATeLa

yadoya B3 WIUNGY

K-Means
PCA+K-Means
MeanShift
PCA+MeanShift
GMM
PCA+GMM

WauaUuzn

K-Means
PCA+K-Means
MeanShift
PCA+MeanShift
GMM
PCA+GMM

Charles River Buoy Data

K-Means
PCA+K-Means
MeanShift
PCA+MeanShift
GMM
PCA+GMM

Fitzroy River Data

0O 00 W VW VW WIN N 0o N A A0V O W A U0 U |

NPT TTANguAMA T udaudUEM191n 3313 A Kemeans |
MeanShift wag Gaussian Mixture Model (GMM) kar113sn15aniivesteya Principal
Component Analysis (PCA) 1dungagluntaifiuyseansanvesnismsiuaungusia 3
33013 lunaaaesi assadunmsmduunguamamilufideudsn Smiadend Tu
nsnaaesiisuaunguuesnmamirlunisiangudoyafiunzanegiisiuau 5 ngu vie 6
nau Aszozanlunsifuieyasglutiadngggdeussminaiiou unsau-unem wa. 2564
fdlunmsmnassiiaginnisdendnunguuesiousisnieondu 5 nguainisnts PCA+K-

Means fsandlunmusenaud 4.21 lngusaznguilanidnsvesmusasnisdnes dail

naudl 1 A1 PH fldeglutas 7 1 DO eglutas 4.5 - 5 mg/L An TDS ogflutia
122-124 ppm A1 EC aglutdse 21-22 % uazel Temp aglutig 24 °C

naNd 2 A1 PH dAneglutag 8-10 A1 DO eglurae 3 - 4 mg/L /1 TDS oeflutas
229-234 ppm A1 EC 8gluta 6-8 % waze Temp aglutig 25-26 °C

ngudl 3 A1 PH denaglutag 7 1 DO aglutae 4.5 - 5.6 mg/L /1 TDS oeflutas
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125-127 ppm A1 EC aglutas 13-18 % wazen Temp aglutis 24 °C

Nl 4 A1 PH deneglutag 8-10 f1 DO eglure 3.6 - 4.4 me/L #i1 TDS oglutiag
199 ppm 1 EC 2¢/luta 6 % uagAn Temp agluyae 24 °C

Nl 5 A1 PH dAneglutag 7 A1 DO agluraa 6 — 7 me/L A1 TDS agflutag 111-
114 ppm @1 EC ag/luta 16-21 % uaga1 Temp aglutng 23-24 °C

Clusters of PCA+K-Means

S0 2 0 5 50 75 w0 15 150
AUIENAUN 4.21 NaNFIANGUANAININVBATBUAUENTI 5 NEY

(%
| o

M19197 4.2 MITIUNUNAMNINYBIU WNETATIZVNGUAMNIN

q 9

W1dinas AVl quumwﬁﬂﬁ csh@mmwﬁwﬁ
LRUNTEU flﬂ’J’]SJLﬁ.EN

Dissolved Oxygen concentration  milligrams per liter 5-8 <5,>8
(mg/L)

Temperature Celsius (°C) 20-30 <20, >30

pH Standard Units 6.5-9 <6.5,>9

Total Dissolved Solids Part Per Million 50-250 <50, >250
(ppm)

Electric Conductivity percent saturation 30-80 <30, >80
(%)

UG 919BUNUTANNINUIRN [22]

nuansIanguannMvesdeuaIUznm Jawusesndu 5 ngu §idelavinnns
Wisuifiguiuinasinanmiiuandlunsnd 4.2 wuingud 5 Junguidoyanmuniniiia
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waglinzaunIAnguilaieuAiumsunuaaun nven ela PH deveglutis 7
A1 DO aglutas 6 — 7 mg/L A1 TDS aglutg 111-114 ppm A1 EC ag/luyae 16-21 % uag
A1 Temp aglutaa 23-24 °C

wagluvaglAeIuMImIIUNguAMAINIIAINYAtaya Charles River Buoy Data
nlaurannmivleduesdidiniuduasesdwindeuuiianigeiusna (United States

Environmental Protection Agency) lnefliwuigainldinAnazeaglinaindnasly 1 wes iive

o =

yiwihiiudeyalun o 15 uid deyandaivusznauluaieg 8 wisfiwes fall Water

Y

temperature, Specific conductance, pH, Dissolved Oxygen concentration, Dissolved
Oxygen % saturation, Turbidity, Chlorophyll thag Phycoerythrin 91u34¢ ﬁlﬁLﬁaﬂiﬁ
Charles river buoy data SRR 28,116 ﬁm%a%’mtﬁuluﬁaﬁl A.A. 2018-2019 AIUIUY
nulNzaueg 7 ngu AnNTAATIERaINHaN IS ILILNGuYBILAaz IT ARy
9197t 4.1

uazyadioya Fitzroy River Data #iuynilifiu Open data fidafunazimeunslng
Queensland Government Ussinapoainside lnsifunisinamniniiain Fitzroy river,
Central coast Queensland Lﬂu%’au”aﬁﬁmLﬁU“Luﬁdaa?J A.A. 1993-2003 Usznausiy 11,014
gadoya neldwmeunsiiuiivlad https//www.data.qld.gov.au Feusenavludae 7
W13138Lmes Ae Dissolved Oxygen concentration, Dissolved Oxygen % saturation, pH,
Salinity, Specific Conductance 8¢ Temperature ﬁﬁﬂuauﬂémﬁquﬁzﬁmaéﬁ 3 ﬂ&jm 310
MTARTEiRaNMTIIuIuNguesusasiBfnanduned 4.1 1uiu
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A19199 4.3 wan1siUIeuLisuA Sum of Squared Error wag Silhouette Score 115U

35715 K-Mean wag PCA+ K-Mean

Y MUY A1 SSE A1 SSE A1 SS A SS
{J’E]%;}a ﬂ@:“ K-Mean PCA+ K-Mean K-Mean PCA+ K-
Mean

2 4573247.00006 4522435.67257 0.81519 0.81761

3 2552826.33739 2502111.69503 0.64286 0.65642

a4 1260133.48652 1211106.15656 0.66321 0.67752

L%auﬁw 5 823283.83657 777183.34746 0.68392 0.70152
Yegn? 6 587970.97446 546111.68159 0.67717 0.69479
7 525132.34224 489091.04860 0.65420 0.69015

8 473825.04540 427182.80670 0.51937 0.67050

9 411747.10624 371179.00585 0.50244 0.53153

2 16859120.46322  16441739.04066 0.99569 0.99590

3 9541669.35172 9128579.47573 0.54807 0.58976

Charles 4 4807409.23826 4394350.78679 0.54898 0.59092
River 5 3029735.59017 2631431.48617 0.49825 0.55799
Buoy 6 2305477.66406 1911521.38961 0.43696 0.51899
Data 7 1674662.00487 1280712.81557 0.43738 0.51946
8 1215132.43166 844638.32428 0.42696 0.52753

9 1000204.98615 638124.08215 0.40807 0.51917

2 173854317.39092 171379336.85742 0.75674 0.76123

3 77251272.59971  74784865.41915 0.65893 0.66984

_ a4 44318367.29160  41852825.87244  0.57496 0.59471
Fl.tzroy 5 31853489.88920  29385808.32834  0.55316 0.57594
;l;/te;r 6 23658293.14260  21198825.24216 0.48308 0.51845
7 20010729.97071 17553386.44326 0.44589 0.48987

8 17159679.23788  14707452.79192  0.43843 0.48206

9 15390935.04830  12938654.53202  0.42384 0.46663

PNHANITNABDINNTNG 4.3 LanINan1sUTeuLeuaAT Sum of Squared Error wag

Silhouette Score #mSUTBN1 K-Mean way PCA+ K-Mean LitoaniiAvasdaya fuyadoya

4 3 ¥a lngyadoyaloud1lgn1iddiuiy 5 Component a1 PCA uadmiaaduiy 3

Component ¥a98ya Charles River Buoy Data #3131 8 Component dlevh PCA uén

Waa91u3u 2 Component Yataya Fitzroy River Data 131U2u 7 Component (8%
PCA LA2Wa 09 1U2U 2 Component wan1snaaoskandliifiuin 35015 Principal
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Component Analysis (PCA) iileaniiivestoya wdmndurungusig K-Mean lrinavesn
Sum of Squared Error tag Silhouette Score An91 15119 K-Mean ﬁusqmsﬁa;ﬂaﬁgﬂ 3 9n
Uaya lagfA1 Sum of Squared Error anas kagen Silhouette Score Andlng 1 Aindn
WMTUUY K-Mean
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5.1 d3Una

(%
= 1 ¥

Al datiulufnwinmsienesiauninimemeiansiangudeya vo4laud

3

g1 JmInde il iuﬂ’ﬁmamﬁ;ﬁ%’ﬂéfaaﬂwajuaaaﬁflﬁamé’?ﬂl,sziulfaas‘mwi'mmmw
1h $wau 5 iiweiUsznaufesuweiiaUiunnesndiauiiozansluth mgugiivesi
Aamudunsafuvaveni Aanuguuen uazansilwiheenit ususadeya
aunwilugaafiou unsiau-iuian ne. 2564 Sruauisdu 13,608 gndoya lnenseas
souUTnaudous iy 5 90 waglimaaouiuyadeyaifisiiudn 2 yadeya fie Charles River
Buoy Data Wag Fitzroy River Data lagld 3 35n19A8 K-Means Algorithm 35015 Mean
Shift Algorithm wag Gaussian Mixture Model algorithm wagynsiUsEANEAmAIIHY
UIUNGUAIENITUILIBNTARTIRYEBYasIY Principal Component Analysis (PCA) 311
TAuABnasaunguis 3 38073

a v

1NMINAABINUIIMIMIIUIUNgUIINTeyalaud e fmiadendl e k-
Means l¢ 5 ngu PCA+ K-Means 1§ 5 ngu 35015 Mean shift ladnuaunguivindu 4 ngu
PCA+ Mean shift 1¢' 3 ngu 33013 GMM Tddwaungs 6 ngu PCA+GMM 16 6 nda G991n
MlAsEiEn1smsuIunguanisinanundu lunudldvinisdonduaundulunis

wusnguaanwineanidu 5 ngu 1ae38n1s PCA+K-Means 1JudsIlidwiunquiinngale
1159915001970 Elbow Method Wag Silhouette Score

fiall Seldvmaeuiuyadoyadn 2 yadeyadudugndoya Open Data Aoyndoya
Charles River Buoy Data W&a¥ Fitzroy River Data ‘W‘Uﬂﬂmimiﬁ’ﬂ‘mumja\lﬂmmwﬁﬂmﬂ"Q(ﬂ
U8ya Charles River Buoy Data #3835113 K-Means lad1uiungu 4 nqu 38013 PCA+ K-
Means lA31u3ungy 4 ngu 35015 Mean shift lad1uunguiniu 7 ngu 38015 PCA+
Mean shift lad1uiungu 8 nqu 35015 GMM ladwiungu 7 nquuazisnis PCA+GMM g
$1urungu 7 ndu a1nnanisiarsunlunsmsuiunguguaintangadeya Charles
River Buoy Data lédununguilnzanegd 7 nguiilefiansanainaanislidiuiunguia
flandlanisuifisufuismaianan uazdmsunmsmduiunguuesyedeya Fitzoy River
Data A38735N15 K-Means lad uaungs 3 nay 35ns PCA+K-Means 19 3 ngu 3515 Mean
shift lad1wiunguindu 3 ndu 38015 PCA+ Mean shift 1a 3 ngu 38015 GMM aduau

nau 4 Nay wagddn1s PCA+GMM 19 4 ngua1nkani1siiatsanlunIsnIduIUNGURAMA TN



00LTELLBYE

—
—
c
_|
>
@
»
»
o
)
o
[
=
N
©
~
al
o
~
—-
>
@
»
»
-
-
9]
o
<
)
w
=
o
)
a1
[s2)
~
=
Ul
I
w
N
o
-
%
9]
Q

€T

58

NYATBYA Fitzroy River Data  LAIUIUNGUAMINANREN 3 NAUNONIITUIINNANIT

I wIungunangaewseuiiuiuisnsvmue

5.2 aausieua

INHANITNARBINTIATIENNFUAMAMUINBLTUA1UEN1Y Tamdndend A1nua

!
mMsnaedlauIunguindu 5 naw §935A13 K-Means uaz35n13 PCA+ K-Means Tduau
Ny 5 nguiniu urlilefia1sandn Sum of Squared Error Alvnad m3uasnns
Elbow Method 91nfvesAmRawaInanas agilriduiifinnuduazBulAsuassuisey
indugudnvarmiiounisinaon a gadandugeilidrsiuunguiiifian wazen
Silhouette Score IUABMIMIIUNGuABNzauuTY TneATildazegluta -1 Fa 1 &
fidndlng 1 uansirdrwrunguilaumingan 491035013 K-Means aglvien Sum of
Squared Error winAu 823283.83657 A1 Silhouette Score WU 0.68392 35113 PCA+K-
Mean Tag 1aA1 Sum of Squared Error 111U 777183.34746 wazA Silhouette Score
Winfu 0.70152 fetfuilofiansanuda 33n1s PCA+K-Mean axlidn Sum of Squared Error
uay Silhouette Score An3138n15 K-Mean Inedi PCA azaniifivestoya nofidnslaivinle
gade information Tunismeassfugadeyaideuduennldivuadiauuysdsiy
(Explained Variance) # 90 % fstuluntsmaasimsmiiunguaesamnintianidoud,
Ugn11 AIsiEenldiBnIs PCA+K-Mean wms1ganmsaniinvestayalnely PCA lvinavesnn

A1 Sum of Squared Error Wa Silhouette Score ANI135n15 K-Mean

LAz aNAN TN IIUNGY 5 NANLAIENNTIRENAINIIITmBTURIUsaEnaulaudl

YIVDIAFARENITITADS AT

naudl 1 A1 PH ZAneglutag 7 A1 DO aglutag 4.5 - 5 me/L #i1 TDS agflutiag
122-124 ppm A1 EC aglutis 21-22 % uazel Temp aglutig 24 °C

naNd 2 A1 PH dAneglutag 8-10 A1 DO eglurae 3 - 4 mg/L /1 TDS oeflutas
229-234 ppm A1 EC 8gluta 6-8 % waze Temp agluaig 25-26 °C

naw#l 3 A1 PH fldeglutag 7 A1 DO oglluting 4.5 - 5.6 mg/L A1 TDS aeflutas
125-127 ppm A1 EC agluds 13-18 % uazel Temp aglutig 24 °C

nAw#l 4 A1 PH fldeglutiag 8-10 A1 DO aglutie 3.6 - 4.4 mg/L A1 TDS oeflutig
199 ppm 1 EC a¢/luta 6 % wagAn Temp agluyae 24 °C

naud 5 A1 PH deneglutag 7 1 DO agluvaa 6 — 7 me/L A1 TDS egfluzie 111-
114 ppm @1 EC 9¢/luda 16-21 % uaza1 Temp agllugig 23-24 °C
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nmsmsunguls 5 nauvesyadeyalloud iz fAdeldihnsinseini
naulsuifamnnfuangauiunsidecan Taengud 5 Junquiidiaumneaslumsides
Uarluuinandeuduznn dailen PH fireglugas 7 A1 DO ogllutis 6 - 7 me/L f1 TDS
agluv39 111-114 ppm A1 EC aglutag 16-21 % waga Temp aglugia 23-24 °C

5.3 UDLAUDLUY

1 Tumsiiuteyanisinisseygn Juil waziaivesmsiiuteyaatlugadoyailiu
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Water Quality Assessment in the Lam Pa Thao
Dam, Chaiyaphum, Thailand with K-Means
Clustering Algorithm

Phukkaraphon Ardarsa
Department of Information Technology
Faculty of Informatics, Mahasarakham University
Mahasarakham, Thailand
62011284504 (msu.ac.th

Abstract— Water resource management is one of the biggest
challenges that are being faced, such as a warming climate, arid
land, and toxic chemicals in the water. It is essential to deal with
water resource management urgently. In this article,
researchers mainly focus on monitoring the water quality in the
Lam Pa Thao dam, Chaiyaphum, Thailand. The farmer in that
area directly affected by the water quality in the dam because
they raise fish in floating fish cages. To prevent losses from fish
farming, they should have the ability to monitor and control the
factors that affect the water quality. As a result, the farmer can
monitor the water quality and the monitor system can report to
the farmer in time. In this case, to monitor the water quality,
researchers designed the buoys, which is the internet of things
device, to collect data from the Lam Pa Thao dam. researchers
collected the water quality data from January - March 2021,
including 13,608 instances. The five important parameters were
obtained, including dissolved oxygen, temperature, pll, total
dissolved solids, and electric conductivity, Due to the number of
parameters, researchers decided not to apply dimension
reduction. In these experiments, researchers proposed using K-
means clustering algorithms to group the water data into
appropriate elusters. For the K-Means algorithm, we calculated
the silhouctte coefficient to analyze the effectiveness of cluster
separation. The best cluster that was grouped using the K-
means algorithm achieved the silhouette score of 0.6839.
Furthermore, researchers evaluated the K-means algorithm on
Charles river and Fitzroy river datasets. 1t obtained the
silhouette score of 0.5489 and 0.6589, respectively.

Keywords—water guality segmentation, K-means clustering,
stthouette coefficient, cluster analysis, internet of things

L INTRODUCTION

Nowadays, the water supply problem is one of the public
issues which affects human life. Water is used in agriculture,
consumption, fishery, and public health. Sometimes, water
from public health is the source of pathogens and becomes
spoilage water.[1] Water is the fundamental factor for human
life and the ccosystem, so water management is an urgent
issue. [2] Tt is also the preparation for water problem in the
future, For example, solving the water problem in time by
using the present technology. [3] Data analysis is one of the
technologies helping people to find the hidden data in a
specific case and also help us to prove the hypothesis. Water
quality analysis is one of the issues which gain attention from
several rescarchers because water still has pollution problems
and water supply problems globally. Maintaining water
supply to ensure safety for consumption is essential. The
fishery and agriculture arc also needed high-quality water in

978-1-6654-0300-9/21/831.00 ©2021 IEEE

Olarik Surinta
Multi-agent Intelligent Simulation Laboratory (MISL)
Department of Infonmation Technology, Faculty of Infermatics
Mahasarakham University, Mahasarakham, Thailand
olarik.s@msu.:

their activities. For those reasons, this is an important issue for
researchers. [4] To specify the problem and solutions to
problems of water quality, water quality data is essential for
improving water quality in the long term. [5]

For water data analysis, researchers need to know the
walcr properties in changing environmental conditions and
different conditions. Clustering is one of the data analysis
techniques. Clustering divides the parameters into groups and
parameters are grouped by basic characteristics delined by
similarity, [6] The partition of the data is divided in order to
define the same elements in the same group for finding the
structure of the dataset.[7] This technique is Unsupervised
Learning which process objects or values to the appropriate
group. Distance of between objects is used as an indicator to
identify similarities and differences. Water quality analysis
using clustering techniques to find patterns of data distribution
is the learning process from samples that is no target value and
label value. The datasets are divided into the cluster. The data
which contains the same characteristics will be set in the same
group.

Water quality segmentation is an important process to
make us know the quality of the water source. The quality data
also uscd as a tool to improve water quality, solving the water
problem, predicting water quality. This research uses three
water quality datasets including, Charles River Buoy Data
which was retrieved from the United States Environmental
Protection Agency, Fitzroy River Data which is open data
recorded by the Queensland government, Australia. The
Fitzroy river data, Central coast Queensland was retrieved
from the website. The third dataset is Lam Pa Thao dam,
Chaiyaphum, Thailand which the researchers have created.
The third dataset was created for water quality analysis.

QOutline of the paper: This paper is organized in the
following way. Section 1l presents a review of related work.
Section [l describes the water quality datasets, clustering
algorithm, and cluster analysis. The experimental results and
conclusion are presented in Section TV and V.

1. RELATED WORK

Carrasco et al. [§] claim that water quality is a sensitive
issuc. Water quality relates to the characteristics of physical,
chemical, and biological elements. Complexities of the area
are one thing researchers must concern about. Research in
waler quality trics to find a model to determine the variables
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that most affect water quality. The multiple variable analysis
help researcher to find relationship and solution for
determining the biological, physical and chemical property of
water. Water quality evaluation includes several factors such
as temperature, pH, transparency, turbidity, nitrates,
orthophosphates, phosphorus, total nitrogen, chlorophyll,
solar radiation, dissolved oxygen, and microcystins. All of
those factors are used as the water quality parameters in
Gamboa and Paraiso river in Panama. The research includes
three-step. the first step is basic statistical analysis including
mean and standard deviation. The second step is HJ-Biplot
analysis. The T17-Biplot technique is the stalistical analysis l[or
detecting the correlation of chemical, physical and biological
variables. The third step is group analysis. This step identifies
the data from the random segmentation of the sampling and
identifies affected variables, The segmentation process is
calculated by the K-mean method using Biplot data from step
two. The result from multiple variable analysis called HJ-
Biplot which shows the relationship of chemical, physical, and
biological elements. Moreover, the analysis shows two sample
data relate to the seasons of the regions. The [irst group
includes variables as follows, pH, transparency, chlorophyll,
dissolved oxygen, and temperature. The second group
includes variables as follows, mnitrates, orthophosphates,
turbidity, and others, All parameters normally vary in rainy
seasons. The variances cause cyanobacteria and toxigenic in
the water.

Hamed [9] claims that water quality moniloring is the
priority of surface water protection. There are several
methodologies for variable analysis which determine the
variability of water quality from different sources. The
important part of the variable analysis is the statistical
technique and multiple variable statistics. The research
decreases the number of variables when testing water in Nile
river which are used for Cairo drinking water company. The
relationship of each variable is analyzed using Fuzzy C-
Means. K-means is used for Segmentation in order to find
important factors which change water quality. The result
shows that twenty-one water stations can be divided into three
segments.

Celestino et al. [10] claims that segmentation by K-means
and principal component analysis can be used for water
quality analysis and water quality management. However, the
previous study claims that K-means which use for finding
Euclidean distance is not suitable [or high dimensional data.
The research uses the algorithm K-means+PCA for the water
quality test. The PCA has been used to reduce the dimensions
of the data for improving the grouping cfficiency of K-means,
The huge twenty-eight parameter datasets from hydrogeo
chemistry are used. The data are retrieved from 582 water
sources of the coastal arca of Santo Domingo, Mexico.
Segmentation by K-means+PCA using PCA for reducing the
dimensions of the data can reduce the attributes of the
hydrogeochemical variables from twenty-eight attributes to
sixteen attributes. The result shows data are divided into three
segments as follows. Segment one includes 160 water sources
which are shallow and deep water sources near the coast and
near the city. The second segment includes 166 water sources
which are mid-level deep and deep water sources located near
an industrial area and urban area. The third segment includes
256 water sources which are deep-level water sources near
agricultural and urban areas. The result shows the
methodology is effective in water source analysis.

Hajigholizadeha and Melesse [11] uses Cluster Analysis
(CA) and Discriminant Analysis (DA) in water quality
assessment and spatial change asscssment in south Florida,
The fifteen years dataset from 2000-2014 includes twelve
water quality variables from sixteen water stations. The result
from sixteen stations shows 35,000 datascts. Water quality
from the data can be divided into three segments including low
pollution, moderate pollution, and high pollution.

III.  MATERIALS AND METHODS
A. Water Quality Datasets

o Lam Pa Thao Dam Water Quality Dataset

The data in this research are collected by buoys equipped
with sensors located at Lam Pa Thao Dam, Chaiyaphum,
Thailand. Buoys are located at different five points near tilapia
cages, the banks of the Lam Pa Thao dam. Total of 13,608
datascts were collected. The data were collected from January
— March 2021. The buoy location is shown in Fig. 1.

The water quality of Lam Pa Thao dam, Chaiyaphum,
Thailand collected from five floating buoys during Janvary —
March 2021 are shown in Fig.2. The data includes five
parameters including, dissolved oxygen concentration (DO),
temperature, pH, total dissolved solids (TDS), and electric
conductivity (EC). The details of the parameters have shown
in Table 1.

® Station

lam pa tao

Fig. 1. The position where researchers collect data at Lam Pa Thao dam,
Chaiyaphum, Thailand

Fig. 2. The picture of buoys is used as data collector instruments. The
buoys arc used as data collectors near tilapia fish cages in the dam. The
picture also identifies the IoT instruments in each buoy
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TABLE L. PARAMETERS WHICH USED TO MEASURE THE WATER TABLE IIL PARAMETER FOR WATER MEASUREMENT FROM FITZRON
QUALLTY AND DATA MEASUREMUNT UNIT RIVER DaTA
Parameters Unit of Measurement Parameters Unit of Measurement

Dissolved Oxygen concentration milligrams per liter (mg/L) Dissolved Oxygen milligrams per liter (mg/L)
conce i

Temperature Celsius (°C)
Dissolved Oxygen (DO) Percent saturation (%)

pH Standard Units

- - pH Standard Units
Taotal Dissolved Solids Part Per Million (ppm)
— Salinity Practical Salinity Units (PSU)

Electric Conductivity percent saturation (%)
Specilic conduclance millisiemens per centimeier (mS/em)
I'emperature Celsius (°C)

*  Charles River Buoy Data

These data are retrieved from the United States
Environmental Proteclion Agency. They set the buoys at the
Lower Charles River for water quality measurement. The
water quality data are distributed via the website
“https:/fwww.epa.gov/charlesriver/live-water-quality-data-
lower-charles-river,” Water monitoring buoys are floated at
Charles river near the Museum of Science. The sensors are
placed one meter below the water surface for collecting data
every fifteen minutes. (Table 1) shows the 8 collected
parameter data including, water temperature, specific
conductance, pH, dissolved oxygen concentration, dissolved
Oxygen %  saturation, turbidity, chlorophyll, and
phycoerythrin [12]. This research uses 28,116 Charles river
buoy data which are collected during 2018-2019.

TABLE Il PARAMETER FOR WATER MEASUREMENT FROM CHARLES
Rivir Buoy
Parameters Unit of Measurement
Temperature Celsius (°C)

Specific conductance millisiemens per centimeter (mS/cm)

pIl Standard Units

Dissolved Oxygen milligrams per liter (mg/L)
concentration

Dissolved Oxygen %
saturation

ercent saturation (%
(L saturat L

Turbidity Formazin Nephelometric Units (FNUs)
Chlorophyll Raw Fluoreseent Units (RFUS)
Phycoerythrin Raw Fluorescent Units (RFUs)

*  Fiizrey River Data

This data is open data which are collected and distributed
by Queensland Government, Australia. The data is water
assessment of Fitzroy River, central coast Queensland which
collected during 1993-2003. The data include 11,014
datascts. The data arc retrieved from
https://'www.data.qld.gov.au. The data consist of seven
parameters including, dissolved oxygen concentration,
dissolved oxygen % saturation, pll, salinity, specific
Conductance at 25 degrees Celsius, and temperature [13]
(Table 111)

B. K-Means Clustering Algorithm

K-Means clustering algorithm is an unsupervised learning
algorithm developed by MacQueen in 1967, The algorithm
uses non-hierarchical cluster analysis which K-Means
algorithm automatically divides data into a segment (k) by
calculating the distance between Centroid with the target data
[14]. Tt ig shown in the following equation.

I= Ejf:f o ”x.'(j) - "-'j”2 (1)

where k is number of segment (class), n is the number of
instances, and ¢ is the (centroid) of the group J.

C. Cluster Analysis

e The Eibow Method

The elbow method is the error assessment of the sum of
the distance between the centroid and instance for choosing
the proper & value. It can be called the optimal cluster number.
The appropriate point of the elbow method is where the clbow
bend in the graph, as shown in Fig, 3. This point gives the best
cluster numbers. [23] [24] Sum of Square Error (SSE) can be
calculated as follows.

SSE = i b —3)? 2)

where n is the number of instances, y; is the value of the i*"
instance, and ¥ is the mean of all instances.

120000 —— 5um of squared error
100000
80000

w
¥ 60000
40000

20000

Number of cluster

Fig. 3. Mlustration of the elbow point
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®  Silhouette Coefficient

Silhouette  Cocfficient is used for calculating the
appropriate number of clusters. Silhouette value range
between -1 to +1. The high value indicates the cluster is
appropriately divided from the other cluster while a low value
means the cluster is divided incorrectly. Silhouette coefficient
equations are as follows.

N b(i)-a(i) . f
SW) = o ey i 1G> 1 ©)

N omin 1o T
O = 1 4 iieq Zieex 4ED)

; 1 s
a(i) = mZ]’eCi,kj aqi, j)
where d(i,j) is the distance between instances i and j in
cluster (C), k is number of clusters, a(i) is average intra-
cluster distance, and b(i) is average inter-cluster distance.

TIV. EXPERIMENTAL RESULTS

A. Experimental results on Lum Pa Thao Dam Water

Quality Dataset

K-Means algorithm is used in this experiment for dividing
the water quality of Lam Pa Thao dam. After that, water data
in each cluster is analyzed by the elbow method and Silhouette
Cocfficient. The result from elbow method shows that the
water quality is divided into four clusters. The elbow point is
shown in Fig. 4. The calculation result from the Silhouette
score shows the appropriate value is 0.6839 which divides the
data into 4 clusters as well.

le6

= Sum of squared error

1
2 3 4 5 6 7 8 9
Number of cluster

Fig. 4. analysis of suitable scgmentation by clbow method

B. Experimental results on Charles River Buoy and Fitzroy
River Datasets
The calculation for SSE value with Charles river buoy data
and segmentation method by elbow method shows that four
clusters are the best point for dividing water quality (See Fig.
5) The result corresponds to the optimal Silhouette value at
four clusters as well. The Silhouette value is 0.5489.

Finally, the Fitzroy River Data is segmented by the K-
Means algorithm method. The elbow method shows that the
optimal number of groups for this data is three clusters, as
shown in Fig. 6. The result shows the optimal Silhouette value
is 0.6589 which divides the data into three clusters as well.

V. CONCLUSION

This research aims to study the water quality of Lam Pa
Thao dam, Chaiyaphum Province, Thailand because there are
a group of tilapia fish farmers around the dam arca.

le7

= Sum of squared error

16
14
12
10

SSE

08
06
04

02

Number of cluster

Fig. 5. Optimal number of scgmentation analysis by Charles River Buoy
Data using elbow method

le8

18
= Sum of squared error
16
14
12

10

SSE

08
06
04
02

Number of cluster

Fig. 6. Analysis of the optimal number of segmentation of Fitzroy River
Data using clbow method

In the experiment, the researchers have designed a buoy
that can mcasurc the water quality in five parameters
including, dissolved oxygen concentration (DO), temperature,
pH, total dissolved solids (TDS), and electric conductivity
(EC). The buoys arc used for collecting data from January to
March 2021. 13,608 datasets (instance) are collected from five
different locations around the dam area. K-Means algorithm
method is used for clustering water quality data. Elbow
method and silhouette coefficient are used to analyze the
effectiveness of water quality clustering. From the
experiment, water quality in Lam Pa Thao dam, Chaiyaphum
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is divided into four groups. The optimal point of Silhouette
value is 0.6839. The research method is also used with other
two datasets including Charles river buoy data and  Fitzroy
river data. The result shows that Charles river buoy data are
divided into four groups, the Silhouette value is 0.5489. the
water quality of Fitzroy river is divided into three groups. The
Silhouette value is 0.6589.

In Future work, a researcher can test water quality in each
cluster to identify the appropriate cluster for tilapia farming.
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PH DO TDS EC Temp

10 4.44q 199 6 24.3
10.1 4.39 199 6 24.5
10.1 3.66 199 6 24.6
8.5 4a.14 199 6 24.7
8.9 4.15 199 6 24.8
8.8 4.04 200 7 24.9
9.9 3.24 200 7 24.8
10.2 4.45 202 7 24.9
8.4 4.13 204 7 24.9
9.7 3.56 202 7 25
8.4 4.56 205 7 25
10.2 4.15 204 7 25
9.6 4.25 204 7 25
10.2 3.37 205 7 25
10.1 3.02 205 7 25
8.7 3.4 205 7 25.1
9.7 a.27 204 7 25.2
10.4 3.71 202 7 25.1
10.1 4.44 205 7 25.1
8.7 3.05 205 8 25.2
8.8 3.38 205 8 25.2
9.5 3.1 202 9 25.2
8.6 4.03 202 9 25.2
9.1 3.92 202 9 25.2
9.5 4.48 204 8 25.2
10 4.07 205 8 253
9.6 a.37 204 8 254
9.3 3.28 204 8 253
10.6 4.16 204 8 253
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