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Abstract

Biophysicochemical processes in water environments and treatment systems have been great concerns of
engineers and scientists for controlling the fate and transport of contaminants. These processes are practically
formulated as mathematical models written in coupled differential equations. However, because these
process-based mathematical models consist of a large number of model parameters, they are complicated in
analytical or numerical computation. Users need to perform substantial trials and errors to achieve the best-fit
simulation to measurements, relying on arbitrary selection of fitting parameters. Therefore, this study adopted
a Bayesian calibration method to estimate best-fit model parameters in a systematic way and evaluated the
applicability of the calibration method to biophysicochemical processes of water environments and treatment
systems. The Bayesian calibration method was applied to the microbial growth-decay kinetics and
flocculation kinetics, of which experimental data were obtained with batch kinetic experiments. The Bayesian
calibration method was proven to be a reasonable, effective way for best-fit parameter estimation,
demonstrating not only high-quality fitness, but also sensitivity of each parameter and correlation between
different parameters. This state-of-the-art method will eventually help scientists and engineers to use complex
process-based mathematical models consisting of various biophysicochemical processes.
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1. Introduction
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2015). ©hE dEM, E37 9 FALZEANA =
A g @l distd, dA AMA A 2 (Population
Balance Equation, PBE)S &&3l9 E34d FHdx 4
TS dERGEA JdHY Fod RARE FHAstA
t3 ITHKim and Lee, 2020; Lee et al., 2011). o]} Z&
874 9 FAABY A2 A GL@ =o] olF
M, 1 2% gge £ A2 mde] A, #8)

f

ko2 o
20, ¥y 7
Tl b

=

3

AL

o
R

oft rlo ofr o rH
N g

ofN rE 2 2

ota] o mddt oA, 28 2+
9l
L

2
MAHY S vES dold 7w
o
AR

i kD
dr gg 0N
&

T

i/

2da2x BE-Ed-53E (T
71WhskA g, b Z22 Y58 vlolE
25 U ol
dojuks MAYUSFE oFaA AN E, FEF HolH

= b o i o

18
o
2

2 gg N
N
=
o
il
=)
&
il
£
N\
ol
rir
td
1,
9
v
¥
>
),
@,

=
JuHoz, Holg sw AFAS /WL dolee A3,
FH 7122 FusA RaE FAY A% ARE 2T 5
gk g B0, SeAYF £AUA% A B 7]

T
0] SASHA v, A 34 d5e

% dol
7 Q1345 7189 B8l Al 9 & Atk 34
W, E-2e-2t8 3P(1Y) FAF NN 2944 A5
e, 2d PR3 9 #3 Holy ool 24 gow,
HFEACAD EDZA dolHs FHaA SYHow
758 & 9o

598 W F3a mde o5 dold.2d ¥

(Fitting) WA RS E 7HAH o5 wi7fds7t 2d
Z 275 AR, A8 AESE FHHoE, o
SHA 2bgstel mdof wigateiop ek skAIRE the w
NAFE 27 44 G2 FY9olH, -2 AHEAE 3
S g R JogHoez rd wiHsE At st
SHAFE AlEHIAE AT ASM 22 30
~40071 9] WSS THAH, AHEATL B WSS
Yoz AEsr7b 4R LHGujer et al, 1999;
Jeppsson, 1996). H Ttk wi/ld H7F 7EEo] AL
HRou, 2 AFlAs AF JF vz FrHET ofY
g, w7 AEEA 9 vz dst] o2 24 Al

=2 v

2B EASS|X| H40H H45, 2024

Zr=(Sensitivity)7hA] 871 7Hegt o)A <t H Y (Bayesian
Calibration) 71"8& ¥ 39 th(Vrugt, 2016; van Turnhout
et al., 2016).

Hol At B 712 Bayes JE 7Iutet wiAES &
B9 FAA FTHoEHN, A dolEe Bd FH 3t
A H3 ESE &S Wolxt P AY dof
et S w5 A B E(Prior Distribution)E 7]t
© 2 &g (Likelihood Function)g AAgtozx w7l
F9 EFZAEES et wiHSFe  ARFEE(Posterior
Distribution)E Al XH3CH(Vrugt, 2016). WEkA], Ho] x| ¢ B
2 71HE AR-dER T HH JF 7€ E wEsE v
o WHs FPYAES S, YutHeE widse
I8 AN G488 xS AEE FE7t
Hrh wolX et BF 72w B84 E FE
2d(Hydrological Model)ol T2 &&= L™ (Vrugt,
2016), £ B2/ 93 =mde] A& vk ATKvan
Mourik et al., 2014; van Turnhout, 2016). % 2 A E/A &)
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2. Materials and Methods
21 $MEHR SSAYDIME ME-AE 595

sl E3¥ Readily Biodegradable COD (RBCOD)$}
steAE] AlaE @hEHAY S HAE EEs BF
EAE st HAE Ad-AE 598 A3 (Microbial Growth
Kinetic Test)S Fd3FHATHChoi et al, 2017; Lee et al.,
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FE E§359 3 L &4 (Batch) ¥+-7]9 Fo & AF &
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(a ) Batch test for microbial growth kmetlcs

(b) Monitoring heterotrophic oxygen uptake rate
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Fig. 1. (a) Schematic diagram of a batch test for microbial growth kinetics, and (b) Experimental results obtained from the batch
test (i.e., changes of nitrate and nitrite concentration and oxygen uptake rate). OURy indicates total oxygen uptake rate.
OURy and OURy indicate oxygen uptake rates by nitrification and heterotrophic microorganisms, respectively.
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(a) Batch test for flocculation kinetics
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Fig. 2. (a) Schematic diagram of the batch test for flocculation kinetics and real-time measurement of floc size distribution,

(b) Experimental results obtained from the batch test (i.e.,

mean diameter and volumetric fraction of flocs).
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pm o2 gt Wkt SH 9% 492 Yt
= ¢ sz FHit Y= A 7]|(LISTT-200X,

2
Sequoia Inc., USA)E 6mm FE& FFHZZ AZs9 &

g Y EXE A #55ATHFig. 2a). LISST-200X
P= BEA7)E Mie 2 o] o) 7198l oA}t 5
Aol #28 o dEEE 48 BAsY JEEEE AL
At AHEAN, & A7Y AE5F S E(Flow-through) &
29t AAE W 30x FELE SR U YEEES BS
stk dgde) dA =7 & FE, A d=E
q71e HolA AR THA 99 2LF7F BASER, 2
AT FEA Fgdo BEE 012 gLo® Attt
F3E AR BXE 3 598 29 T2 FH5EPA $
AA B AFOpT 9 Be(Vpe I, 3 59
g 2d7 wolxet B 7Y HEY Hrbol E8FHAG

23 BMERIR SRYUYNINE ME-AIY S5 oY

2 dA79Y A=TH FF0S) 59l oS HolR <t
23 71 A8 HUME $Is5te], ASMI1 (Activated Sludge
Model No.1) B2de] 7]0lgt 5714 4GS E 4T &
Q5 nd & 283519 tH(Henze et al.,, 1987; Jeppsson, 1996).
ASM1 5717 P8 E 4% 93 2942 Monod E}S] 22
£ 722 HY JEEE A bxs 45E e 4%
983 12 94 FHY HAAE AFE(AHEE) &9
072 FAHH(Equation 1), HAE 7|2 (Ho)2 WA
3] 5] = Readily Biodegradable COD (RBCOD)$}t =2 A
== Slowly Biodegradable COD (SBCOD)Z T4t
(Equation 2~3). 3], SBCOD+E " E 7}=&3](Hydrolysis)

M Mr Lo

£

2d2 7+ 5714 "AE, RBCOD, SBCOD®] tgt 41§
nE23gs dHE FE9EH, AR E(Oxygen Uptake
Rate; OUR)Z Al2HY HH WX AEd ¢ Aok
(Equation 4). =71/ "AE HF 939 A2
2 Matlab (The MathWorks Inc., USA) W &3d+E &85
o AEHAoH, wolxet B 7HF dAStH v 2l
WS 2ol dste] AYEGEA S HEHe R A4t
st 57148 vAE 3 T8 A-VEEEA ALt
< 9% Matlab ZE+= Appendix 1~39] FE3}% )

LT 1
dr _/‘HKSJrss 1~ Orm (D

dSS _ 1 59 ()(S/XH)

- = = +

@ v, R s g o x,) e &)
e (X,/ X))

a —<1*fp)bHXH*ka 7 (©)
o 1-Y, Ss

@ OB Ty g 15 e )

A7NA, Xy = 271 PIAE BE (mgCOD/L), Ss =
Readily Biodegradable COD (RBCOD) &% (mgCOD/L), Xs
= Slowly Biodegradable COD (SBCOD) 5%, Yy = 712 9]
BA Age (), w = AW BZFEE I (d), Ks =
RBCOD 3} w23}l 44 (mgCOD/L), ky = 7583 &=
4 (/d), Kx = SBCOD &3 ¥r¥3}t &< (mgCOD/L), f, =

g o5l 43

d £%< RBCODE W&HH yuAs &
Tl Eds MAHe Aoz /P M2 88 59 714 mAE ATHE]

SBCOD 7}l mE GRAEdEd A&E (), b= &

A5 (W), 0 = $EV: BE

Table 1. Variables and parameters of ordinary heterotrophic microbial growth-decay kinetic model categorized for purposes in
numerical simulation and fitting analysis (Lee et al., 2014)

Category Symbol Definition Text in the code* Remarks
Xu Microorganism concentration [mgCOD/L] y(1)
Dependent variables Ss Readily biodegradable COD [mgCOD/L] y(2)
Xs Slowly biodegradable COD [mgCOD/L] y(3)
State variables OUR Oxygen Uptake Rate [mgO/L/d] OURate Data for fitting analysis
Xio Xy at =0 [mgCOD/L] yo(1)
Initial conditions Sso Ss at =0 [mgCOD/L] y0(2) Fitting parameters
Xso Xy at =0 [mgCOD/L] y0(3)
V7 Max. specific growth rate [/d] mu_h
Ks Half saturation coeff. for growth [mgCOD/L] ks i
Kinetic parameters kn Max. specific hydrolysis rate [/d] k h Fitfing parameters
Kx Half saturation coeff. for hydrolysis [-] k x
by Heterotrophic decay rate [/d] b h Fixed parameters
Stiochiometric Yu Heterotrophic yield coefficient [-] y h )
constants A Biomass fraction yielding fragments [-] fp Fixed parameters

* See the numerical code in Appendices 1~3
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(mgO/L), 283 OUR = {}FA&AEE (mgO/L/d).
ol xS Bg 71 A& Al WA A
FrBES A2 FE(OURy) HlolHE
At e W dEadeH, HAE 4T F
NS 47 (ww, Ks, kn, Ky) 2B 2 S5HESF
N Xer0, Ss0, Xs0)E Hlo1E-E2 g FH(Fitting) Al
Aok HABE AME 95 AT by 2 SSFSFE AT Yy f,
T Bg440] ZA gorw ASMI EdoA AAA diE
%£(0.62, 0.67, 0.08)& AH&3tATHHenze et al.,, 1987; Lee et
al., 2014) (Table 1; Appendix 2).

24 S8 s9st 2H
2 d79Y 83 TS sl dig wolxet 2
71 AL B7HE 9ske, o] (Two-Class) &3 &<t

2dS A 859 HLee et al, 2011). E3AA AA 1B}
EZ(EPS) WAHE S8 &3 (Floccul) &5 Al(Floc)
ol YEREE FHste ALeZ gEA JHKim and
Lee, 2020; Lee et al., 2012). WehA, 2 A3= 970 13
H(~5 pm)S 713 SH Y (Flocculi)®} WK et= 42
< 7FA(10~500 pm) SHA(Floc)Z TAE olZH A=A
AZFA2(Two  Class  Population
TCPBE)E AE3I9 . TCPBEE 33 &=(dNp/df), 3
A EE(dNpd) 2 E5° 2%d SAHAY T FE(dNydr)
9] A1t HEE S d3Ese A7 PEYE guz 2499
ThEquation 5~7). TCPBE+ S8 A4 2%" S F
NOE S3A 27 ARZE AMESALH, TE HE AR
(A SHA % T4 FF@apol He AL S FA A
H(6) 9 SFA 2719 B F4 & AL TH(Equation
8~9)(Burd and Jackson, 2002; Lee et al.,, 2011). TCPBE €1
Yol Eug A& Matlab (The MathWorks Inc., USA) W2t
TE &3t HAEHIoH, wolX et Y 7 AA )
& 2d s 23] uiste] dYuEdEAs v
o2 A4EI4 T TCPBE Ay m &g Alxte 9%
=X Appendix 4~6° F289th

Balance  Equation;
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i ook ofp
o

L

M

dN, 1 N,

dr :7§aPPBPPNPNP N1 —app BppNpNp+ fNpap Ny
(5)

WNe_1, BNy Ny| ) L B NN+ apN,

—== — = a

di 2 4rr Pep N Np| N | g e Prr N e T e
(6)

diNP:la BooNoNo| ——|+app BowNoNo— fN-anN,

dr 2 @rp Pre P p| Ny 'pr P ppiVpiVp cApiVp
Q)

_1 3
b, =5 (D+D)G (®)
Dp—Dp nG |\
a.=E 9
F b# DP E//DFZ ( )

4714, DpSt D 47 S0, $AAY B 482 1
Btk = SA el o 448 SRR Baol
arr, aor, s A% SRA-SHY, SHA-SHA, SHA-
SAA 35 A A% RAUE 33 28 YEin, Qv
Moz md BY WAUSE ASEL FE UE A
£ A dRel BE A $EY FES Uehiv, ol
A iskje SRAP) B SAAME YT B $7
A H3 Bt T, 4k AAY A AE, G AT &
5 R $AA A FE, psh gt AgH oz 299 3

s

o 9F YHE SHA BE&(NS volE-Ed I miAEs
2 834k ol dEo, A 27| FHEE(Vr)S
Ag-2d HF wiHFE &835t9 TCPBE AH W27
219] Z71ZZAWNpo, Nro, Nro)g AE3SH9GtHTable 2;
Appendix 5). B&AHgo] HlnF Z2 & 9% AESF
Fe 7€ 39 dERHL0x10')E HE&IFRoH
(Winterwerp and van Kesteren, 2004; Lee et al., 2011), ¥
Z A 58 2 4A 54 WHHFES I 2 433w
= 1.0x10%, G = 95, Dp = 5.0x10°, op = 2500, Dry =
15.0%10°, Cpass = 0.12)2 Z-E31R tHTable 2).

25 Hlo|X|et BN 7™

wo]Z ek Bg 72 oA ¢t FE(Bayesian Inference)
£ 7vtete SEE4 volH-Ed B UHoEN, #F
dole-2d A3 3+ HA B (Fitting) I/ARTE $EEH
o2 FEst= dEolth HolX e B JEE gzl v o]
HE 7[We=E mx9 A% BXE FEss dHEH
(Equation 10). ®o]X| ¢t B8 7| HMAYE EEe 43 &4
£ AYY ¢ doen, A BG4 B FHE F de

FAE 7K Beckers et al. 2020).
PX | y)=Px) - X1 ) (10)

2 dFddAME HeolAS F2& 7|¥e R st DREAM
(Differential Evolution Adaptive Metropolis) &~ZE¢o]
7] A (https://faculty sites.uci.edu/jasper/software/) &  AH&3}¢]
s 4F-AME 9% 9 34 593 2d wiHeE
FAsATh wolxX ¢ BE 9 Ad= A 2 #F volEo
st = H 3 (Fitting) "I7AM T BEdAEE WYty

W/l A SE EXE Uehd $ ok miEse)
AR BXE A 29 AF/AZE dolE(eg., PIME A%
A F9st A A4S FE, S 59 499 F
A 27l 2 EHE 2t WA GENE) FFEF
H AbEth £ AT wolAQt BF e A& =3
S FAoH, QA 85 g FS DREAM TRt
S AF=Fo FEHA ATHVrugt, 2016).
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Table 2. Variables and parameters of the two-class flocculation kinetic model categorized for purposes in numerical simulation

and fitting analysis (Lee et al., 2011)

Category Symbol Definition Text in the code* Remarks
Np Number concentration of flocculi [/m’] y(1)
Dependent variables Np Number concentration of flocs [/m’] y(2)
Nr Number conc. of flocculi bound in flocs [/m’] y(3)
. Dy Mean diameter of flocs [m] fdia Data for fitting
State variables . .
Vi Volume fraction of flocs [-] ffrac analysis
Npo Np at t=0 yo(1)
Nro Nr at t=0 y0(2) Dependent on V5
Initial conditions
Nro Nr at t=0 y0(3)
Vpo Volume fraction of primary particles at t=0 [-] pfrac_ini Fitting parameters
app collision efficiency factor of flocculi [-] alphal
arF collision efficiency factor b/t flocculi & flocs [-] alpha2
aFF collision efficiency factor of flocs [-] alpha3
ny Fractal dimension of floc [-] nfrac .
L . 05 Fitting parameters
Kinetic parameters E, Breakage coefficient [s~/m] brk _eb
Empirical parameter of breakage kinetics [-] brk p
q Empirical parameter of breakage kinetics [-] brk q
f Fraction of flocculi by breakage [-] brk f
Fy Yield strength of flocs [107°Pa] brk fy Fixed parameters
. “ Absolute viscosity of the fluid [N s/m?] mu .
Flow conditions . Fixed parameters
G Fluid turbulent shear rate [/s] shear
Dp Mean diameter of primary particles [m] dp
) ) ©op Density of primary particles [g/L] pdens .
Particle properties ) . Fixed parameters
Dry Mean diameter of flocs at t=0 [m] df ini
Crass Mass concentration of particles [g/L] pconc

* See the numerical code in Appendices 4~6
3. Results and Discussion

31 &M H&h ooy

A9 wolAe BF 7|2 DREAM £ZE¢]
(Vrugt, 2016)E AH&st1om, 5483 DREAMys, &3]+
S AHgste 3 ZE wiEs FF s Fig. 3(a)¢t 2
©], DREAMys, €a8]E2 §E A4 (Parallel Computation)
S &8st 18] ALt iAol YA 370 wiAEs 2
Hste] AlEHOIAS BAlM TPt A4 AZbS DE35
Atk Zk Fab ALt wR Y A4 ARE utg R HH HE
o o T MiNETE EEsle] $& At E8IEZE,
AlEH oA AR7E AXH R HAH FP =LsA Atk
A7) P AE ZF-AME 598 Xy WA
1,0003] A4 WX £ F HA3EA 49.2 mg/Loll =3t
RO 2 YeElth(Fig. 3a). T3, A4 w7 1A= EA
ol WHAkeHA @il Qg stEl = of F(Convergence)E &
@5t7] 915k R-diaganostic UAME nlgo=z ZFHT
(Gelman and Rubin, 1992). & AT #AE JF-AE 59
g HAESY 79, 12,0008 At wiA F Pt mEst
= o2 YeEthFig. 3b).

T FH gie|E

S2orr ool

L
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32 0|ME MA-AIH st
nAE JA-APE 595 vl X APS S5t Y55 4t
23 EE(OUR) FAL Fig. 4 Zo] Yeluy, Ad%7] 57]

Bl RBCOD #3l7F S55 & AlAe OURC| F43] &
gst, o]F SBCOD ¥ WAE A/Es|(AFE)el whet
OUR®] ¥ atA fA=E AT 7RItk HAE 43-AE
5938 2439 ojg 2L OUR H3l AFS &85ty &<
o £3H RBCOD HE=(Ss50)E AT + o 24
£#A Y 57148 PBE FEXy) At 28 ot
(Lee et al., 2014; Wentzel et al., 1995).
71£9 RBCOD ¥ 2714 "AE 5% A
Wy A s}, A dolge AYgstd 2dg
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Fig. 3. (a) Trace plot of sampled values of a fitting parameter (X of the microbial growth-decay kinetics), and (b) Evolution
of the R convergence diagnostic of Gelman and Rubin (1992).

Table 3. Prior distribution and posterior mean of model-data fitting parameters of microbial growth-decay kinetics used in

Bayesian calibration

Parameter Definition Prior distribution Posterior mean
V7 Heterotrophic max. specific growth rate [/d] [0.1~10.0] 4.98
Ky Half saturation coeff. for heterotrophs [mgCOD/L] [0.001~0.10] 0.047
kn Max. specific hydrolysis rate [/d] [0.1~10.0] 5.61
Ky Half saturation coeff. for hydrolysis [-] [0.05~5.0] 3.09
Xuo Concentration of heterotrophs [mgCOD/L] [1~100] 49.2
Sso Readily biodegradable COD [mgCOD/L] [10~100] 70.6
Xso Slowly biodegradable COD [mgCOD/L] [50~500] 322.8
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Fig. 4. Time series of oxygen uptake rate measured (dotted),
best-fit simulation (red line), and 95% simulation
uncertainty intervals due to total uncertainty (gray

band).
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Table 4. Prior distribution and posterior mean of model-data fitting parameters of two-class flocculation kinetics used in

Bayesian calibration

Parameter Definition Prior distribution Posterior mean
@y Collision efficiency factor of flocculi [-] [0.0~0.25] 0.008
arr @FF Collision efficiency factor of floc [-] [0.0~1.00] 0.997
ny Fractal dimension of floc [-] [2.0~2.6] 2.37
E, Breakage coefficient [s"*/m] [1.0x10°~7.5x10™] 4.0x10°
p Empirical parameter of breakage kinetics [-] [0.1~2.5] 0.828
q Empirical parameter of breakage kinetics [-] [0.15~1.5] 0.265
f Fraction of flocculi by breakage [-] [0.0~1.0] 0.009
Voo Initial volumetric fraction of primary particle [-] [0.5~1.0] 0.920
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Fig. 7. Histogram of posterior distribution of flocculation kinetic parameters used in Bayesian calibration and correlation plots
between different parameters.
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Appendix 1. Script for connecting the microbial growth-decay kinetic model and DREAM software

I T T e e T T
% Bayesian Calibration of the microbial growth-decay kinetics, with the DREAM software

%

% 2024.01.15 at Sanglu, Kyungpook MNational University, written by BJ Lee

% Connecting the microbial growth-decay kinetic model and DREAMIc) software (lasper A. Vrugt)

% Reference:

% Vrugt J.A (2016) Markov chain Monte Carlo simulation using the DREAM software package:

% Theory, concepts, and MATLAE implementation,

% Environmental Modelling & Software, 75, 273-316.

I Y, p pyppinirpiine s i i -  -::s E;iii’ iiiio ’™’;iviyviiiiinanniihisu
%% Problem settings defined by user

DREAMPard = 7, % Dimension of the problem

DREAMParlik = 11; % Likelihood 23 (limits of acceptability)

%% Initial sampling and parameter ranges

Par_info.initial = 'latin’; % Latin hypercube sampling

Par_info.boundhandling = 'reflect’; % Explicit boundary handling: reflection

9% mu_h ks kh |kx XHO Ss0 ¥s 0

Par_info.min = [0.10 0001 010 0030 1.000 100 50.00; % Lower bound parameters

Par_info.max

(10.0 0100 100 5.000 100.0 1000 500000 % Upper bound parameters

%% Define name of function (im file) for posterior exploration
Func_name = 'OHCKkinetics_0D_Increment’;

%% Load calibration data vector (summary metrics with which simulations are compared)
MeasData = csvread( batchtest_results.csv');
Meas_info.Y = MeasData(1:end,2);

%% Optional settings (limits of acceptability)

options.parallel = 'yes'; % Run each chain on a different core
options.save = 'yes’

options.restart = 'no’;

Seoptions.modout = 'yes';

%% Define method to use {dream’, 'dream_zs','dream_d’,'dream_dzs'}
method = 'dream_zs;
switch method

case {'dream’, 'dream_d'}

DREAMPar.N = 10; % Mumber of Markov chains
DREAMPar.T = 200; % Mumber of generations
case {'dream_zs', 'dream_dzs'}
DREAMPar.N = 3; % Mumber of Markov chains
DREAMPar.T = 5000; % Mumber of generations
end
if stremp(method,'dream_d') || stremp(method,'dream_dzs")
Par_info.steps = 200%ones(1,DREAMPar.d); % Mumber of discrete steps
end

%% Run DREAM package
[chain,output, FX,Z logl] = DREAM_packageimethod Func_name DREAMPar,Par_info,Meas_info,options);
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Appendix 2. Function for integrating the microbial growth-decay kinetics

function [ OHO_simdata ] = OHCkinetics 0D_Increment(x)

% Function of integrating the microbial growth-decay kinetics

%

% 2024.01.15 at Sanglu, Kyungpook Mational University, written by BJ Lee
% Mumerical Integration the microbial growth-decay kinetic model

% Reference:

% Jeppsson, U. (1996) Modelling aspects of wastewater treatment processes,
% PhD Dissertation, Lund Institute of Technology.

% ODE TCPBE Master

% Qrdinary Heterotrophic Qrganisms (OHQ) Kinetic Parameters
prOHO.mu_h=x(1); prOHO.k_s=x(2); prOHO.k_h=x(3); prOHO.k_x=x(4);
prOHO.b_h=0.62; prOHO.y_h=0.667; prOHO.f_p=0.08;

% Initial Conditions
yO = [x(5); x(6); x(7)];

% Time steps to print out
MeasData = csvread(batchtest_results.csv'); % OUR_H data from the batch respiration test
ts_obs = MeasData(1:end,1);

t = linspace(0.0,0.375,10000);
t hour = t*24.0;

% ODE4 calculates the solution, based on a fixed time step.
% ODE4 can be found in the MATLAB “File Exchange”.
y = oded{@(ty)ODE_OHO(ty,prOHO),t,y);

% ASM1 Model, assuming that SBCOD is hydrolyzed and topped up in RBCOD
OURate = ((1.0/prOHO.y_h-1.0*prOHO.mu_h*y(;, 2)./(prOHO.k_s+y(:,2)).%y(, 1))./24.0;

OHO_simdata=zeros(size(ts_obs,1),1);
for i=1:size(ts_obs 1)
[d ix] = min{abs(t_hour-ts_obs{)));
OHO _simdata(i)=0URate(ix);
end

Appendix 3. Function of the ordinary differential equations of the microbial growth-decay kinetics

function dydt = ODE_OHO(ty,prOHO)

% Function of the ordinary differential equations of the microbial growth-decay kinetics
%

% 2024.01.15 at Sanglu, Kyungpook National University, written by BJ Lee

% Coupled ordinary differential equation of the microbial growth-decay kinetic model

% Reference:

% Jeppsson, U. (1996) Modelling aspects of wastewater treatment processes,

% PhD Dissertation, Lund Institute of Technology.

O — o o
mu_h=prOHO.mu_h; k_s=prOHO k_s; k_h=prCHO.k_h; k x=prOHOk x;
b_h=prOHO.b_h; y_h=prOHO.y_h; f_p=prOHO.f_p;

% ASM1 Model, assuming that SBCOD is hydrolyzed and topped up in RBCOD

dydt = [mu_h*y(2)/(k_s+y(2)*y(1)-b_h*y(1);...
-(1.0/y_hy*mu_h*y(2)/(k_s+y(2))*y(1)+k_h*(y 3)/y(1)/(k_x+(y(3)/y CIN*y(1);...
+(1.0-f_p)*b_h*y(1)-(1.0/y_h)*k_h*(y(3)/y(1)/k_x+(y(3)/y(1))*y(1)];

end
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Appendix 4. Script for connecting the two-class flocculation kinetic model and DREAM software

% Bayesian Calibration of the flocculation kinetic model, with the DREAM software

%

% 2024.01.15 at Sang)u, Kyungpook Mational University, written by BJ Lee

% Connecting the ch-ccula%c-ngkinetic model and DR i) software (Jlasper A. Vrugf

% Reference:

% Lee, BJ. et al. (2011) A two-dass population balance equation yielding bimodal flocculation of
%% marine or estuarine sediments, Water Research, 45(5), 2131-2145.

Tt _—
%% Problem seftings defined by user

DREAMPard = & % Dimension of the problem

DREAMParlik = 11; % Likelihood 23 (imits of acceptability)

%% Initial sampling and parameter ranges

Par_info.initial = 'latin’; % Latin hypercube sampling

Par_info.boundhandling = 'reflect’; % Explict boundary handling: reflection

% alphal alpha2 nfrac brk Eb brk_p brk_ g brk_f dfloc ini

Par_infomin = [5.0e-3 010 20 255 010 010 000 0500] % Lower bound parameters
Par_infomax = [50e-2 100 26 75e<4 150 150 020 0999); S Upper bound parameters

%% Define name of function (m file) for postericr exploration
Func_name = 'flockinetics 0D

%% Load calibration data vector (summary metrics with which simulaticns are compared)
MeasData = csvread(01MMNaCl_SmglXG_proc cutcsv?); 9 Temperature data are summary statistics

% Mormalization: Min ~ Max

MeasData?=(MeasData(1end 2)-minMeasData(1:end, 2))) /(maxMeasDatal1:end 2))-minMeasDatal 1:end 207);
MeasData3=(MeasData(1end 3)-minMeasData(1:end, 3))) /(maxiMeasDatal 1:end, 3))-miniMeasDatal 1:end 3)7);
MeasData_spacel = mean(MeasData2(end-4:end, 1))*ones 20,1}

MeasData_space = 0.5%ones(201);

MeasData_spaceR = meani{MeasData3(1:51))*ones(20,1);

% Combine the Nomalized TS Data
Meas_infoY = vertcaiMeasData2 MeasData_spacel MeasData space MeasData_spaceR MeasData3);

%% Optional settings (limits of acceptability)

options.parallel = "yes'; % Run each chain on a different core
options.save = 'yes|

options.restart = 'no’;

%% Define method to use {'dream’,'dream_zs','dream_d','dream_dzs}
method = 'dream zs'

switch method
case {'dreamn’'drearm_d'}
DREAMPar.M = 10; % Mumber of Markov chains
DREAMParT = 200 % Mumber of generations
case {'dream_z=','drearn_dzs'}
DREAMParM = 3; % Mumber of Markov chains
DREAMPar.T = 200 % Mumber of generations
end
if stremp{method,'dream_d) || stremp{method,'dream_dzs")
Par_infosteps = 200%ones(l, DREAMPar.d); % Mumber of discrete steps

end

%% Run DREAM Fack:age
[chain,output FX.Z logl] = DREAM_package(method, Func_name, DREAMPar Par_info Meas_info,options);
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Appendix 5. Function for integrating the flocculation kinetics

function [ floc_simdata ] = flockinetics_0D()

Function of integrating the two-class flocculation kinetic model

2024.01.15 at SangJu, Kyungpook Mational University, written by B) Lee

Mumerical Integration of the two-class flocculation kinetic model

Reference:

Lee, B.J. et al. (2011) A two-class population balance equation yielding bimodal flocoulation of
marine or estuarine sediments, Water Research, 43(3), 2131-2145.

QODE_TCPBE Master

Flococulatoin Kinetic Parameters

% Assuming that alpha2 (collision efficiency between floc & flocculi) is the same as alpha 1110
prRloc.alphal=x(1); prAocalpha2=prFlocalphal; prFlocalpha3=x(2); priloc.nfrac=x(3);

o T - S

prilocbrk_eb=x(4); prFlocbrk_p=x(5); priloc.brk_q=x(6); prilocbrc_f=x(7);
pfrac_ini=x(8);

priloc.df_ini=15.0e-6; prFloc.dp=50e-6; prFlocshear=950; priloc.brc fy=1.0e-10;
priloc.mu=1.0e-§; pconc=0.12; pdens=2300;

df_ini =prFloc.df_ini;
nc_ini=(df_ini/prFlocdp)* prFloc.nfrac
prtot=pconc/(pdens*1.0/6.0*pi(*prFloc.dp”3);

% Initial Conditions
y0 = [pntot*pfrac_ini; prtot*(1.0-pfrac_ini)/nc_ini; pntot=(1.0-pfrac_ini)];

% Time steps to print out

MeasData = csvread('01MMaC| SmglLXG_proc_out.csv’);

ts_obs = MeasData(1:end,1);
MeasData2=(MeasData(1:end,2)-miniMeasData(1:end,2)))./(maxMeasData(1:end 2))- min(MeasData(1:end,2)));
MeasData3=(MeasData(1:end,3)-miniMeasData(1:end,3)))./(maxMeasData(1:end 3))- min(MeasData(1:2nd,3)));

t0=0; tfinal=ts_obs(end,1); nsteps=tfinal+1;
t = linspace(t0 tfinal nsteps);

% ODE4 calculates the solution, based on a fixed time step
% ODE4 can be found in the MATLAB "File Exchange”.
y = oded(@(t,y)ODE_TCPBE(Ly,prFloc)t,y0);

ogffrac should be volumetnc fractionii!

fdia=iy(:,3)/y( 20~ (1.0/prRloc.rfrac). *prFloc.dp™1.0e6

fdia_m=fdia./1.0e8;

frac=(0.1667*pi*fdia_m."3).%y(, 2)./((0.1667pi0*prFlocdp® 37y(, 1)+(0.1 667=pi0~fdia_m. " 3).y £, 2));

9 Mormalization: Min ~ Max
ts_simData?2 = (fdiafts_obs)-min(MeasData(1:end,2))) /imaxiMeasData(1:end,2))-min(MeasData(1:end,2)));
t=_simData3 = (ffrac(ts_obs"-minMeasDatai1:end,3)))./(max(MeasData(1:end,3))-minMeasData1:end,3]));

t=_simData_spacel = mean{MeasData2{end-4:end,1))*ones20,1);
ts_simData_space = 0.5%ones(20,1);
t=_simData_spaceR = mean(MeasData3(1:3,1))*ones(20,1);

floc_simdata = vertcat(ts_simData2 ts simData_spacelts simData_space,ts_simData_spaceR,ts_simData3);
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Appendix 6. Function of the ordinary differential equations of the flocculation kinetics

function dydt = ODE_TCPBE(ty,prFloc)

O
% Function of integrating the two-class flocculation kinetic model

%

% 2024.01.15 at Sanglu, Kyungpook National University, written by BJ Lee

% Coupled ordinary differential equation of the two-class flocculation kinetic model

% Reference:

% Lee, B.J. et al. (2011) A two-class population balance equation yielding bimodal flocculation of

% marine or estuarine sediments, Water Research, 45(5), 2131-2145.

o
alphal=prFlocalphat; alpha2=prFloc.alpha2; alpha3=prFloc.alpha3;

dp=prFloc.dp; nfrac=prFloc.nfrac; shear=prFloc.shear;

brk_eb=prFloc.brk_eb; brk_p=prFloc.brk_p; brk_g=prFloc.brk_g; brk_f=prfloc.brk_f;

brk_fy=prFloc.brk_fy; mu=prFloc.muy;

%yp = [(1 - param.alpha*y@))*y(1); (-1 + param.beta*y(1))*y(2)];
dydt = [(-2.0/3.0%alpha 1*dp*dp*dp*shear*y(1) g(1)*((y'(3)f)-'(2})f((y{3)fy(2))—1.0})...
L 10/6.0*alphac (/3 yIA (T O/nfrac)+ 1.0y A5 0 dprdp dprshearty (1) y(2)..
+brk_f*y(3)/y(2))*brk_eb*shear*((y(3)/y(2))*(1.0/nfrac)-1.0)*brk_p...
*(mu*shear*(y(3)/y(2)* (2.0/nfrac)*dp*dp/brk_fy)* brk_g*y(2));...
(+2.0/3.0%alphal*dp J p*dp*shear*y(1)*y(1)*(1.0/((y(3)/y(2))-1.0))...
-2.0/3. O*alpha3*{y(3)fy(2})"‘(3.[},-'nfrac}*dp*dp*dp*shear*y{Z)*yQ)...
+brk_eb*shear*((y(3)/y(2))*(1.0/nfrac)-1.0)*brk_p
*(mu*shear™ y(3)g(2))"‘(2 .O/nfrac)*dp*dp/brk_ fy}"‘brk y(2));...
(+2.0/3.0%alphal*d *shear y('l)*y('l)*((y(3),’y(2)),"((y(3)fy(2})—'I 0))..
+1.0/6. O*alpha2*({y(3)fy(2))"‘(1.0,"nfrac)+1.[})"‘3*dp*dp*dp*shear*y{1}*y(2)...
-brk_f*(y(3) fy(2))*brk_eb*shear*((y(3)/y(2)) *(1.0/nfrac)-1.0) *brk_p...
*(mu*shear*(y(3)/y(2)* (2.0/nfrac)*dp*dp/brk_fy)*brk_g*y(2))];

end
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