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ABSTRACT

Devel opment of l nverse Modeling Method for E

Poll ution I ncidents

Yinying Zhu, Ph. D.
Concordia University, 2022

Acci dent al spills and ilkclcegalkdcwemil dal dei s c
effects on human health and the ecosystem. I

identification basedabobns elrivneidt eadt croonncietnotrriantgi osn

studies have beenveons@duchéedr emcd hef pol l utior
groundwater environments. Few studies have f o
addi tion, mul tiple source identification, un
imer se model s are rarely considered. An integil
thesis for source identification in river pol
model ing approaches for arointdthaumtusn @®u Ntp csiont
mu kptoii nt sources ( MPS) , respectivel y. The i n

parameters with wuncertainty concerns by combi

i nverse method bastdcomcemtsratvieadnpol | ut a

First, the I PS inverse model i ng -thgpptriomgsh (i MH
met hod. Then t-hesadeveEPBpagpMblach is tested a
al gor i tbhars dGA)PS appr oac hanfdora ar ehayl p octahseet isctauld yc
t hat tbras edH | PS approach pérafserdms PlSe tatpeprr otalcdn
accuracy and stability for | PS source ident.i
emi ssi on masssoour cteh ep opsoiltliuvteiloyn corr el ates wi th
ri verseccrtoisosn a l area, whereas thbefldenvefoedt)
release | ocation and release ti me. Sebendp th

tdate DiffeRential Evolution Adaptive Metrop



parameters. -babked DBEBEMIi nverse model i ng approa
hypothetical case and a fiel d-btacaedeb@sase CPEor
approaches for CPS ibdertdi fCiPcSa taipeom ,0 atcthe hDREAM
computati andt rmeonstructing the time series o

the approach can bebesrmpartad wend elryy oddesc,r @ anscirrega s i n

and deciding monitoring |l ocations <c¢loser to
approach is developed basegoomtpdcienwbd R pabnidn atl hgroe
source peobbesmsdamred in case studies to vali

DREAMased MPS approaclensmuregaet lpartameeer s, t h
error of the release time tends toomi sS®@uolteiso
Subsequently, an integrated inverse modeling

based on the three devel,ampa&tds ienfvfteiecsitee rhcoyd keid sv un @ h

studi es. | ni ctoemgd aitsednsy sthem can serve as a h
mo d e | val i dati on, and pollution prediction i
poll ution incidents
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CHAPTER 1 | NTRODUCTI ON

1. Blackground

Ri vpeorl | us i ooansi derably increased as a result
et al A,ndaGtaG).al wastewater discharges, uninte
a detriment al i mpact on ecosystems sthumani beaal

(Li et Ah.efR&OAGI)ve technol adegytthies ysnoeuerdceed otfo pc
which can help with developing quick cleanup
obligation of emi 20&0 % .h(eCheeard yarsd alyiea of a pol
i nformationd o(cea.tdgr.en eraasléde atsmam&si on mass) 1 s unkn
observat iodrl admittae carceu er itwe ri nsaudfif8 ocif WmgenhetWwor k
Hence, it might be a chall engevhteso unraged tdife apaop

ar e unaibdeenittiof ibead

Recentl vy, i nverse model s have bpeoelnl sdoeuvoedleo p e
i nformgtomodwat eer and at mobabedi an ¢ ke deme ne o
concentrations observed at monitoring sites (¢
2017) . Existing inverse models c@mwplhbe mckassb

met hoZrg,obabilist( &) metchode,t hord .

The opti mi zastehoen dneettehrondi snoi sstohies ssucelsu tyiccal mad e d
par am@Etemghr and Hwtnd hi n2s0olnd ; €h e saéh d & t i200nla7l)o.no pt i

met hods based on mat hemati cal programming ar e



problems, such AbabeastasdquiégbaldaledAd@EPadnt

et al).,, tabedl|lMend si mpl eM sniemBlod ZeNnert and Me
However, the traditional optimizatio@easnenabmldes
I nitial assumptions, which might -cfoanve xt os oal ultoi
spakce.over come ft hter ddimiitardlo non®t iamiea@ti iismin zcante it d
met hods are emergisdggrasopopgpel ardethndolfs cati on (
met aheur i ¢ thgeecn enteit ch ddd,)g omatathanbkséoa ructhi on s(pMaac e gl
et al ., 2013) . Zhang and Xin (2017) adopted t
mul ti piseupoenpol | ut anttshei ni nrviewesres . moHloewesv elrg s e
met hods do not comsi,denodebsesrntvatcitam esr, Tbus ot h
the det somiuind e@mibiyf ioepdt i mi zsa rilemrc a meadrhaldygdi e

i denti fi catdiuon mygnudrddretnatiinftiycati on process (Tang

2015) .

Ther ofpabmét bodotsera widely apphae&aaguanntviefrys et hi
i dentidncart aibriitaypoksyt er i or pr olsalsioluirtcye d@iagtarmel
i nstead of desferronm noipsttiincisgsabultucthiioms o n@ree aafl .t,h e
profound exampb a baiplpifrsotidole iMar kov <chain Monte
met hwhdi thansforms the sourced hideensttiifnmast & 00ind na f|
probabilitsy Ldasgeih utaTihre basi ¢ MCMEe talogpoorliitsh
Hastings ( MH) algorithm, which was proposed |
samples with stable frequencies from a proba
Adaptive MeAMPppal ger ( DREB i s at hperifoMEMCb atl tg®

the MH algorithm 4dargemphhndghf gbmymabni i near

2



The DREAM algorithm has been succeasfabtkpnptuyge

so the simulated pollutant (tddamcamdr Zhieoags 20t

al ., 2018, WHIo weetwdad,t.thlreae2 OREAM al gori thm can e
sources in case of sudden wnlvrest goad | aft i @o®ni na@cC
source identification, the direct approaches

time to estimate the release concentHoativemn, pl
the estimatieconpgumeneespsdasinli ¢ti eant i nf ormati on or

and concentration data (Li et al., 2016).

Previous studies mainly focus on groundwat ei
Kabala, 1994; Allen et al., 2007; Singohdend R;
to salpwea |,utseowmer al studies heavien dteeemt ecraga u = dp ¢
(I'PS) problems (Cheng and Jia, 2010; Mazaher:i
Jing et lal cotna @shoBufr.ce i denti fi cati oafi efworstiurds tea
have attienaetoead thawaous point-psswtuddRSCPSY i @amgme
2018; Wang et al ., 2018; Jing etaalnverza@20nodde
that can identr &ygonpien mitices rogudocesesonvaesrtd past st udi
not conwnderrit stshuee yt hat cabsas nhingpdesdmcendeas al
pol |l utisoAn ssoquecehal |l enging to monitotrr adhe pol
contami nantrsa ngfpaotheainamsai ver s. For exampl e, t he
hydr ol ogi cal regi me vary wsaghunicseecgamtiing i ies 1 iny
model s ( WangUseuapalya met® I@dn9/ )eir rs a rcevondsei lddee o it ant
values obtained from historical l iterature, t|

(Jia et al., 2018). Therefore, the accuracy of

3



i ncluding model parlalmettieans ,r eolbesaesrev etdy pdeast ,a ,a npd

et al ., 2018).

Consequentl vy, dfle develgopment i nvieose somodeé
identification inigiprop @@odd s pyowpdip.e dBhet hteNn
appl icadet wt tudi esmpl ex scena(ii.oes. ,ofl PD,ITIIER S ,0 na
system amtnegnmr astieesmamodat eppnap medut & Tome momdwd res i C
modulse estlmdded hend t he i nweiceoerismapdelhien gwaa peprr oo
model and the priaodbeadtaidfriysd i pca rinselrtedmtd el Of di czealt hieoinn t y
the i nversion omotdhué ebuatspiust n@floysz ed i or sopfr cshoaubriclei
sampflTbhe. a mga@fomo d e | par ameters, modelersoOnactur
i denti fi caatei odretreersmilntesd based on aTbempakhdnasti
modul e tests the fm@adulbel by yc omp a thieni gnud l@st eeido &
datSubsequheent pyeditct i iomp | neonmdeuptredd/s sineu b@dat a of
downstream pol |l btddawnstcoeamnpodMbupiie@eywheami ng

a single grapwithl|l fusetionsefbaceesult visual

1 Research Objectives

The main objective of this study is to devel
identification imtsr.i viem tohild usyehemnhcideger se
uncertainty quanti,aindatpioon utmodcelpredlicdatoinomr

and MPS identification, respectively. Specifi

1) To vkd op an inverse modeling approach for

4



approach is devel opedwhiachsidh olmp watee rMHq wad Igiotry t d
source easndnmatryaamti fi cat i-mansleRSpgr bhel Mhpar ed
wi t hGeAb aslePFdSppr oaappl Tbhbabdeévelyopdd t ppprieacughs

two cases with a systematic .comparison and fi

2)To develop an inver sei dremdteil fi inogR EaAddmgm a’ldhtehfmo
I S ntegirndtlei@nver se modedi nmgnpsgee emdent iahidcati o
uncertainty quantwof iccaaste ost. u dMoer s¢ taereaD,FoEsfeMi d t ©
CP$nverse modeling Hhppedaam-dwsdgdrtk |tghtel EM 3 or t |
identi.fliAceatc ompr ehensi ve odtemes i DbisBES analgei s
model ing approach i s ngatsesadsdastea vmdri e ni refrirwean

i nterval noinmet,orsipnagt ifawlfr ms opr ¢ ®apd a@meEe ler gar ame

3)To develop an inverse modeling approach f ol
i's applied Ppoiindpeontinmdy-pbr aglasncdncees ai anatyi gqmant
And a comprehensive sensitivity agalnyosniist oofi n
i nterval ti me, spati al monitoring form, prio
performance iirstddired edtf ead.td Ww emnfe stsh ea nidn vaecrcsueg amo ¢
are examined for MPS i dentSiefciomattioywpnaaiirsoa bY¥r
DREAMasMB®S nver se modeils ngvaidighhper dhic e d MPS i nve

modebhppgosiohedil meo filraihvaest cadye

HTo establish an integrbayt edo mbnivreirnsge InPS,el CR

met hodgs aphAcal usedeveltepdacfeor an i ntfgrated



(7]

our ce identificati on, ma cedali ctwviadn datniTdrel, v ean c
effectiveness of the interface system can be

scenari os.

1. T3hesi s Organi zati on

This thesis is organized i-hto eight chapter s

Chaplt eirnt rhoedurceesear cbfimbaekgreoumdlel s for soul

(7]

tates t he s a@&rms3kpaerccihf ipersobtlheemr esearch objective

Chapseateploslkeedness of ipmweridesmaddlid earmd ur e

the exneeéei @i met hddsg,tdapmomabanld esdti.cmet hods

Chapter 3 describes thanmehtengvoel tseedsayss dfedmi ndye
fossource i1 denti €1 dalbhies nsyisn emi v ennt deégm eanrd ddesr tit rhg e €
approaches for | PS, mhe, fardvaMRS wiad emb eqdudae d tt iy
it hmodel i ng tap pexparcens s the relationship betw
downstream pgohlenar altn oaadd hins ord,lwéep sHauncseist i vi t

analysaesrtaintgndnal gbwssdd ampirtrotbec dhe s

Chapter 4 represents the i mplampmenoatihPdn of
approach is developed bape dsaohp@hyepeoti Hhteae tchad d .c
and validated boyfi nac irteeanlt slceanste f g/trusdoywrindcde r g & ame

guant i Samcxittiiomi.t y anatdgsesmise coinfgaindfeiead a i to cfaad d



rest&lutr ¢ hetrhneo-bMs ed approacht hGabaoengp aappr ova ¢ tn.

Chaptderpitditeapl ement ati on of the CPite i DREAME
al gorithnleive | eadphptirawvat h utngemc.@hes f eadihkei | ity
DREAMasedapPrdoscex pl orteydp dthic @twigdaanamu cay f i el d tr a
st udyo.r eover, -baseepipRBOAAM bompr ehensi vel y-baoenpar e
and -bGAsaepdp r oiarc hteesr ms cod mpawtcautriaccoyhusmeaess, and r
propelrni asditi on, i nfluences fremiobsevahiti &
monitoring foffr msopnrc®rmma@aamg®tdecsd 8 piad eamteitfeircsat i ¢

are di.scussed

Chapbtdeerpi cts t he cMPBS® isnmwedrisees modwltlcdngua@pr o
DREAM algorithm f oandguwainrtcief ii adaetnit aTrh ieafg teurnd aoerr nh aani
of t he -bDaRsEeAM MPS approach is evaluated by a h
stuldlyappr oach \paleisdpaytt icabnngpia®BrREA-Mi mul at ed and ot

concentArdati it otolmi.asl lcyhaptaeompnehedsasceese sensitivit

Chaptheasciihlresest abl i shment of an integrated
graphical .ulshereredapémwitlai¢c es for | PS, CPS, and |
approaches based omrtehembREAMIE hamo pt lihitashfast yi Jotee m
I nt erdasece sitpurdeise¢sot e dtallpeeaf er manceeo$si ohe valid,

pr edifatnican ons in each modul e

Chaptsarmm&tiheegoncl usi ons parnedstetnenstr reic o umtmie o | t

for further research.
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CHAPTERI ZERATURE REVI EW

2. lAvemesdsdlor source i1 denti fication 1 n ri

2. Dvkervi ew

I n river pollution incidents, point source
spills are released, -tleeramdi andyv etros ec oennsvii dreor naniel nyt
benzene pollution inci dehnti(bree leeta saeld. ,i n2t0ol 6S o nRya
2020). Sourciesriideanctailf iicnattihoen assessment and ma
i ncidents (Yao et al ., 2015) . However, source

di fficult bemoausteraungomatwork systems for wat e

established in every river networKk.

When sohiarcact e(rd.sg.i,c mass, rel easar el oknad wno,n
under st bsepditnggl and t e mpaulrtlacleo mdci esnstr §s abtluivaol mvegn 5 e o f
gual i tiys mordewn a 9 rtolbd eddado.hr edenr ldanstio, u irptdelolr imtat i o n

s dentiafsieadtd iomintuend eab soefr ved conwbhnthaiisoknodana

N

i nver s e( phramd eXnion, 2017)



Input

Forward model

Qutput

Source information

Observed information

* Source strength
* Release time
« Release location

* Observed pollutant
concentrations

+ Monitoring location

* Monitoring time

Output

Inverse model

Input

Fi g2¥Feor war d and inverse models of poll
2. 14p2osedonfesisnver se model s
Pol | uttama ss @aobret ceadutsfea sotf r ong advectiroemsulnt irngv

i thal liemgdsetpodt ipdguoe f or

the samdceompenat i d

uncert ahmumeriincalTheoli mtvieors.d depmablf gmaidyosiposd | ut i

challeegédaugd s fialplogypdcatadbl etmere i s

to find

t h®o |bweksht e rpeof sbshi ebdt éb bi@plo s e d

not exact $

prredoune Jmu e

nonexiostad rafbH aed a ma rMo, g hla9d2d3da m )W n cad r. t, atihdHRirlé @ c ie n

water

i dent i fyisnogusipaoel i kv ety | | mu mear

enviroameme ama isgyfs hieljplo s edne s s

of fiomver s e

of obsegated co

monitotremeec ce sfsoirb Isedwernd @, wh ic aahyd anutsheen ddeert er mi ned

probdfemseaf uttihh@en i nve3eephmbbdsedr v atfiroonm etrhreo rnsoni t

prodefsto the

model s thhesc angg@®gs ad g b btyhe
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199BOIL | owi ng naremedsheoiizsd ve beed ppreovgptiomutide |
wi t h e dpdo sperdo b | eamesh i feovri ng st abl e and efficient s

ri veci.dent s

22l nver se met hods

Il n the pashrmeondedt andveesg s ehimee himaleno ra pppollileud a
source i dienntenfviicraotninoennt a l pr ob| epmso,b,aiba o biusdiincg c
met hbdsgeneral, the focus is on the inverse i
groundwater environment9O94(SKadden a&nd aKabhalz®d 07
Zhang et al ., 2015; Ayvaz, 2016) . Sever al app

identification in surface waters (Mazaheri et

2221 Optammimetthods

Opti mi zat iadimntgdeitohgotdisma | t shohpeat a mesTedri N aet. iga n
source mdogc,adanelneabeAbapat meanii Khbhhbhhkh, aB@0RI t
200z2hang and Thien,op20Imal ssomedi oosbareha det ern
of sourceam@Gar ametme mb anti weenertrtoe cal cul atTehde an
calcul ated data are obtained fr om daenftoirfwaerdd swo
parameters. And the observed Mbadtmt iamipeathib@rmrs n e
sear dhhef conppai anmdotmdri rnt ahtricengthermartd ¢ e sybh ed ief ft dhreenc e
bet ween theobasledakat adnbransdedd on di ffaemenpr iugprd:
esti mageowearsastoel ustainodnifdoerh e spar amet eHutombneahi et
20117n .geames mdbFwng utiee 2 d hacreet e g @roimeno nd dyp tuisneidz at i o
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met hfoadrs 9 dwemdae:f ita aatdied h o d & |

Optimization methods

me t aarhce ulryi srtii

Traditional methods

Metaheuristics

Least squares (LS)-
based methods

Gradient descent
(GD)-based methods

Newton, and quasi-
Newton methods

Single point-based
methods

Hybrid methods

Population-based

Simulated annealing (SA)

— Tabu search (TS)

|| Simple (1+1) evolutionary strategies
(1+1) S ry g

— Hill-climbing algorithm (HCA)

t smet hc

|| Conjugated descent - i i
(CD) method methods Genetic algorithm (GA)
o Evolutionary algorithm (EA)
Nelder-Mead (N-M)
simplex method

—  Particle swarm optimization (PSO)

___| Pattern search (PS)

method — Colony optimization (CO)

Fi g&2Tehe cl assi fication chart of optim
Traditional 0 p toibmiazpanti smoahl u tonibodaldstudnsc thiacs resd on
mat hemati cal ( ep.ggo.g, daaredheirni gy, a b cindge a s t s ¢gluaageeds (L
gradient )haskBewt o (0 GDMenwWt, gwasj ugated ddeadnt ( (
(M) simppmr&ksenncimet{ M&Jdsel i ck et al ,1983; Al a
Singh and;JRawng ,et®Dalld.o,mpaGla& i onally more effic

model s to

mu |

ti

obtain

a deter mi nWhitlief osohonhil omelay

gsaltualveihasr troes oumacets

12
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prodempirove comput alTh e nb&bDs eedf frnectehecadcsyvel vy obt ai
values of s ouupdeatghaer aensettienrast orys i n the opposit
t hceost f(uhhcatrinnanHHo @@ Vvheéer) ,c otnv er genc-basreat emedfh otdh e
sl ow down as iotpt a mpitTohaEdiNessv.t tome aMawtqouna smet hod
overcome the | i-bma smaatihoondcsb taentdih isaobGDet maomd i near

robl e mpu intEkD ayi and Yuhaen, N O0DiOmpil examethodnstr

©

(@)

ptimizati ongapsoeptthionda la nvdalcuaens wi t fWahggandi 8hot

2011)

Howevweradi ti onal opltarmyezliayt i roenl ynearmogdsf fi ci en

-~

easonnaletlsicail mMawtEh,mygy I nfsed upooms of bseocuarucsee ptahrea

drop into a | ocal mi oompmewhenpreplplee ed ut dAecdseop

al ., 20hliln;s oHhu telt n al e ¢ e A X daghceaudr & ss,twii | Elgalv & hlkee e n
field of environment al resources Meotrahsesuur csd i
combines different i nt ekekpf@emret scamroceptssp atcee &

pr oc ¢susfefser ey, 2012)be Meltahewhd sdg cshesandi ng s
poitbmtsed met hods feomgilhad alt age disARRiamd abu search
(1+1) evolutionamipli-dsltirnabtiengg easl g(oSrE St )h mp  HLCIA t, i «
based methods for gl obal reaching (e.g., GA,
optimization (PSO)gAC&dnt Sidnciolnagr otpd itmh e atr adi t
met homdssti ngl @wapedntaatehoedassi |y trapped into | o

s ol uctainodniadraet euspdat ed based oines$ ocal optimizati

To over cloinmei ttaha on of t radi tainodn ad i negpateienth @iar
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met aheupapuliktds eodd met abpuevehnt cs nt erofoer einrciet | fe
esti médt sourcebpaedmehegs obal s.sebhesvj-bgoepelchni
meath e u rai ss tpiocpsunl sab e @ ro od EPJ li lesdd f wae 1 dienn ttihfei cfateil oc
enviropmebitAsima popuwll-aaseed ahelhhri GAT etnsttuce d f o
sour ce | doeenctailfsisc apttowenr f ul apaebubt hgstobHdgupbal
et a8 . ,Kh200 fi et al .Ma2009aThe nAOEBe sk t dpfo @tONLeD
cansibmmabipzoeud smaijpnsc | udi n,g rseeplreocdu cotni on, <Ccr osso
Cantel | et al. (2015) efficiently inferred p
unknown sources ofWhetrtassplgeand Xoh!l gD@&a7h) ador

tonseumase or | ocations of multiple point pollu

Al t hougtptgil mibaat can maphdbdg find the region
solution exi sts,t htamey otcaakK e oz tIipombgaearp Uty piaghent h o d
solution during the | atTehuesv,olhuyhroind (dVatiiemi zeatt
propose®dd ett bleemmei t ati ons of | ocmadt hachdile yg odbrad Olpe
(204 @nbi nedntdhnee 8Geoad | dheanztairfdyous c heanti mad.p rerl ee 3
I n the her6GA aht ggppplithend wiaser tgol opbraold usceea racnh i andge q
solution that anen hiolee udg 8td meindeindtehdel Seulr cact eet i o n
and strapaoapbteowmdoeheiit hitial sol utTih@e curamyt ae
computatobnahisi mgbrid method are I mproved co
the ori gi nvor ePddaeme,t haddi.s  RDsle3d howtvami @ e hop tq
such as GAM <SiAmplIP&x, Nand t heir h(yibrerPdS, oA mi z
NM, -BB3, -N8A performgHbut iiothe rstoiufriiceeant ¢ stnhat shbw

GAPSh ybmedhod bleggertf loe mance in ter md hdifeo ¢ alteina m f
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and sour Aad dsttrematthy, the initial estimates o

I mpacts wlnuttihanSs aeMd stNnep|l ex met hods.

Al t hough the opthavealbheeom unedd oaxt enstitveel v f
environmenthbkbymoedbed adbservation errors or oth
considered when st ceonisiaveagsetdmade |2 02104 fgn dat t a
JiiMh0 L Bhebservation errors may cause Umhmaesrt dihret
deterministic solutions inferred by the opti mi

the identificatiaf@lpro€ense(Hazattabkt, akR0l5).

22. 2 Probabilistic met hods

The probabitastrefmethodscertainty by outpu

nknown piamrsatmeadcresf a determini stic Yaucsltuteisonetf

c

al ., H@aotBi nson et al ., 2017). It i s polphud ar i
observat modelremiremn si,nf or mat imay alneda do tthoe ri o eanct
uncer.t alionetsyer t ai rc ofnasdbdyerrgeuda n kef ynon ot aft mmpm s

the inverse model basdRla@tnz ddileo wrarbkhdbA d mesd @ &, a
201Zhpr obabmeltihsotdisc are varied i nuptdhsec @samas!| itnog
i mpr ove coenfpfuitcaibelnachyp,bn accur @abgreander btvos mae
one I s based ¢WanBayaensd a&Zmdbalr eaest, y,a2l @ G @ ; 2a02dlt her i
on backward prMedampader yanWwaewylysto nhh € 00IBHIL 81 f i C

hartthpend babi | i sti c Fegudoals2 i s shown 1in

(@]
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Probabilistic methods

Backward probability
method (BPM)

Bayesian-based methods

Standard Monte Carlo — Random walk Metropolis (RWM) Backward Location
(SMC) method Probability (BLP)

— Metropolis-Hastings (MH)

— Single-chain methods

Adaptive proposal (AP)

Adaptive Metropolis (AM)

Delayed rejection adaptive
| Markov chain Monte metropolis (DRAM) __| Backward Travel Time
Carlo (MCMC) methods Probability (BTTP)

— Multiple-chain methods

Shuffled Complex Evolution
Metropolis (SCEM-UA)

Differential evolution Markov
chain (DE-MC)

DiffeRential Evolution Adaptive
Metropolis (DREAM)

Fi g&a3Tehe <cl assi fprcah d bmalt icahtdisa o f

The Bag@kovaalmet hog (BPM) was priaponsaesd fhiyr sltiluw

for source identification in solving groundwa
Kitanidis, 2004) and has been extensively usec
watsgee. g. , Cheng and Ji a, 2010; Ghane et al .,

concepts (i.e., Backward Location Probabil it

(BTTPe¢gt ittwhaeed ea@asati on @prod  sdbmeme¢BELEPAgeves t he
assumpti bedof atth @ arl ot e, whereas the BTTP ir

of the pollutiomed ewlmsa@aaivcegi(vGdnh eh aectt tahle. , 2016

16



Jia (2010) tesndecdffletevienessnofa @&rhed eBaBsM tl o c &
time of a pollution source t hr oiung hs uarpfpdltiec an aitoel
BPM based on the adjoint analysis wasfyeftfhieci e
rel ease | ocat iwint da nodo nrpd leexa srei vteirmenet wor k. Mo r ¢
develaopeew approach by combining the BPM an

simultaneously identify r epeiramersicerusrsf,a cl.eo cwaattieor

I n Bapasedn met hods, al | unkoonms i assoruerdcred opma r
var i dlhlee sB.ayetshcomdn smst s of t h(rMael vreaiann dp r Qicaens,s e.

formul ate the prior umkombmavimi Isiotuy ce@i Ptarriabmettiea rs ;

l i kel i hood function; and (iii) sampl e for t h
Bayesian posterior probability distributions
i nfor mad i ®mm tbhlreeseBayes theorem (Gill, 2014). Th

di stribution functions are obtained through t
posterior distributions of unknowns saucltal Ipanm
task to sample from the Bayesian posterior di:
source parameters. Most sampling methods are
(Vrugt et dlh.e, MXZOOMet hods | ganf r ®amptlhee rBaanydeosnm &
di stributi omsmdresiucvdna by pop heb adird ti nsyout iumrk no wn
par anfertem st hse BawmeVer, the standard Monte Carl
| oodvi mensi onal p r oubtl aetmso naanldl yarien ecfofmpdi m@nhsif omal
source @iolgl ems alThus ,2 0elf8ftieccihen(itqgtueeasmMC MEg met h o0
areemp|l o pyedenerate samples from the Bayesian po
(Li ang e®6 ali.ang20Cki ngl .t 2a011.9)(2018) applied t

17



numer i cal casecosnttuadmiensa ttioo n dsAdnu rhcbaysg dir it hrei vi enrvse r
modes$ malsla,p ptl h eod b imldhicee ¢ ulset ach e~ d r d adsoef rpioMdrut i on

i ncisdenanknown.

As the earliest MCMC sampling method, the r
proposed by Metropolis et al. (1953) . Many e x
selection rulegoafi tthime HRKWM famous MH met hod w
met hod, which was 1 nttroo duoad clkey shkd suttii mognss (f Ir o7

di stribution thatramgv et seanhpbl!| oéyPeDdiMy uelnga reist. hm t

rel elma®es and | ocation whenfiohedr ¢élheadsd htei mel ias
identified release | ocation basegoiomt td$hceurMHe sa
trapezoidal channel . Tihheeheere@$sobhhkopregnasadt da.l

signi fi catnheef if mwo# e tt heen MH met hod

To further 1 mprove sarhmliinngned fhfoidesi € rec yg,. ,t hael ¢
adaptive Metropolis (AM), ang d®&®RAWMEd meejhedtsi
mul t-atpdien met hods (e. g., Shuffled CompApx Evo
Differenti al ev ol WMtCi) o nD&RNEaN Mkeot vh odlsg i nh a(vIRE been
adapt the proecposamadi salli.pu(lHa%dx ;i oHaear iao et al
al ., 2006; Ter Braak, 2006 ;T h\er wpgto peots ad | sd,i s200 ¢
to generatioaf of$owramed Adahamghe-ctishaei ns immegtl heo d s
i ncreasedrehdigbhé enicyndlo probl ems, they may not
for the target positcdraii oar meeit fhitordisb pteir d recrhnaMidrett it e

met hod because they run par al |l-ehdiytnhoonkesd ipfefre roe

18



we l | in dealing with complex environment al pr
of their multiple chains ands(aWrtuogntatetc alu.n,i nZyl
and Vrugt, 2012; Wu02l) .alAnd 2tOh2eQy; cFaann perte vaeln.t,
and use igntda t¢iesvia eudelet tehheeo n v e rhqaesn doeefeineved ( Gel ma
Rubi n, 199t2d at Asnoahmtiinp I veet podet al . (2008) pro
approach, which iMC imepThwaedeDRBAMt et DEd has bee
used to calibranermcgmtt peasmiom@uleatsed pol |l utant
observatiHaom a@mad aZzheng, 2018; Zhang et al ., 201
unknown whether the DREAM method can efficien

i ncident s.

22. 3 Direct met hods

The direct met hod sol ves i nver se mod el eq
cal culations. The direct method can provide ac
Varidaussct met hods have meesbpopepabedity Dssue
advanced computer system. Commo niry v ernmgil miyleid
regul arization and stabilization, space marctlt
relative entr-lopyedhbaeckwiaed dHemimegsqyatbiacrk,wamar c
equation, and radi al basis collocation met hod:
of direct met hod-4. i slowbown, i mosti gsredi2e® have
i dentlidtyi pmligooaunemaiiarehBreqttzog!l ou and At madj &
few studies hawddbhreesms oconudicet d.dsliieese ti mlr.i (er0 1

the gl obame spBEM t o reconstraucdapnoghle ptv@mnte as e
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advegdtoimmmat eddo weivveerr,s .i t s estimation process I
enough observed information (e.g., boundary c

chall enging task foe sBhebdireégti ssulkbsdoeft sola

B Quasi-reversibility method

— Regularization and stabilization method

] Space marching finite difference method

Sobolev equation method

Direct methods Minimum relative entropy method

Fourier series-based method

. Backward beam equation method

Marching-jury backward beam equation method

— Radial basis collocation method (RBCM)

Fi g&4Tehe | i st of direct met hods
23Summar y
I n this <chapter, di fferent inverse methods
di sadvantages in the parameter estimation by
met hods are simple and appliedy.wiHewegv dro,r tersa:r

optimizati on me t-bhaosdesd ammedt ash enwgrlies tpiodshtcan becorn

convergence wheaof tde@ean aaiddi e@ad s svuailtuaeb | e . And th

20



estimated by optimguabhtohy mehbodsnfrctcaanoées of
identification results. Although direct met ho
process is more complicated and wunsTthaebl lkeyand
advant ageb all initeiishtdpat he generation of posteri ol
c alme useesd ipearteemet er values and Wheie BsEsDsi an
whet her probabilistic methodsreraihvdr apildedt $
Previionwser se ®wodelce fdentification are mainly
groundwater source identification. Only few s
previous studies hhysuefateewabgrsyathemacal

dat a.
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CHAPTER 3 METHODOLOGY

Foavercomengi mitati onmentainth e@ihaptl emg2s an i nt
model ing system will be develoddadiforr i snacurdee ti
devel opment s, i ncluding independent Il nver se

i denti fication and their uncertainty quantifi

foll owing sect. oAfst &r. 13¢c B3amr@plaindhi3n@ t hese thre

to the integrated inverse modeling system, th
mo d e | validati on, and pollution pr-endkcthgororyv
managing river pollution incidents.

3.1 An inverse modeling approach for |IP

3.1.1 Overview

Her ei n, an inverse modeling approach based
identification in river polfl wtnicoerr tian mitd eerst. s Auv
Fi guX e t3hbea sMRIShver se modeling approach is dev
probability distributiosaeupteWmasrsel(hgas ea ateid neer

l ocaX)) owi th Butbahaet pubealbywsantselry ,quaalsi ti wcrhadeld
the developed approach as a mechanism for ass
rivers. I n addition, the mearsleldSpp rnoaa cebdr evel | cuoerr
to the optimal $HakleRipmr ofarrcghm d ditheel @&Ebeadsle B

approach is exami nedThtehri-onwpguptut wpaicase(steadj es
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source parameters pairs) are rasna( iymahdcku déianags k a
sectional a A) ¢ha dispdrsion doefficients in déxedire¢tion D), the river velocity

in thex-direction Uy), a ntde decay coefficient of the pollutatt)) as si gni fi cant o]
based sonntdhbee di zed regression tbef fienisent ¥i ¢ $F
i nfluences-10f %vamidattil®dn %) effect of model par

assessed.

Inverse models for source parameters (M,, X,, T,) Sensitivity analysis for model

parameters (4, D, K, U))

X

Bayesian-MCMC model GA model
Inputs Inputs [ Latin hypercube sampling for ]
» Observations and model *» Observations and model model parameters
parameters parameters
* Prior information of M, X, T, * GA algorithm parameters
l [ Inverse models for source ]
[ Water quality simulation ]47 { Initialization J parameters
T T Input—output pairs
[ Calculate likelihood function ] [ Water quality simulation ] [ Step regression
analysis
1 )
MCMC Sampling from posterior Mutation
[ distribution -
Meect the criteria?
Meet the N
¥, 92 - [+
convergence!’
Yes fepraguetion [ Sensitivity level: standardized ]
Output posterior distribution of Meet the criteria? No regression coefficients
o Xo Ty
Yes l
Source identification based Source identification based on Variation (-10% and +10%)
on Uncertainty analysis achieved optimal M, X, T, effect of model parameters

Fi g3%Fd owchalPtS ofhvtemese modeling, sensitivity

3.1.2 Forward water quality simulation

Il n this study, the sudden water pollugion i |
an Il nverse model for source identification.
di scharged from source points into rivers. I n
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i ncidents, the pollutansimpamndp emdotniby rmesdaa g nitat

(A1 DPadveidtiisgpprer si on equation, and only an infini
iI's con(s@hdaenree et al ., 2016; Yang et al ., 2016,; .
et al., 2018; Wang et al ., 2019). The equati ol
the pollutant I's assumed to bee tiimmddidatrelcyt i mi
(Zeunert and Meon, 2020). I n the developed in

simul at etdtDabdw etbtdliesgprer si on equati oilouttpute xfaene dhilee

mechani sm, I nitialexamdedoeacdas yf clohadws i OWan g
al., 2016; Wang et al., 2018; Wang et al ., 201
o0 . 0 0
PR S R
I,lj'o Tw! o T w
. 0 .
. 0 afm F‘] o 1 (43)
(g - -
r Omo TO T

v 0D O mode Yho m

wheCies the pol | ut/ad)ti sctotinhvee meeil @i esn t(hge di st anc
| ongi tudi nabidi rtenet idors p(em)sydd m eond id)fohii s e nrti vad ro
vel oci xdyi rad cotmi}gins (tnme de chily)Md e ft fhiec isgritl IX sour c

i's theectriocmral ar®p @i soft neh eDirri abie df U res iismoku rtceer m

( gh/m3).

When pollution sources (i lecatson)ycar emagspw
Equatd3ilont@ simulate pollutant concentrations
Aforward problemo, the numerical transport moc

process considdesrpiantgi atlh ev ariinaet taonn of hydrodynanm
2 4



in the Ainverse probl emo, the pollution sourc

model by using observed poll utant conecapnhtyr at i ¢
iI's insufficient to determine the polluted sec
time and spatial wvariation of hydrodynamic pal
For source i dentpioflil andctiiiaoennti,n tahes uddoewnn i s assu

steady, and Dt bweK, pandmateeertc noas amrmeaarod ttdleen
constant coefficients (Yang et al., 2016; Wan:

202M9sitvear pollution incidemptos | art eso.in nTshoew mfragtnes o

transport model |, Bd)descrishetpl iijuenuatgi ecnbd e e |
tested in the proposed inverse modeling met ho
0 0 A@D‘b O Yo v Lo Y 3-2
5 0 0 Y 0 0 'Y (3-2)

wheGies the simulated pYMlistame ceXeastwrhéei imed @

| oca(tm¥gins the | ongitudinal di st atpice tfre mmd rhiet ¢
ti me (h).
For a pollution release, the |l ength require

(Fi scher and Ladner, 1979; Chapra, 2008

0 ™'Y @ 3-3

0 0 (3-3)
Y

(O 1 P o5 (3-4)

whelmwies the | ater gWi sni xhegavemgdadb({ mveéhewiddtsipef(
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coefficlahndkirmamithhen (

3.1.3 Mdtarsd p omlgiss ( MH) al gorithm and uncertaint

Il n this approach, the MH method is wutilized
of unknown sour dMe Toj N &®d metiiren | i, . dased on Ba)
posterior distribution of mmrkntolwen Broiuagrc ei mpfag rar
time series of observed concentrations (Gill,
Bayesian posterior distribution analytically.
Bayesi an podtiemisorf odi snumémi c al summari zati o
di stribution and mean v alTuhee) Bdaftyewsmnde mpiivuee b dajg c «

2014)

b - o0 00 e (3-5)
. 00— oe—

wheR&) i s ther poabiirtiirtdybut i on of t=MpHetXgsadbur ce
given the obser weCiPdbsat ahpernopbnatchoi dl airtaybut i on of
paramPl¥édrs; the | ikelihood efsumd®Manni sofa orbsremale

constant value of the | ikelihood function ove]

The observed(Yx)dmnscetnatkreant iaosn t he Esiemuli antae e dc dt

EquatdbBonwi(th the r andldfln uo beste raviat,i o2n0 OeSr)r:o r

o 6 - (3-6)
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whelies the error term f oN(I@Wihreg valfirsarmooeed s idd ert &
follow a snhdaodantdi weasntnfau gle tOr. ilhutdi.dng ( Shen

2010)Il.i KTehlei hood function is given by (Shen and

A — A gD ——— 3-7
ws— e c (3-7)

whemies t he number of observed concentrations.

The -MHsed | PS inversevmdoeleidngnapmi csashudy i
ashown uir3l :Fiig) preparation of input values of
i nformation for the unknown source parameter ¢
based on the forward wa82); aqiligiu)l ag i omodelf iimhe
function resuBTs biarsed&Equwat itome (observed conc
concentration; i v) MH sampling from the Baye:
par ametMyTg &gidEquation(®)( Mal ve and Qi an, 2006), a
can generate a random walk through the prior
frequency from the target posterior di stribu
simul atreachesulkbnvergence when the Monte Car
bel ow 5 % of the samgMoamt ®t fCaddrod ed e wiratiisondef’
deviation of the samples divided bymglheiachaaiam
(Spiegel halter et al ., 2008) solheeiuyp peatmekrt mirrse
as two times of the true value of source par a

(Wu et al ., 2020; Meanwhil andt MeoMH me2bépd c.
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uncertainty analysis because the method quant.

probability distributions nrathhesr stthuadny, a ad eutnd |
probabitibytidomnicerdsednltivaraental glsi,s Z2018). Tha
probability distribution I s represented uni mo
identified with a smal/l amounbtabofil i unpcaeantdirnt
representpecdkasisbni bution or mul ti modal post
parameter cannot be identified with a signifi.

3.1.4 Genetic algorithm (GA)

The nBeAt haodns t o f émmi rnihset idce val ues of t he p:

mi ni mizes the cost function by reducing the d

simulated values (Cantell et al Mo, TROBE®Y. Thr
ardeet ermined. The amedth efdupnrcetsisodénd |ohfeviaeh eat sGal . , 2
I EQ o 6
(3-8)

i@ Ty np ™.

Each i1individual can only evol ve t ofwanrcdtsi otnh e
values based on the GA method. The opti mal va
order base@®8)o.n Tehqeuraetfioorne ,( t he objective functdi

function for estimatmetgemnpd o mail natail aes( Ddndg het
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"0QO £ & 0O RER p w 0 (3-9

The popul ation size, iteration number, <Ccross

parameters for poheulGAt imen hoidze Thegeci fi es the

generation. The crossover rate is the fractio
mut ation rate controls the fractional asd.di ti o
I n this study, the popul ation size, crossover

respectively (Zhangi,et20all7.),. 2A00r 9lh odima @ gne aFmiioge X
steps of the GA iniverisepmodel ema@r ateit hro:d t he a
i nformation, and concentratii)onmondceni tionriitniga |l d azte
populsaitzieonmfhasbance plarMefet &hdi s randomly gene
t hoebt ai ned prior range; iii) water quality sin
based on the water 3Fual iitvy) ntoAd esli mun aBE g uoant:i osn nf
iterations reach t het hgdarvveinsudmatxhi @nusngmelsnbe o, St ¢
generation of new individuals thRhheuddhA gneltdotc
terminates when the average changetiimnnt hteolfeirtar
value def fhe@an taeslalllil] W) 250l 5)c;t i on and reproducti
and simulated value$89arteo icragduwtul ianteo thaeudtiitore

def i nebd% tohfatt he popul ation size with high fi

reroducti on; Vi) crossover: two fit populatio
new individual of the population; vii) mutat:i
mutations in individuals 1 angeranbi edtthe pgrowe]

to search a broader space.
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3.1.5 Sensitivity analysis

Both forward and ianrseenrss e imcededloi ngh er ApBpdletls p a
U, &ndin the wat(dgguagqadPEy i wadelet al ., 2007;
thisthtudR,C met hod that combinaesdLatepwhygper ec
analysis is implemented to det e AmiUdye &heitdher
signi fiincsaingtniofri cant f or MhTe da&pdeind etnit e viiamgi earbd e

appr.oach

The -dperteermamgel of every model parameter i s S
following a uniform distributionameTleeg s-LHS os®a
determined ranges. Then, 100 outputbhaseRISt he

appramadht he uni gue o p tbianskePdS v a pfpoere at thihrbemed ti lnen e G A

par ameitMglsg, &€ dcan be obtained, separately.

Speci ficatolug,pultO @ aiinrputdat alsaede dieln? ad mpedr Hheye H
i npowtt put pairs datadatedeh & Sartepd rnigppuct h hien t @A t h
regression methadeas trlkeepechimehy. dHET €, a |
Equat3LlPni § assumed to explore r(elfaB,Uon&hdps be

x,and out pu(ti MeaTe,i addg),dds The SRC Bh})] Eignat abken (a:

sensitivity | evel when iIinputfofraat mros madvetainfd
(Saltell. et al ., -2004) + TheWBRBEC thagabsbdbl ome
to 1, the dependemini Yaceanabl d orstmerendepende
signifies that the dependent variabl e increase
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I mplaimensver se rel ationship.

e O O (3-10)
"YYO & Qo 3-11
6 Oy (3-11)

whejifreepresents theAj agpUdtnkivairs abhe (nbescdmte v
regression $0Desf ftihcei esntta, rAdeanidh pdieg v ivatrii am.l e can
stepwi sempdwgh ers wiatbsueP i s | ess -tt#hratnert hei gnmnivfeinc &l
() = 0.05. An input variabl-ealseremoceedsftbom t
t®Removei scagndd| evel 10. BesilOed, ande+18r ot £bhe

parameters iIs quantitatively pBssessed (Wei et

3.2 An inverse modeling approach for CP

3.2.1 Overview

Her ei n, t he i nverse modelling approach bas
identification in river-2f hei Oébratrsdtd AGP Sil sgpp pcrt e
uséeo dettédremismar c@ nrdrrmeamatger &)tXp, ep@ntdh sET)) |t 1 me
with uncertainty quanti fi cfaotri ocno.n tA nfuoor unsasr pdo Iwau
applied to the inverse modelt heosexwprcesat hme
downstream poll utant Fdamsdentar ahtyipoontsh eitn crail v ecrass
accur adREAIMatsteal CPS dmpraddek éeloomped samprpdacechkd t

field tracer case to test its efficiency and
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concentr at
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SCOr es

sourcer eseht s f

A DREAM-based inverse model for
Crb Xm Tﬂ’ and Ts

Input
* Obscrved data
* Model parameters
* Prior source information

!

Initialize unknown source
parameters

|

Run forward water quality
model

l

Specify likelihood
function

Generate
new
candidate
values for
evolution

DREAM sampling from
Bayesian posterior
probability distribution

!

Remove potential outlier

chains

Yes

Output samples for
uncertainty quantification

Fi g32Fd owchart

of

t

cati

on

ocbmpuettaiymaacmp bust ness,

and

Application in two cases

* Hypothetical case
* Field case

Reconstruct concentration time series

Model quantitative evaluation

The DREAM-based model is compared

based model.

1
with the MH-based model and the GA- i

Sensitivity analysis for DREAM inverse

model

CPS

i nver se

mo d e |

CPS &ppreoHBA-M t he

t

h

downsheeamt moat t
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CPSaraep parncaalcynzedas oscgasbi Egnt hem
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3.2.2 Forwardgiwat et ipuwmal ity

For continuous tstpe | $gi lolf @aond | é amasnt ai ned

constant TrheelDed s eddti isdper si on equat iilont gwt efxeaand e

mechani sm, i ni ti al and bodndasy (amdi et omsd . e X
2019) :
gJgo.,.ro6 1 vo ., .
I’I'T_(f) YT_(}OVT_(}OOVT_(}O vbo Y
0 aim T (342
. 6 6ho m
¥ O do O meo® Yho m

wheCies the pol |l ut adti scanhwde mdeienght)gilosm at¢hge/ ndi st anc
| ongi tudi away dtihceemt cenIlmpPgias i bhe di spersx on co:
direomthd) gumshe river xdélrecittikina l(tommeh )decayl coef f |
is the |l engrhvefan@me:; pblkel unedi al concenhheati ol

source (gHhmengt h

For sour ce oicdbertti infuioauast ir,certehaes ef | pooM liust i aosns u me «
and steady, aWy,anKarpepar arketnerass constant coeff
Wang er al ., 2019; ZeunertFandt Mebhe &2pR2DI da
for a finitaeddahat ipood | ut ant concentrd&i®on ca
(O"Loughlin and Bowmer, 1975). After the spil/l

can be cal cul atled (uRu mkge [Eqeutatalo.n, (139 9 6 ; Chapr a
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o . R o Y'Y O 3
0O —Q Q1 Q» —
q ¢ Oo
® Y'Y o 3 3-1
9 Qi O A (1%
¢ O0o
0 W Y'Y Y O 3
0 — Q Qi ‘(}i
q ¢ O°Y Y o

¢ O°Y o
D O Y'Y Y O 3 4
Q Qi“% (4%

3 p T1-— (315
- 7 (3-1 ﬁ

wheGies the simulated POl st amte pondedtbmat ben |
pol l utant release timeXastehetpel spi aht i seltea
the source site amd st hteh emolnointgoirtiundgi nsailt edi(sm)anc

(m) ,tmiasndt he time since the first monitoring (h

3.2.3 DiffeRentiaMetEvopaltiioon( BREBAM) val gorithr

anal ysi s

ltachall entgdergi t@as&n anaR@Wfiacral CB® | iud @ mtnt if c ¢
commx transport iamde If maheee ptt oacfe sisn kamadw.n Tshouusr,c e
the DRHAMTI I t hm tihse aspapripildedd ottrlooem numer i c al S umma
unknown sour Chepmeametvheal siseasnapodée consi dered as

par ameters. Moreover, thetmhestsamipdremr dwabiulnic
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guantification. | n tthhed enst tdgd pheawmetersacou)
when it sprpodbsatberliiotry di stri bution foll owshea uni
il denti fiedapabaeameorsisdered high when its post.

nomeak distribution or multi modal di stributior

The M®OREal gorithm runs multipl &hehaiodsutsiomul
gl ob(aMrluygt et al ., 2DRBAMaslence QR D cierswse rodiest rhaed e |

expressed as foll ows

i Yhe observed pollutant cehea&ing e BtUjio dndat a a
are prepared. TheBd), of i ourn kahiosvinr isbouutricoen spar amet
di stri butnimeeisdletnht e psr iwfrk nroavnges our crekep &@mr anmentea@ r
baseidnfoommr mati on iodltdi snwerdv @y sc.iasignp fr hi yopheat riheekgeet a |
asrom zero to twilhe dder d gWeaemhatesy DX020; Zeu

2020) .

i iThe initdia=l 1v,lbéi,esnknown estoeurrsc earpeargaémer at

priramgidcti@airns.

i iTih)e i ni tdi alareali me o 3-1i pn t aoAldf q(t3a t ©t ehhes us(i antuel at ¢

pollutant €bncentrations,

i vThe | i kel i hPova)d, fiusn cgbeneerdatoerdt edecoenm@har at i

and observedY.®Pod)tiesn tdreaftiinoends ,by Shen and Zhao (
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0 5— ——APD —— 31
e K- 1Yy

®w 0 - (318
whemies the number of observed pol |l utGfnotl |coomsc er

a normal Mi®)rTFThdruthenBayesian post eR@@Yri sproba

obt ab snear(Yd'm nRId).

vIhe DREAM algorithm iP&Y)afpoprl iuendk nt oowns asnmopu rec e r

viChains with outliers are removed based on
Vii)RcTchrevergence di agnopariametserc h(e@elema nf oan e
| R<1.2 for al |l parameters, the sampling is st
Ot her wi se, the process is continued to Step 1i:

i X) New candidate values tpdr eundkemeavmaitseodu ricre

Differenti al evolution is used for population
Metropolis selection rule decides whether cart
val des @Br 24aKW6) . Thuet idet aciglueadt ieonsl canl bet heun

candidate values are accepted, 9t=he wvahet i 13 ee :

ol d Warees.etTaienre,d in Step iii), Ci&hersei mpldatt ed

the new candidate values.
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3. Dudntitative evaluation and model compari so

Some indices have been defined to DRERAM it at
based CPSBaed oarc ht he skill scores defined by
t he accur acycoofpurt eadgikoitnl g,k imed Bmslt mTexconNnskirlulct i o
model s are comprehensively evalwuated in this
perfor mance, each inverse model is run 10 tim

range of [0, sld .t A orike lilndicoateegs |tohat the mode

The individual accuracy skild@l of each sourc

and spill time) is modified based on the perc
Y op o oUof P 319

whe%ies the individual accur &kcy tshkeltoofesgpamhdi

model (i .e., DREAMsk MHe awvweér @f8prp, esti mated val

byw hkei nverse modelanddwuisng h#Oreahsyvalue of the
average accuikeincyes&&l)moioklddfi ned advhet hedimean.

accur asc yoblsekurnde par ameters.

“Yi, Y oY Py S 5 AT 32D

WheBecatRorenid el kase t eipfL K Nidhé &iann ki Y iheuals afcarurlacoatsi

strengt h, release time, and spil!/ time of the

Based on the guidelines for PBI AS establishe
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is evaluat edd&siOk).®MWer WOk Po 8bO iafnd 3Nc. fisat i

kO0. 75; otherwise, the model performance is ev
Computati®namni memportant factor i n treat ment
acci deheomput atsikond |t ismeore is calculated as
Yrn P YRTY 321

wheTaeiws thecamputagw®ifok ihteivme se model Taver theé r

| onge®snp ut ataimoom gt iamd inverse models. The coef f
the output stability of inversesesmbdel at eMoasn
Yi p O WO w (322

wheCWi s the kCiVhodér sdhem@del@%aiasndt he maxi mum CV

al | i nverse model s.

The reconstr uSt)iesn dsekfiilneds choarseed on three s
Sutcliffe efficiency (NSE) (Nash amlds eSuvtactliiofnf

standard deviation ratio (RSR) (Singh et al .,

5 6 "O!‘ nY
Y i 0°YO YUY ¢ PO R (323
pTIT
0 YO p 0O p Op ¥ 0O O (32 %
Y'Y 0 p Op 7 0 p O 325
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0600 6y Op zpTht O § (32%

wheCneains t he mean of t heCipihs etrhvee do koercveend ma@dn
mis the number of theThbbéesaveeddge onheek ettheraetee o vnad
established by Moriasi et al. (2007) are consi

i sevaluated a&cOR) 78y a®)xicORo &3 ,i fand 3 )Xkdisati s

kO0. 52: otherwise, the model performance is ev
Therefore, the total ski Il score is calcul at
Y O 0°Y 0% 0 Tt (32Y
O 0 0 0 p (328

W h e wigws, Ws, amdre the weighting factors for t he
reconstruction skill s, redpecteisualma.twekdn Qotah jasmes
and reconstr uovi= oOn. 3p)erafroer maonrcee i(mp wa=wsEn t0 . t1h an

i hhe emergemdyrtiveat mehnht uti on.

3.3 An inverse modeling approach for MP

3.3.1 Overview

Her eiinnveaondes deveMBPBeddéotification in riv
whi ch i ncludes tame i hewelsep meondel gf quaand fi caf

comprehensive sensitivkiuy e8aB8ahysngser 5edsmpdastb
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DREAM algorithm is built to calculate the pos
pareatner s with further uncertainty analysis. A
DREAMased MPSta@apexpaebds the rel apgaiomts hs @u rbcee swn
poll utant concentrations at t hethensampliens fsric
DREAMased MPSiappgrakaeaanh as the parameter estiol
probability density damfcitidnainecrevRRRDB) a e ntth & i %t
for analyzing the uncpearrtaamentteyr saf Meogteiomaetred t
par amet e DREAINMametdh MP Sa rag pirmopawcth i nt o t he water
simul ated concentrat-siomsl atlehlenantdheobBREAMC

downstream monitaredgtei festhee wvempfy the i«
DREAMased MPS alpmprtormecehsensitivity analysi s, t
structur e, and observation data on identifica

Ssi genainfti factors for identification results.
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Inverse model and uncertainty analysis for source

parameters
Input
*Observation Model parameters +Prior range
'
Initialize unknown source parameters
+
Water quality simulation
+
Specify likelihood function
! Generate
, T new
DREAM sampling from posterior distribution  candidate
values
Remove potential outlier chains
+
Convergence No
diagnostic R<1.27
1 Yes

Output and evaluate identification results
*Mean value +95% credible infterval +PPDF

Comprehensive sensitivity Comparison with other

analysis methods
Model parameters DREAM
Model structure
: Vs
Observation data
«Monitoring interval time
~Spatial monitoring form Basic MH

«Errors

Fi g8&#3Fd owchart of the MPS inverse modeling, se

3.3.2 Forward water quality simulation

Pol |l ppiah sawsrsutme déneset ant aneously released i
i ncident s:xpolimtt lhcea sseisdnigsl ipesergaudadeican owi t h t he uni f
simplified as the 1D cl| as3®2ijcoafliemanad it ¢ € athaess L

time, and rel iase | ocati on,

Practically, m&(=sl,pl8e péot ht ds OMi,e ceerag rmealsesaesse,

rivers at diX,f emdmtt i Aecsagt dbng, to the superpos
41



Li ao, 1996) , the 1D <cl assi €edl caamalbygd i tald t hseorl

cal cul ate the poll utmaitntconaestasatfiminl oms:it he |
0 ® & Yo Y
6 - Aab —— ~ Lo Y (3-29)
6 O o0 Y 00 Y
3.3.3 Evaluation indices of model performance

|l n DRREcA-Mased MPS appdipmeaalt el chains for deri

parameters from tshter iBmwteisara.n Pplhhes tmeeaamrv aliue an

the statistical characteristics of theNsampl e
chains is taken ad$otrheopamsa menees ae sutaid nea ttohre a -

denti fied results, the PBIAS is employed to c

hypot het(iGuaplt ac aeste sal . , 1999) .
':'u\u,,'.‘.,,uB‘,‘_
0 Wi OdQd AiIQG ooe—e—rt]— (33D
0608 Ynnp —M (331

whedef's the true value aod™&'"mse tsheeurpcoes tpari @me tne
sampl e & cihmalimhe e al i pnacri adneentt esro f et shteil rmauttfdrrom€m & dher ¢
DRE A-Ma sMRIS a phpcraonacbh ¢ olexseodhtshe utt me series of c
downstream monTherregosstescted concentration

oOobserved conceaktradaai oondata for

Moreover, kernel density madtei matei onarigs niamp IPd
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describes the details eufni moel alPPDbRsees | akiigadlal
Addi tionahfydethei nt eshvaape 0 fofs atmpd ema raghidn a | Pl

source parameter r¢canntdgsdeigheet o¢ woueati fied

PPDF is represented unimodally with a sharp a
identified with | ow uncertainty. Il n contrast,
di suttriioon or a f1l at and wide distribution, t h

uncertainties ).Shfeommeretvalli.datdMl9 t he model

concentrations are compared to tameetseirmud sattiema

fromDRIhAeMased MPS approach

34Summar y

I n t hi sanc hiamptteegr,at ed i nverse modeling syste
i ncidents is established under representative
MPSThe water quality models are included in t

assessing the source and concentration respon:

Fi rtshhe MH met hod i s aad@PBSIinived s € oanpdper eokal cag a
guanti ficati ofrheofSRO cneertthaoidntiises.el ected to eva
par amet éares .i nArddietnc els0O o awvnadr i+altOi o%m) (ef fect of
further quantSedcand,EPY asvngs appmoaehi i s devel
t he DREAM algorithm wi tMo ruenosveemé, aembayyuguaani fn
been selectedotmptaperaper f atDRENMVR sefd tCHPSviaphpr o a:

t he-bM ed -bBadERIBAp pheidc t er ms coof mpauctcautriaocoyh 1 6 ma e s
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and reconstr.ddt,rde PRBAKRTral @sr i t heaMP$ navpeprlsiee d
model i ng.Teéhpep rpooascther i or mean vaMB8 Dbhvehee smong
approacihh ake the pardamébnetoresti matodi mgdebdel

structur e, and observation data are selected
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CHAPTER 4 MODEL DEVELOPMENT AND VA

AN I PS | NVERSE MOOACH NG APPR

4.1 Overview of the study site and dat a

4. 1.1 Case study #1: a hypothetical case

Tecasteudiys #aldapted from aSpjpil dutnhownecthnicodefm:
Ssiteourdeh) Fig the Songhuacaderegt uchy,Chamaar gannitc
hi gh chemical oxygen demand (COD) is discharg
The water quality is sampled at the Amonitor.i
downstreamjfabmnt et Su The threshold concentr.
15.00 mg/ L, which is the regulated value for
guality standard of China ( Mi ni sst rRye pafb|Eccolodgy
2002). When the concentration exceeds the thr
the concentration data are recorded every 2 I
study are average i aerrwgtktemwawiedt dept h3@ad m.

velocity at 1.25 km/ h, ?dh s(pleir sétonalc.o,efZ0 k6)e,nt:

for COD at 0.00125 1/h (Yu et al., 2016). Bas
on &Qud2n) (is wutilized to predict the concentr .
concentrationso, and the simulation errors ar e
a nor mal di stri3®u.ti Owneriaal IEnu2ag a lowmens( e & the a theeo o r

hypotheti pal ocsmge@ngehtkeem ae®ro to twithe Shartce

par amewWeret al ., 2020; Zbhaeanéot |l awdndlepnj o20RA@
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source i dMonH0/7f®i%c attdpnori@d .8 hXp: -200@ Kk m.

Heilongjiang, China, N

Harbin

/\ Legend

- Source site

- ® oureite

_ B A Monitoring site

“/\‘\\ 1 OI IOI IOB‘L ~/ Study section

Fi g#lLeoc ad fi gohlel ut i mmd smamicteor i ng sites in t|

4 2CLase study #2: a field case

Theasset udlyi ¢ adapted from a real @ahemiuckl | 9pid
with crude benzene fell into the Fen Rrdeer at
2)Xinjiang CountGhi.nvaikmcheng!| Ci 4y 32 temrnkesd oht o
Fen River. The downstream water quality is sa
Bridge site). The monitoring data and source i
a forward model i ngt st hhelysFaugedle histhe@ows | thanpohl
section and the monitoring site in the Fen Ri
average 4sieceéi ocabs’araaemage25flmw velocity at

coeffi O©B3&@Mthma(tca7l i brated by monitored data of
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and decay coefficient®1f/chr (cGruwd ea ntde nCzheemeg , a t2 021.¢

prior ranges are ushMod-80 &4 FoouwiBed Xi: dévmlt ikfm.c at i

Shanxi, China.

Fen River.  /

Yuncheng

‘| Legend
@ Source site
“ A Monitoring site | ™
|/ [ I ~/ Study section
pd N P

Fi g#42Lleo c ad fi goohlel ut i @mmd smaimicteor i ng sites 1 n |

4. 2 Moedsetli ng

The software WinBUGS 1.4, a statestetcadl t, 002
i's used f oMo Tos adptrionng tohfe posteri or35dTstrre dwde o
uncertainties +dbmaseldintvdadtsluedly, a pipse csehhul at ed f or
i terations, and the first 5,000 iterations at
(Cauchemez.Tehte ame.an 22v0a0l4u)e of the MH samples is
Antdhe GA programMAFLAREI ¢ idet &atihWor ks | nc.)
totalst eplwé se regression tool in SPSS statisti

applied to assess the contribution of 1Tnput Ve
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eal ., 2012).

4. 3 Resul t s

4. 3.1 Model performance and uncertainty analy:
The source information of COD i n tbhaes eSdo nagnhdu &
GAbased approaches in this case. The Monte C:

mei an wmabhuesal ues, and 2.h5e % oaanfd d®e/Mh.ce %,e vfedr a
posterior WBtrXshdasednehatlee BMiEproach are sum
4-1 . It shows that the Mont epraamdtedcero wiod 8&of o€ a
correspampgdiagst andardd )dewhatcihom ndbamleed sappraoa:
converges well . Moreover, t MgTopoasgtdelrli ow ymioina d
di stributions, and their uyroe8t)yer iTchrusr, andges aaro
demonstrate that the soubrasxed espudrtsadhemavid iac

uncertainties.

Tabdldhe esti mated rleassld”rtSppfbamht he ®$Méinghua Ri

Parameters Mean S.D. MC Error 2.50% Median 97.50%
Mo (tonne) 289! 0. 82 0.029 2893 2894. 2896.
To (h) 74 0.05 0.002 73.8 74.0 74. 1
Xo (km) 120 0.06 0.003 119. 120.! 120.
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2890 2892 2894 2896 2898 2900 737 738 739 740 741 742 119.6 119.8 120.0 120.2 120.4 120.6
M(tonne) Ty(h) Xo(km)

[ Relative Frequency Fit Curve

Fi g#43Pecost eri or probability distributions of s

Songhua River <case

The compari son-bras®ul thsa d®ef® Atalpgp r dld c he sA-2ar e s h
The -lMddlsed approach has a high accuracy becaus
same as the true values, Whhle aebaeri mel adange
bet ween esti mat ed v ablauseesd oabptpari onaecdh MaTodm Xgriibee G/Aa
are 2.87 %, 6.70 %, and 5.23 %, respectively.
River case, the MHemet hlmals pd ed pmesa bl for al l

I n adtdheiodentifiettasedomappobdbachei MHt hi s case

previous studies for source iden20fi6rafjangi a
2018; Wang et al ., 20l18jaselchusppridach nifs ransu ¢4
pol |l ut iiomf csromatcieon. Al though the above results

the uncertainty of t hfei coabtsieornv aotfi otnh ee rdriosrcsh aarngde
in this hypothetical case. Thus, the applicabi

next.
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Tabd2€ompari son of esbeamatdednsowopcdi feEsubkbns i

approaches for the Songhua River

Mo (tonne) To (h) Xo (km)
Methods MH GA MH GA MH GA
True values 2894.52 74 120
Estimated values 2895 2977.66 74 78.96 120 126.27
Relative error (%) 0.02 2.87 0 6.7 0 5.23

4. 3.2 Sensitivity analysis

Mo d el parameters I n i nver se model ing approc

experiments and empirical Ae stiUtmatsi omo rnee tchhoadlsl.

det eDyainkle al Medel parameters are of eeniroiovwebrieder
polluted section, whi ch may not correctly re
topography and hydrol ogical regi mes. Thus, i

parameters on the estitnmhaet idoenv ed fo pseadu ragpep r ppaarcahnees

The SRC method is applied to identify import
this study to quantify the infRAugmcdendd) obnfour
sour ce pBlgTame&ied sHdieer son correl ation eoafefdi ci e
test met hod of par amet eusddar el heeb tcaoirnreedl agad osh
significant at p < 0.01 i Figk#tei sdudlghtaesT hab a T
posetcorrelAandofnorwilhdmthasbd BbBdeGAappr aches.
positively Ugordgedhat assiwghhficant UnedMatr oo ec or
ani n r ellaitn otnkbdacMHl approach are morebaszeeaditi

approach.
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Fi g&44Peear son correbdbphbar ameaswaend (iagibeamtes MBEEppr oac
and ( b)basheed GaPpoprrSabahagth u & aRNeovteer: si gni ficant <co
0.0t1taf(2ed) is in yellow color)

The SRC results of sensitivityMoyddalddai s r el
given ¥4UB. Tahke SRC relsauded dmppr deheeh GaAre i n | in
analysis for the sensitive pkKalasnet sl sghtWher at

esti mat eMo. rdoudavddar e paegaaingluyedced by
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Tab#3&ensi tivity analysis results of two inv

Source parameters Sensitive model parameters SRC
MH -based modeling approach

A (m?) 0.588

Mo (tonne) Dx (10> m#h) 0.277

K (1031/h) 0.176

Ux (m/h) -0.817

To(h) Dx (10° m?h) -0.142

Ux (m/h) 0.805

Xo (km) Dy (10° m?/h) 0.121
GA-based modeling approach

Mo tonne) A (m?) 0.518

Dx(10°* m?/h) 0.309

To (h) Ux (m/h) -0.512

Xo (km) Ux (m/h) 0.756

Moreover, eight tests ard4O0OefphodedlDo %rseé§ ¢
parameters on idenn itfhe dScmglrwcae Riawrearmecasres. Th
as a percentage is the r a&tde vafl utehanalb g dleutt e ue
value being tFakgel¥ eaghehbwegas easr ei nconsi stent wi
SRC results. The est i kMpaTy e dXgsdoafr clkeo tplar manckd leir rs g
are sl ightKaynAlAenrds ptadhiev e # mdkar e t he most signi fi
estimating sdbeceepat hmeXiestsiomat é drabsye dt haep pGAo a
reach 30. 62 r%sgredt2BicldS) Bo,whenati on from the t
the identifi cTaariXpens taicncautreacc ybyf oorot h i nverse mo:
wheki s +10 % variation from the true. %dl| Qe occ
38. 9Phé&.reason for this is possi bl yDgabnddgiasuse o
attributed to complex river geometry and hydr

on the source estimatiowowenrssumodelodt aThmiesl if $
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previoudVest edi ddd apg2e6jLi6Geaner al2l0hleBs € ti e aMpilr oach

hi gher stabi-daged tehmpmr adhceh GsAs t he rel ative er

than t hoeseMHasem @lpproach in the same test. G
usef ul to decide the key model parameters ne
responses using inverse modeling approach.

0.5
B v M -GA

B v T GA
LI, MH 71%,GA

0.4}

(=4
[#%)
T

Relative error

<
]

1k

ACI0%)  A(+10%)  D(-10%) D (+10%) KC-10%)  K(+10%)  U(-10%)  U(+10%)

Parameter variation

Fi ga45lenf |l uence of model parameters on identif

4. 3.3 Model validation based on a field case

The effectiveness of potl huit niomfr sremandiglegn s ( if oe
adXo)) of a crude benzene spill inkbasedatappr oach
Monte Carlo error and standard deviati on, al
confidence |l evel at 2.5 % and d97s.t5 Mhu,tfi eomdss aon

Xoare obtained 44s. slhtowns isnu ididhabttlilteade d tihe T™Molte C:
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Mo, To, Xsiddel ow 5 % of sShempterseamadmadidnglevi ati on
t hat tbraes e MH a pnp r pracvhi dcea superi or convergence |
source parameters in this real case. I n- addi t
based approach is small as MdhTe, pa@fsd lelr o wdalpirmb e

di stribution with diFmignsehedd ranges as shown |

Tabdddhe esti mat ed rbeaskeRibpsp rfreocnhtthhee FMHh Ri v er

Parameters Mean S.D. MC Error 2.50% Median 97.50%
Mo (tonne) 3.58 0.4837 0.0039 2.65 3.58 4,56
To (h) 20.57 2.45 0.119 16.01 20.51 25.61
Xo (km) 98.05 7.226 0.357 84.49 98.02 112.2
_ 0.6 —(a) 5 0.6 -(b) _ 0.6 ©
% 0.4+ :E:,. 04+ g_ 04+
£ c E
;E 02t é 02k 2 02r
0.0 0.0 0.0
1 2 3 4 5 6 8 12 16 20 24 28 70 80 90 100 110 120
M(tonne) Ty(h) Xy(km)

[ Relative Frequency

Fit Curve

Fi g#4GPe0ost eri or probabilpdaryametsarmrs bafttiemsc orfv erc

Ri ver case

Results of two developed inverse mod&S.i ng aj
The relative errors by comparing ilaes edas taipmpatoac
to true My ®laneiarfeoral | bel ow 20 TéanXg o mphaer erde | vait t
err diof rodm thhaesevtH appr oach Tihse rreelaastoinv & loyMohtihg hse rc
i's relatively | ess sensitive when used in simn

Wher eas farsetdhap@A oach, the i1identiafriecabitoasr g
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as t hbeasveHloapp, with a higher error range fron

Tabd5€ompari son of estimated source results b
approaches for the Fen River cas:e¢

Mo (tonne) To (h) Xo (km)
Methods MH GA MH GA MH GA
True values 4.32 24 87
Estimated values 3.58 3.39 20.57 18.56 98.05 110.02
Relative error (%) 17.13 21.53 14.29 22.67 12.7 26.46

The above results from the seaned caper cd awhl

provide a useful estimation of source par amet €
of both inverse models for ¢dmpareead tcoaske saule
hypot hetical case. Possible reasons for this
errors contribute to the i1dentification errot
associated wiomstéamredsfi oewaoadadwater quality mod
et al . (2018) shows that the identification r
deviation of observation errors is more exten:

4. 4 Discussion

| n trheisse npg study, we investi-gasedt bemd p&ATf 01
approaches in sour-peinttepboi Futmabdononhnofisgsengpel
that dHblsedMHapproach hasbaseadanapgrcpphseiral hec Gy
computation time. Premature convedbgesrde apfpfr @@t

Theoretically, theasednappr danlttcam aoac GrAat el
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searching space ofi tae spoolpuutliaotni owni tshi zteh ea sisnufme d

the-b@Aed approach may easily goeptt ipmaelmarteusruel tasn
of the | imited population size and i mproper sSeE€
1 949) . I nterestingly, the average compidbtasteidon t
approach -Badedhap@Aoach in both study cases i

possi ble reason i-bsastehdata paplrtohaoculty het &t meh er &GoAl @Iny wih
globally optimal solution exists, It takes a
during the Madtea eViViaetteme OMH sampl i ng parall el
trajectoriesttopofsitedi bhe dtatgi buti on, whi ch
ThereforasetdeapMproach provides mor e -braslkeuwst e

approach to estlilmatieomé sssoaMythealas) ¢ i n t whschtud)

i nvol ves complex posterior distributions in e
Al t hough the proposed inverse modebiasgdapp
approach, i's proved to i denttiivieyl ypola puptliiocnatsi oou

cases needs to further examine various uncert
i denti fyi-sgurtde @fointver pollution incidents

complex riverrgeotmet cynandi opyd have significa

of inverse model s, as confirmed in sensitiwvit
the inverse modeling method itself, ot her f at
errors, asnidmptlh & i caér on of the discharge pr o
di screpancies (Ma et al ., 2013) .

Therefore, a systematic approach for uncert:
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practical straeegioals ceoi dmptovecati on accur ac
consi der single point source and instantaneo
Continuous discharge cases and multiple point
studChapb eand Qbapedr o8 the proposed approach
such as series adaptive MCMC algorithms and

environment al model s may be f uTashdeirg heix aenti naeld. ,

45Summar y

Overall, this resbaseld sppwesathatctabhher MEt i C
pollution source. When appl i ebdasiend a plpy patche tgi
desired accuraacyrwiotfh | & srseltatainved . é@©@2 %. | n a r
al | source parametbaseddapprbiaett bhyet hbead®&H a

20. OT h%.b seetrivonamd rtolse mpuyer i cati on ofmatylae edios c h

hi gheenti fication errors in the realThe amaedeslt u
validation and case studi-lesssed apmprsoaceclts emearcfthor
the-b@Aed approach, whia@lr cdes cvantarlolf oan dp omhd nua
model parameters are also examined in this st

esti maptololnu toifpuma rstoiutryceappears to besecemdintail var
and contiasmierasntond coefficient, and the average
esti mat i olnocoahtnidoent ehsase time. The present stu
of research to understand critischaels paol d wan toint

approach for i mplementing inverse models in p
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CHAPTER 5 MODEL DEVELOPMENT AND VA

A CPS | NVERSE MODELI NG APPROA

5.1 Overview of the study site and dat a

5.1.1 Case study #3: a hypothetical case

The case study #3 based on the <$Sabiane Ramnvame
Co, Xo, To, da@ydof dicl o DREAMas@GRISIgyv drhee model Thg ap

Sabine River flows through the southern US st

a high risk of pahdudomaesfromwasdewatremal Dicl
steroi-drafl | aactmmtait or y drug i ne tdhreopfsor nHoawfevpr | | ©
diclofenac are removed by the conventional wa
The pollutant (diclofenac) is assumed to be c

Sabine Riverurals56bowhhia RkRypgot hkel i a3dd @a xe,
used to simulate the concentrations as the dfol
noi se follows a nor mal di st ed/Bo.t i lomf ominhaet iao nv

poll ution sources and fmbdel Il nputs are shown
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N

A

Study area
Sabine River
Texas

UsA4
P,
\ SO~
/_,/ ’ ’b/o;,,
Ve . \
A _gn /'/
L,
@ Pollution source [ ~
A Monitoring site
i (
Study section 0 0.5 1.0 Kilometers )

Fi gblleoc adfi grohlel ut i amd smamictéeonr itnhge sSiatbesne Ri v

Tabstl®ar ameteri zation for the Sabine

Par am Description Val u Referer
Source parameters
Co Source sgt/fhrengt h 100 )
Xq X-coordl_nate_of sour 5 5
monitoring site
To Rel ease ti me ( 1.6 o}
Ts Spill time (h 4 o}
Mo d el par ameters
. . : . Wang and
Dx Di spersion -doeéttsg 12.8 2016
. . . Wang and
Ux FI ow veldmicriggtiionn . 0. 1¢ 5016
. + Gi meno
6
K Decay rate of dicl. 02° 5017
Prior information
URang . . 3 Ul 0,
Co Prior Cangeaeifor medgl/i“)m 200] o}
Uan&Ke Prior Xeaangeiform di:U[ O, o}
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Ura n ge Prior f@Meangeiform di U[ O, o}
Ura n g« Prior fMsangei form di U[ O, o}
dd Moni toring inter 0. 2 o}

5.2Case study #4: a field case

I n the caeal stodge#ttrari on data are applied
performance dfas@GREe dDREAMae htr acer experi ment
Jackson and Lageman (2014), where Rhed&mi nagh
Sanit aShyi panGantat ack the piscicide pl ume. Conce
monitoring sites (iues2whs8tht ar®6fuas hehowawmppin
F2, F3, F4, F5, and HReb,e rsesupecet ipJaetlayme died sd entpa
source informati om®2 arTeh ep rheysdernotdeydn ainm cT apbalrea me t €

Zhu et alnume20lIc7a)l frordel i ng of dye concentratdi

0 1 2Kilometers -~
— o Chicago Sanitary and
P g ry
N = Ship Canal
A . Source
A [ @ Pollution source
| A s1
1 | A Monitoring site
§ A 9 Study section
=
g\ As3
3 )|
5 Study areca
|=oa
sz A S4
a {
A ss Hlinois
A s6
USA
Fi gbhtdleocadf o@ sacuwramoni toring sites in the Chi
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Tabs2®ar amet @mrhzea f i el d

tracer case
Condition ID
Parameters
F1 F2 F3 F4 F5 F6
Source parameters
Co (ppb) 10 10 10 10 10 10
Xo (km) 2.25 3.91 5.39 7.03 8.61 9.93
To(h) 1 1 1 2 5 7
Ts (h) 8.93 8.93 8.93 8.93 8.93 8.93
Model parameters
Dx (m?/s) 4 4 4 4 4 4
Ux (M/s) 0.14 0.14 0.14 0.14 0.14 0.14
K (1/s) 0 0 0 0 0 0
Prior information
Ur?g‘r?be)co U(O, U(O, U(O, U(O, U(CO, U(O,
UrangeXo u(o, u(o, u(o, u(o,
(km) vito, u(o, 10.7 14.0 17.2 19.8
u(o, u(o, u(o, u(o, u(o, u(o,
UrangeTs(h) 17 g 17.8 17.8 17.8 17.8 17.38
dtm (h) 0.5 0.5 0.5 0.5 0.5 0.5
5. 2 Moedsetli ng
For both c alsheesR EFAMas@RIGpdr oach is 1 mpl ement e
(The MathWorks I nc.) 10 tTiomea s dwicteh ulnGCG,ra@®0 nga
t he 2f0i0r00Vt i t erati ons are di scar deesd (tOGa unti hnei nme zz ee
2004). The mean value of the samples is taken
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5.3 Resul ts

5.3.1 Model performance and wuncertainty anal y:

Fiug eshiows that the posterior probability di

uni modal di stributionshas(ZRISi eappeangcllleat i f feph

sources reliably with a small amount of uncer:
0.20 0.20 0.20 0.20
P (a) » (b) 5\ (c) Y (d) r
S0.15F S0.15F 015} 50.15F
& & =3 &
L L = Z
<= 0.10F «—= 0.10F = 0.10 “<=0.10
=005k = 0,05} S 0.05 = 0.05F
E Z | E E dﬂ
0.00—= O 0.00 —"ﬂ I_I'_"'L 0.0 h 0.00 —ell o
95 99 103’ 1107 111 480 495 510 525 540 1.0 1.4 1.8 22 2.6 360 375 390 405 420
Cp (ng/m”) X, (km) T, () T, (h)
Fig@&#3Posterior probability distribubas@MS of sc

i nver sien gnoapédorro atchhe Sabi ne River <case

I n addition, the stkad@RISpocraae hafo mplfae edREBAMhD
t he -bM ed -BadERESA ap p,r oaasc hsahsoFwey. 5 The skill scor e
to one when identification r eswadnmputaateif dre hteieme
mod el ar e el5-B.s tAesd sihnovdedbilif{adl i, g t hdab®BESAMappr oach
has the highest accuracy skill scores for all
accuracy skill -bsacsGePd® ap (Bt bere AREAW)r el N &) gi s ve
close to one. Al fTfi @ough hteb ©SBHHIM al p (Breaoanceh ©Oifne, DREA
= 0.93) is slightly |l ower than that of Tot he ot
provides wuseful i nsfkoirlma t 3pdoonro ensHloaviteltveed éhck t-avireld GA

bas®RIS app(@Soecaciiesi Ba Thhelcase=tiRe, 7ch) are | ower th
6 2



i ndicates that these two mdddelC®Pnseseglbdnnloy, stah
i mly that -tehs€ePdSRBAPOoOBdhaccurately determine |

has the best accuracy performance among the t|

Skill score

Strength skill Location skill ~ Release time skill ~ Spill time skill Average accuracy skill

(2 (h) (i)

Skill score

Computation time skill ~ Robustness skill Reconstruction skill Total Skill

Fi gb4Compari son of diffemteinti ¢catvieos eomosieliisc & o

Sabine River case: (a) strength skill score,
spill time skill score,cé¢mpubnasikadet smeurea c Y
robustinlesscosrke, (h) reconstruction skil

6 3



TabSl3&sti mated results of source pédirearatba rne Ry

case
Coleg / M3 ) Xo( k m) To( h) To( h) ff’&;“)t Cv

Real 100 5 1.6 4 3 3

DREAMM 101N67.5%25. 8%70 B 1. Rp46 ” 3. 8% 1 41 19.25 0.0

M H° 98N41.22 4. R25.1%7 1. 8732 1 4. 04676 1 44.09 O

G KA 97 N77L.82 4. R®42 1 1. NB.9P 4. N31.0411911.00.0

Note: a, 95% confidence interval of the posterior mean value of samples from the DB&S&M

CPS approacbver 10 runs; b, 95% confidence interval of the posterior mean value of samples
from the MHbasedCPS approacbver 10 runs; ¢, 95% confidence intdreé estimated values

from the GAbasedCPS approacbver 10 runs; d, meatomputation timeover 10 runs; and e,
mean CV of four source parameters over 10 runs.

Moreovenrs4d Kifg shows -bha@®RIS haeppDREaAcMhes t he s
C o mpiud ra tttol med enret isfoyur c & ap53a & e ttshhastovstmpa@ t at i on t
of t hbea sMHl -badRESA appamacdaepsr oxi mately two and
respectively, t hbaansGPdB a & p.p f Tolaeh bBr c2RUEEAtNsh a tndtihe D
bas@RIS apparoable applrieenddottoo rpeocaldliutyant spi | | i
MHbas@RIS appreo&dohms betterbats@RSE & bemnddREBMOC
robustmsss homwel % ) Fi ¢ hne sdciofrfeesr einsc es madblas eldn ac
mod el performs pocacrolmpui atdmea ms o méd nnoedsdsd i t 1 o n
reconstruction s kbddGEPdSc @ampédEmfoathie. DRME AIME ) g
i's very cwhoisceh tios otnhee, hi ghest amonagurteh es5tthler ee
simulated time series of-baad@RtSe natprpattthacns b § a rovme
dat aatwwebobt B kXo=andTF hkemesetd tgmealhieso elppaset heme

spil | ti me.
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- DREAM: - .
70 (a) NSE= 1.00 70 (b) NSE- 1.0
r:-\ 60 RSR=0.03 "/_—\ 60 L RSR=0.02
E PBIAS=-0.33 E PBIAS=-0.22
ey L MH: =i o MH:
&0 50 NSE-095 &b 50 NSE-=0.96
N RSR=0.23 N RSR=0.21
= 40 PRIASO00 | o 40 | PBIAS=-0.90
= GA: = GA:
5301 §§E=u.96 =30 NSE=0.96
= RSR=0.21 B RSR=0.19
S 20 PRIAS=105| & 20 PBIAS=-1.87
2 2
g510r 510
O ol O ol ;
1 1 | 1 1 1 1 1 1 1 1 1
3 10 15 20 25 30 3 10 15 20 25 30
Elapsed time since start of injection (h) Elapsed time since start of injection (h)
4 (Observed data DREAM simulated data MH simulated data =—-=-—- GA simulated data
Fi gbtReeconstructed time series of pollutant c

Sabine Ritvdecownocsaseeam site: (a) 5.0 km art

The tot al skill score is obtained by consi 0
comput ati ambuiskneaeésseconstructumed, 5(da9 . i I0Ovwestarl ¢
DREAMas@ERIS apprbabhts significaibtasadyv dmidadgeds c

CPS appirmasdhersce identification for the Sabi ne

5.3.2 Sensitivity analysis

Il n the -bDeRSERRIE ap,priomtchuences from observatic
interval, spatial moni tparamefterm, mpghborexasag
incidents. Thmertfiooredthensaibtoivee factors are |

sectfiooornst he Sabine River case.
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5.3l BfLuence of observation error

The source paracenei i eanfooimytihe observed ¢
measurements exwaesrtl d nsictounptliexng.ealThus, the o0bs:s
i nfluence the identification of wuncerthenties
simul ated concentrati oelngs aGbdl a(i oedi $§cosms Eghat p

t he DPBAS®BRIS apprOlhe hmul ti plicative error model

8" &6 0 Y8 (5-1)

whe@ls the obser Rédl towsent satindaN(do,n olkyma |a nddi
is the error |l evel. Referring to the three ran
four |l evel sLwef OWBHBEt ¢ O mdids €08 (20| e c ttehde teddspearvt L

concenst.rati on

As shownrbbha)l, gthe absolute PBI AS of alll S0
observation error Il evel. HMwoaeambyt h & e e-DRIEAM
bas®RIS appemach sati ¢fhaeklt wtrey PDRIcAS sef al | sour
bel ow 228 %2@a%. When the observation errolp | evel
i's above 45%. This result i mplies that the o

esti mat edolrv ad duckist iod n, a hightheeomputheévelhn ¢ owmlec
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100 30 25 24
(a) - = - Computation time —_ (b) > 1 —_
sl —=—C, N ) 20 - \ 422 <
—_ — X @ —_ Y | g
£ of Bt N s E St . s a0 2
— s p N , = — — =
7] L L A s s 2 > A — s
< 40t . ; . £ Zof e : E
by . oL 8 = Pl . 418 =
| K NVl « 420 3 B2 A Rl S =
Booor e T " g = s N g
A/ g . 5 = ——n ——" 116 3
oL s ——————— @] ol =% — . . —e | o
1 L | 1 L ‘IS ) 1 1 1 1 1 1 ]4
0.00 0.05 0.10 0.15 0.20 0.0 0.2 0.4 0.6 0.8 1.0
Observation error level L, Monitoring interval time (h)
15 21 100
(c) - 75 [ ()
A" < 50
- @ 50 F
? 10 // i ~—
£ - - »EE ) B
— - T = [72] 0
w2 -
. < | B el el :
ol Tt £ @ a5} s
o = ol - SR
x g — g s0f
of = - 3 5 ¢
1 1 1 1 1 1 1 1 L 18 _‘100
2 03 4 5 6 7 8 9 10 Dy(+10% Dy (-10%) U(+10%) Us(-10%) K(+10%) K(-10%)
Monitoring location from spill site (km) Paramter variation

Fi gbhtGPeer f or mance -lo& sCPRi#iSe i DnoEelreMd e a pfporro atchhe Sabir

Ri v e ru ncdaesres (oab)s ewavraitdwsn errors, (b)) various m
spatial monitoring forms, and (d) wvari e
5.31Bf Ruence of monitoring time interval
As the moinimimaorrivea l decr emdsexshsetrtveat Tthmb eri nc
moni ttoirmemtger val i s set as 0.2, @he, souB8 ceamarh

using t hlea SWRESAM p.prTolaec hi ncreased observactyi on nt
of the estitmaa esdourecsaunpgasir oohieeape s at hdes s hoen |
Fiugbe66( b)), the absolute PBI AS increases with a
with the other three soearifes pnaaraemesteenrssi,t itvhee tecs
number. Howev-bnasCRI% ea POpReEcAdM hms wel | under wvar.i

i ntervals because even the snaxnmasnp beobodtud £8%.P
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5.31Bf Buenceomwift esmpiang afl o mm

Four individual monitoring sites Xgr € .s5et 5at0
7.5, and 1u@86(Oc)km)l.| ursitgr ates that as the dista
absol utet PBISASurodenptaheameaR&ERS appnormneadses grad
The results imply that the model per f oer masn c e
closer to the tstpe |l prsesewvmis@edusd Simyl anatpysis of ¢t
monitoring time i ntéddiwalmorteh e eeansstiitmateed ov & lhwee

than the other source parameters.

5.31 8f lbkuerfc prior range

The constraints tfheokin wn osourangegarodmeters
pr oceshse ofnovdeerlssee mMhus,t hdeprn inhid b ®c-PRIFIS
approschnvestb5idgatoends. tThaaba neddvmp PtBad tAiSairc ttuiamee s | i
as the prior range increases from two to fol
demonstrate thhhas@®@RIEhep PRE&AMh sensitive to the |
t he DPEASRBRIS ampoohbhd identify the,pelvlent ifom w0

range of unknown soworcled paacrcaindeetretr.s i n a r eal
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TabsM4®esul t s

fromasde OREAMpproach beassed on

Prior range

PBIAS (%) of source parameters

Test Computation
D SCO gy Xokm)  To(h)  To(h) SCO gy Xokm)  To() Ton)  tme(s)
1 (0,200) (0,10) (0,32) (0,8 -167 -086 -7.19 129 19.25
2 (0,300) (0,10) (0,3.2) (0,8) -158 -0.79 -6.66 1.2 19.67
3 (0,400) (0,10) (0,3.2) (0,8) -18 -094 -7.88 14 19.44
4 (0,200) (0,15) (0,3.2) (0,8) -1.64 -0.83 -6.99 1.26 19.85
5 (0,200) (0,20) (0,3.2) (0,8) -174 -089 -7.48 134 19.82
6 (0,200) (0,10) (0,4.8) (0,8) -177 09 -7.58 135 19.72
7 (0,200) (0,10) (0,6.4) (0,8) -1.61 -0.82 -6.88 1.22 19.71
8 (0,200) (0,10) (0,3.2) (0,12) -1.67 -0.86 -7.22 1.29 19.72
9 (0,200) (0,10) (0,3.2) (0,16) -1.82 -0.96 -8 141 19.82
10 (0,300) (0,15) (0,4.8) (0,12) -1.85 -0.97 -8.09 1.42 19.1
11 (0,400) (0,20) (0,6.4) (0,16) -1.88 -0.96 -8.09 1.44 19.41

5. 31 Bf buence of mod el

As th

par amet

the model

resul ts

e mo

er s

demonstrahe

Dx. Moreover

del parameters

coul d be

parameters fr

, t he model

om

ar e

rel ated t

(0]

par ameters

assumed to be c

i-ldGe% ta rfd c+wld%)n

tihe geaht vadtuieselon ;

ebat msinesd d cye stddntsy d b fvewde @ |

paf@ menpar e dhave hevihegemn

parameters.Fidgs>=6¢dowhO%ev ar iDaltd aodi® . A3f@l0,. 7-2 %,

75. 19 %,

and

P B I A SMofXe To,

vati adil efads

Ul eads

1.91%

PBI AS,

whi |

e

t hat of +10% vVve

andrespecomyv e hgh dDsRERISM a p.pr Bla&%

to 9. 47 %,

t-24 37-BW, Y96 3 %, and

t he DPBAsSMAd

mi ght h

ave

mo d e |

strong

31.

3 Mo, XQ T

01 %,

93.

8 8 %, and 12.

Pagnl dArSe sfpderca mv e |l y

Thus Urambka lmsdtdhreit i masleur esse

i nfluences heemat hal slkamdat i der
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Dxi n di fferent reaches of ri ver s.

5.3.3 Model validation based on a field case

The DRIEAMed model has a gmaélelt &am e upstio daafib oul nictey
di stributions of al/l source, parsa sdhiogbsTihfreol | ow
mod el performs wel |l tfhoe fsioeulrdc et ri adcdeirtgibeBdiesxga.t i Aosn
the accuracy sehoarseeBdSoadpphmheeadDREAMII ti ons F2 to
The | owest accur adypsedraepwi daibhlec OBEIAIME N FFE L (
0.89) is above 0b85edVbdbraea@mBrpar otadlcadi dGAt dlp est i m
under most conditions, foma a&u shee | tolwE& 10g W@ ecc)uarsa ci yr
These results | fplsgRdS hapbadmat DRERAMst perfor mar

identifhengoat téi Lo,lomededamong the three mode
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50151 5 5 rl 5 0.15}
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(f) Condition Fé
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Fi gbt8Ccompari son of different i nvetrhsee fmoed ed st rfa
case under iFc6o n(dai)t isotnrsenFglt h skill score, (b) 1|o
score, (d) spill time skirlel,ce(oiputatsikeil | aismma e
(g)robustness skill score, (h) reconstruc:

Il n additiowm,asthle dDREAMadhr eadhley vastuiemané t 1}
parameters f or Aesmesrligeewibdpp Ireebseppountsaetoif ot htei-M&R E A M
bas@RIS appsowchhin 23 s. Morep¥epromhat abbwn i
of t Rbea sMHl -Ba dPEGSA apparme cdlemost two and ten tin
than that -bf sGH DORErAdvkd aMEPIS appasaa hsl i ght ad
over theha&EHBMappheams of, radbussHagwedl(sy )b Howeve:l
the estilmast edf rtelBas@REAMp hrawa&chhi gh stability
robustness skihlel ssgorcosndundMomeoare, abbeer 0b8a!

scores -bbhs@®EHSE aGppreacbnsi derably | ower dhan th
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Tabsl5&€sti mated results of sourceupdeameétit efresr é
condi ttildes=elfdortracer case

Comput

Co( ppb) Xo( k m) To( h) Ts( h) tidn(]%)c:\;f
F1
Reakhl 10.00 2.25 1.00 8.93 3 K}
DREANI10.41 N=#®t2.39 N % 1.22 N34 7.72 N 2 22.20(0.0
M H° 10.53 N3%:2.49 N2 1.51 N %5 6.91 N 2 37.170.0
G KA 10.63 N?*:2.42. N3171.38 N 2 5.45 N % 233.10.1
F2
Real 10.00 3.91 1.00 8.93 3 3
DREAV10.06 N=?®:3.93 N % 1.04 N ¥ 9.83 N 2 22.7¢0.0
M H° 10.06 N*:4.01 N 2 1.2%. N7319.95 RN 2 37.9¢t0.
GKA 10.06 N2:4.07 N % 1.34 N ®89.91 N8B 176.70.
F3
Real 10.00 5.39 1.00 8.93 3 3
DREA®V 9.92 N 2 5.01 N 38 1.01 N % 9.0D. N9 22.670
M H 9.93 N %2 4.86 N 383 0.78 N & 8.96 N % 39.0:0.
GKA 9.95 N4 4.68 N 383 0.42 N % 8.93 N 38 216.20.
F4
Real 10.00 7.03 2.00 8.93 3 d
DREAV10.00 N3:6.56 N % 2.12 N 4 8.93 N 2 22.710.
M H° 10.01 N3:6.51 N2 2.08 N 38.92 N 3 40.970.
GKA 10.06 N2:7.22 N B8 2.47 N 838.93 N % 205.60.
F5
Re al 10.00 8.61 5.00 8.93 3 d
DREAWN 9. 44 N ¥ .52 N ¥ 4.67 N 4 9.23 N % 22.5¢0
M H 9.40 N %1 8.00 N % 3.69 N 9® 9.24 N 2 39.1¢(C0
GKA 9.37 N 3 7.93 N 3.54 N 9.28 N % 203. 70
F6
Real 10.00 9.93 7.00 8.93 3 )
DREANI10.04 N=®:10.73 N?2.8.55 N 9 8.95 N % 22.7°%0
M H 10.09 N=®:11.47 N2:10.05 N=2.:8.96 N7 39.6¢0

© o ©

GKA 9.92 N %4 8.32 N5 3.82 N ¥ .00 N B 221.30.1

Note: a, 95% confidence interval of the posterior mean value of samples from the DBaS&M
CPS approacbver 10 runs; b, 95% confidence interval of the posterior mean value of samples
from the MHbasedCPS approacbver 10 runs; ¢, 95% confidence intdreé estimated values
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from the GAbasedCPS approacbver 10 runs; d, meatomputation timeover 10 runs; and e,
mean CV of four source parameters over 10 runs.

As shéwrgud(mh )5 under conditions F1 to &5, thi
0. 77, indicating that thebaesssRISmapepadonéulutse df
ac c urraetceolnys hteiuncet sferp @lsl ut ant concentr-baseds. .
CPS approdocbes | ess accurat enrcequlrtag i fomr tri eneor
condition FG6, the recmonddé&nuacitnisont hsek i Hil g hsecsotr ea
mo dellhse.se findings are ¢ommigsOemt Fiwga hreet heoaslei nsi
t hatr etchobenstructetli pomkbutsaenti esoncentbrast@i@&ns fr
apprbathwell with the observed concentrations
reconstruction GAbasCRIS dHmapraa owms dathiesf actory u

F1 andadakhi&&ebd he skil]l scores of reconstruction

=
=
=

(a) . I\:glﬂalm b DREAM: (c) DREAM
B a NSE= 3 NSE= 093
~12F RSR=0.40 ~ 12 HE) R;E-t?:q; ~12F RSR=0.26
- PBIAS-26.64| A PBIAS-13.15 | "= PBIAS=6.97
E MH £ - E ot i
&b NSE=0.64 & NSE-0.82 £ NSE=0.86
= 8 RSR=0.60 = gt RSR=0.42 2 st RSR=0.37
= PBIAS=4L51| PBIAS=2089 = PBIAS=15.42
=] 3A. (=] GA =] GA
£ 6f NsE-003 | S 6 Nsioso |2 OT NSE-0.55
B RSR=0.99 o RSR=0.77 o RSR=0.67
g 4t PBIAS-8232] 2 4L PBIAS=1348| 2 4 PBIAS-32.90)
7 Q o
g 2f 2 2 2 2t
(=} (=} =]
ST R VO O ol— |9, e
Loy T e P
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Elapsed time since start of injection (h) Elapsed time since start of injection (h) Elapsed time since start of injection (h)
14 DREAM 14 DREAM 14
DREAM
5L () NSE= 0.88 S (e NSE= 0.80 LD NSE=091
~12r RSR=0.35 ~12F RSR-0.33 ~12F RSR=0.30
= PBIAS=10.65 "-,; PBIAS=8.05 ""E PBIAS=13.51
=10 MH E10F ™ MH E 10 MH:
2 NSE-0.83 '~‘-:_0 al NSE=0.77 2 NSE=0.79
= 8} RSR=0.41 = 8t A W \a RSR=0.48 = 8 RSR-0.45
= PBIAS=18.92| . \ PBIAS=16.56| = PBIAS=21.50
=] GA S L \ A k= \
= 6 NSE=0.56 B 6 \ NSE-028 -] 6 Ve NsE-0a1
= RSR"["‘; | E \ RSR=0.85 = 1 '\a Rsr-033
= 4 PBIAS=3545| 2 4| \ PBIAS-3357| & 4 . PBIAS=37.50
54 3 \ 3 v
s 2 s 2F \ s 2 A
=] c \ =}
S| S—— — ©ool—o S o] S —
P A T o
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 4 0 5 10 15 20 25 30 35 40
Elapsed time since start of injection (h) Elapsed time since start of injection (h) Elapsed time since start of injection (h)
4 Observed data DREAM simulated data MH simulated data =-=-=- GA simulated data

Fi gbb9Reeconstructed time series of pollutant ¢
field tracer casemondeoricogdsitien F4) a1t heb)
and (f) S6
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14 14 14
DREAM: DREAM: EAM:
L@ NSE 062 L@ NSE- 061 LLO NSE2 Do
RSR~0.62 — RSR=0.31 —_ B RSR~0.24
PBIAS=-10.14| "'E PBIAS=-13.28 ME PBIAS=-6.32
10 | MH: \&10 - MH £ 10 ME:
ry NSE=0.51 2 NSE=0.86 °=E NSE=0.90
g RSR=0.70 = gt RSR-0.38 = gl RSR=0.32
R A PBIAS=-1148 PBIAS=-14.63| = PBIAS=-747
6 NSE-0.47 £ 6r Ner £ 6f :
e 4 = NSE=0.84 h =1 NSE=0.88
A RSR=0.73 & =
4r a ‘ PRIASSILIY 4 PRIAS- 1427 £ 4t PaIAS-.7.09
L
2k A 4 2 2f 2 2f
A (=} o
0 |—— — Coo— — © g l——— -
T P R P T
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Elapsed time since start of injection (h) Elapsed time since start of injection (h) Elapsed time since start of injection (h)
4 Observed data DREAM simulated data MH simulated data —-—-—- GA simulated data
. - . .
Figbhfr®®econstructed time series of

f

14 14

DREAM: DREAM E
NSE= 0.98 12k (e) NSE= 0.88 12 _(f) [1\)":;2'6[91
RSR=0.13 —~ RSR=0 35 —~ RSR~0.31
PBIAS=0.57 ""E PBIAS=-229 "“E PBIAS=3.74
MH: S 10+ MH = 10+ MH:
NSE=1.00 %-'D NSE=0.78 é NSE=0.82
RSR=0.06 = 8t RSR=047 — 8+ RSR=0.42
PBIAS=091 = PBIAS—192 = PBIAS=4 04
GA: 5] A =] .
NSE-0.97 b= 6r E:A;rqj 62 = 6 g;‘\F:u 68
RSR=0.17 = RSR=0.61 5 RSR=0.57
PBIAS=116 | = 4 F PBIAS—163 | = 4F PBIAS=422

3 3

£ 2F 2 2F

=] =]

S [ — — [ RT) S — N
L I 1 1 I L 1 1 1 L L 1 1 L L L 1 1 L 1 1
0 5 10 15 20 25 30 35 40 0 5 _lO 1_5 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Elapsed time since start of injection (h) Elapsed time since start of injection (h) Elapsed time since start of injection (h)
4 Observed data DREAM simulated data MH simulated data —-—-—- GA simulated data
FigbtrBeconstructed time series of

f

Concentration (ug/m*)

Concentration (pg/m’)

el

Concentration (pug/m*)

Concentration (pug/ m?)

el

14 DREAN 14 b DREAM: 14 © DREAM:
oo NSE= 093 NSE=0.74
12 RSR=036 ~ 12 L(b) RSR=027 ~12r RSR=0.51
PBIAS=-19.78 r'-E N PBIAS--10.51 ’*-E PBIAS=-14.54
10 MH 10 MH: =10 MH
NsE-0s1 ? I\ NSE-0.88 @ NSE=0.65
. o RSR=0.34 RSR-0.59
8 PBIAS=2695| 8 A PBIAS-1231 = 8 PBIAS=-16.23
GA: 2 [ GA: .2 GA
6 NSE=0.79 = 6 A NSE-0.87 = 6 NSE-0.61
RSR=0.46 £ RSR—0.36 = RSR=0,62
4 PBIAS=-28.86 z 4+ 4 PBIAS=-15.29] = 4 PBIAS=-16.01
Al
2 2 2t 22
5 =}
0 —_— | © o S— e
P T S L ) . L L P ) P L R
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40

Elapsed time since start of injection (h)

Elapsed time since start of injection (h)

Elapsed time since start of injection (h)

poll utant

d tracendcasenulrm@emat the monitoring si
and (f) S6
AN, 14 DREAM: 14 © DREAM
RSR-033 ~ 12 P ~12F RER=06
PBIAS=23.28 "-E PBIAS=13.25 "‘E PBIAS=-085
MH =10 MH. 10 MH:
NSE=0.81 ) NSt-o00 | 8D NSE-0.99
RSR=0.44 23 RSR=031 =g RSR=0.12
PBIAS-3147 [ PBIAS-17.62 [ o PBLAS-0.98
GA: g 6 GA: =S GA:
NSE=0.67 = NSE=0.83 = NSE=0.94
RSR=0.58 =i RSR=0.41 = 2
PBIASS4L28| = 4 PBIAS=2287| & 4 PBIAS=3.60
: ' 2
22 i s 2
S : S
——— S ) — Yo _—
1 1 1 1 1 1 1 1 1 1 1 1 1 1 L 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 3 40

Elapsed time since start of injection (h)

Elapsed time since start of injection (h)

Elapsed time since start of injection (h)

d

tracendcasenulr@ent

and

(f)
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f

14 @ a DREAM: 14 DREAM: 14 © DREAM
SE= 0.84 SE-0.92 NSE- 0,99
12 RSR-0.40 12 ReReton ~12F RSR=0.09
“= PBIAS=28.54 "'E PBIAS=15.73 "‘E PBIAS=-0.08
£ MH: =10 MH. MH:
&n s )
2 NSE=0.80 D NSE-0.90 o NSE-0.98
= RSR=0.45 = g RSR=031 = RSR=0.13
= PBIAS-31.63 | 2 PBIAS=1736 | o PBIAS=0.59
2 GA: S & GA =] GA:
£ NSE=0.96 = NSE=099 = NSE=0.81
E RSR=0.19 = RSR=0.12 g SR-0.43
= PBIAS=-491 | = 4 PRIAS=223 | B PBIAS=-4.40
L7 (7] 5]
2 2 o
e = 2 =
(=] [=} =]
O e O Y o] e
oy e oy
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Elapsed time since start of injection (h) Elapsed time since start of injection (h) Elapsed time since start of injection (h)
14 14 14
DREAM: DREAM DREAM:
1l (d) NSE-= 1.00 12 Le©) NSE= 0.52 12 LM NSE= 0,85
o~ RSR=0.07 o~ RSR-0 .43 —~ RSR-0.38
"E PBIAS=0.51 "‘E PBIAS=-234 "‘E PBIAS=3.67
Z10 MH: S 10F MH: <10k MH:
2 NSE=1.00 g NSE=0.78 2 NSE=0.82
g RSR=0.03 = gl RSR=0.47 = 8t RSR=0.43
= PBIAS=0.55 = PBIAS=-229 | PBIAS=3.70
2 GA: 3=} L GA: e L A
= 6 NSE-0.70 = 6 NSE=0.96 =] 6 NSE=0.98
{1 RSR=0.5% = RSR=0.20 = RSR=0.15
= 4 PBIAS=-006 | = 4 PBIAS=295 | & 4 \ PBIAS=3.26
8 3 3
= 2 c 2 = 2F
c S s !
] 0 Q 0 — o [| )] E——— 3 ———
A P S P
0 5 100 15 20 25 30 35 40 0 5 0 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Elapsed time since start of injection (h) Elapsed time since start of injection (h) Elapsed time since start of injection (h)
4+ Observed data DREAM simulated data MH simulated data —-—-—- GA simulated data
Fi gbtrBeconstructed time series of pollutant
el d twnadceerr ccoanscei ti on F4 at the monitoring
and (f) S6
14 A DREAM: 14 DREAM 1 DREAM:
(a) NSE=097 NSE= 0,99 NSE= 0,92
— 12+ RSR=0.18 ~ 1 RSR=0.11 ~ 1 RSR-0.27
e PBIAS=7.91 "E PBIAS=7.19 "'E PBIAS=-0.40
2 ey | 2 W |2 A
NSE=0.82 SE=1 NSE=0.
3 RSR-042 | Rsr0d | = RSR-0.13
p PRIAS-3245| = PBIAS2055| = PBIAS=4.16
=] )\;:b ; e GA: _g GA:
E RSR-0is | B Rsron | B RSR-0.16
= PBIAS-34.75| = PBIAS=2194] & PBIAS—4.88
[ L Q
o Q 2
(=3 = =
S S S
o e o e &) e
1 1 1 1 1 1 Il 1 1 1 i A 1 1 1 L 1 1 1 1 1
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Elapsed time since start of injection (h) Elapsed time since start of injection (h) Elapsed time since start of injection (h)
14 14 14
NSE- 0.8 (e) e (f) ngm
SE= 085 M - NSE= 0,98
f‘\lz RSR-0.39 f‘-lz RSR=0.13 r\lz r RSR=0.13
"E PBIAS=2.91 r"E PBIAS=0.11 E PBIAS=6.09
‘Snl(] MH: -&10 - MH: = 10 - MH:
2 NSE=0.99 = NSE=0.79 = NSE=0.81
23 RSR=011 | = g} RSR=046 | = § | RSR=0.44
p PBIAS-325 | = PBIAS-0.50 | = PBIAS=6.29
=] GA: 2 L GA: e L GA:
= 6 NSE=098 5 6 NSE=0.75 = 6 ! NSE=0.77
£ RSR=0.13 £ RSR=0.50 = ! RSR=0.47
c 4 PBIAS=3.18 | = 4} PBIAS=0.4 | E 4T i PBIAS=6.20
3 8 8 /,
e 2 s 2F s 2| i
5] 5] S
Oy — [T — — [ S —
P R P R PR
0 5 10 15 20 25 30 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40

Fi gbhr®Beconstructed

f

el

35 4
Elapsed time since start of injection (h)

4 Observed data

d tuwnadceerr

DREAM simulated data

ccoansdei t i

Elapsed time since start of injection (h)

on F5
(f)

and
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Elapsed time since start of injection (h)

at
S6

t he

MH simulated data =-=-=- GA simulated data

t icomeentsatomsifrarsdifferdnt models foh € a n t

monitori

ng

c

S
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FigbtrRBeconstructed time series of pollutant <c
field ¢eraceer cagsndition F6 at the monitoring
and (f) S6

5.4 Discussion

I n the present study, we -bias€@St iagpgureud wh et h
accurately identify point pmolilnutriiovrers auwrcd el nw
t he DRPBEAS&BRIS apwr bhc tbhaes eMIiH -B a dGRESA a p p,r owaec haepsp | | e
the three models in a hypothetical case with
results deimscevstgrpaeambbeérs could be deter mi nec
bas@RIS appnobohh cases. | -b a a@RIS t a pjng 8 a shheg ND RFE Acl
advantages over the other twbiebdetsaceaer soase
comped with the findings of a si mi-dh ag@RISt udy
approachhishhoswtsudetter performance in accurate

because the DREAM gplagarliltethmycamul ti pl e chains
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