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Abstract

At present there are plenty of models of the anaerobic digestion process;
however, the impact of this odor emission on these models has received very
little attention. Hydrogen sulfide (HsS) is formed by the microbial action
of sulfate reducing bacteria under anaerobic conditions which has been used
as an odor trace marker for odor dispersion studies. A mathematical model
focusing on the HyS generation was developed using a reduced number of
parameters of five stages. The model and parameters were calibrated and
validated with experimental data from two pilot scale sewage sludge treat-
ing anaerobic reactors. The development of this model is able to describe
properly the dynamic behavior of this system, particularly its gas phase com-
position.
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Nomenclature
Xy particulate organic matter (JCODL™1) D dilution rate (d—1)
S1 soluble organic matter (gCODL™!) &in,i state variable value in the inlet
Sy acetic acid equivalent (gCODL™1) &; state variable
Sy sulfate (mgL~1) g molar flow COy (mmolL=d™1)
K affinity constant of fermentative bacteria (gCODL™1)  p lig-gas desorption rate (mmolL~1d 1)
Ko affinity constant of methanogens (¢CODL™1) B bicarbonate (mmolL~1)
K3 affinity constant of SRB (gCODL™?) IC inorganic carbon (mmolL~1)
K1 equilibrium constant HoS (molL 1) Z cations (mmolL~")
K stoichiometric coeflicient r;,; reaction rate for state variable ¢
X fermentative bacteria (gCODL™1!) X5 methanogens bacteria (¢qCODL™!)
X3 sulfate reducing bacteria (SRB) (gCODL™1) kp, hydrolysis coefficient (d~1)
lm1 Maximum specific rate acidogenic bacteria (d—1) lm3 maximum specific rate SRB (d—1)
lm2 maximum specific rate methanogenic archaea (d—1) Ky Henry constant
pa, acid-base equilibrium rate (mmolL~1d 1) K, acid-base constant (molL~1)

1. Introduction

In bioprocesses, the application of mathematical models allows represent-
ing and predicting the systems dynamic behavior and therefore, the estab-
lishment of control strategies and operational management measures. Un-
fortunately and despite the significant progress of the modeling practice in
anaerobic digestion (AD), a proper application of mathematical modeling for
control strategies remains a complex and an unsolved issue, which is caused,
among other things by the lack of reliable, informative and affordable on-
line measurement of the state variables [1]. The anaerobic digestion model
nl (ADM1) is a widely used model in AD, which provides a good tool to
illustrate the complex system behavior of the AD [2]. However, in order to
represent this complexity, a high number of state variables, physicochemical
and biochemical processes, and consequently a high number of parameters
need to be properly identified [3]. Hence, simpler, although still mechanistic,
models have been developed. Such is the case in the AM2 model developed by
Bernard et al. [1] with several modifications [3, 4], which simplifies the whole
anaerobic process in two stages, acidogenesis and methanogenesis. When
the hydrolysis is the limiting step of the whole reaction, for instance when
particulate substrates are treated, it is necessary to include the hydrolysis
stage previous to the acidogenesis [5].
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The main odor emissions released to the atmosphere from the opera-
tion of WWTP come from several organic gases, but they can be charac-
terized in terms of odor nuisance produced by sulfur reduced compounds,
with HyS as the main compound [6, 7, 8, 9, 10].The H,S generation is mainly
based on the action of sulfate reducing bacteria (SRB) that compete with
methanogenic archaeas for the intermediate carbon source [7, 11, 12]. How-
ever, the generation of H,S has been barely considered when using simplified
models [7, 13, 14] despite, as previously mentioned, the importance of this
compound on the global performance of the sludge management and treat-
ment system as well as odor generation in WWTP [10].

The aim of this study is to develop a simplified mathematical model for
the anaerobic digestion process that takes into account the hydrolysis and
sulfate reducing action for hydrogen sulfide formation such that this model
can afterwards be used to assess the odor impact of the anaerobic digestion
emissions. In order to do so, a thorough and novel model application pro-
cedure, which comprises of local and global sensitivity analysis, uncertainty
estimation and model validation through a double cross validation step (by
using the unexplored band or corridor prediction) was used.

2. Methodology

2.1. Model assumptions and considerations

A general scheme of the bioreaction pathways is shown in Figure 1. The
same stoichiometry and reaction kinetics presented by Donoso-Bravo et al.
[15] were used in this study but adding the sulfate reducing stage. It must
be kept in mind that any model is a mathematical projection of the actual
process. For this reason, some reasonable and affordable assumptions, within
the scope and objective of the model application, must be done.

e There is no biomass death decay [1].
e The volatile fatty acids (VFA) are represented as acetic equivalents [1].

e Three microbial populations are involved in the hydrolysis, acidogene-
sis, methanogesis and sulfate reduction processes [11, 12].

e Hydrogen production/accumulation is negligible. Therefore, SRBs use
the VFAs as electron donors and the sulfate as electron acceptor, in-
stead of hydrogen, as the electron acceptor [7, 11].

3
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e Only bicarbonate/carbon dioxide, hydrogen sulfide/bisulfide, sulfate

and proton contribute to pH according to ion balance [16].

e There is no metal precipitation, such as FeS [2].

e Biogas release is carried out by the two-film theory according to the
global mass transfer coefficient K;A for hydrogen sulfide and carbon
dioxide, whereas methane solubilization in water is assumed to be neg-

ligible [1].

2.2. Biological Model
2.2.1. Model Scheme Description

and Stoichiometry

Sulfate (S;)

Particulate Matter (S,)

Sulfate Reduction (X;)

Hydrolysis (X;)

Soluble Matter (S;)

Acidogenesis (X;)

Volatile Fatty Acids (S,)

/ Methanogenesis (X,)

CH, + CO,

Figure 1: Scheme of the anaerobi

The first stage involves the solubilization or hydrolysis of the particulate
substrate. Afterwards, the soluble complex substrate is transformed into
volatile fatty acids (VFA) which are represented as acetic equivalents, during
the acidogenesis reaction, followed by the methanogenic step where the VFA
are converted into biogas. The sulfate reduction process is carried out in
parallel by the SRB using the VFA as the electron donor and the sulfate as
the electron acceptor. The stoichiometric reactions considered in this model

follow:

¢ digestion for hydrogen sulfide production.
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Hydrolysis:

So = Ko, (1)
Acidogenesis:
K,S; = X, 4+ K,S, + K,CO, (2)
Methanogenesis:
K,S, —2+ X, + K,CO, + K,CH, (3)
Sulfate Reduction:
K,S; + K¢Sy — X, + K,,CO, + KgH,S (4)

2.2.2. Model Kinetics

The hydrolysis was modeled as a Contois function because hydrolysis is
considered an enzymatic reaction carried out by hydrolytic/acidogenic bac-
teria and assumes that a high amount of extra-cell enzyme is a consequence
of an increase amount of the biomass, which leads to an increase kinetic re-
action. Otherwise, the Contois function is shown to works better than classic
first-order kinetics [17]. The growth function of FB and SRB bacteria are
well described using the Monod kinetic, while MB can experiment uncom-
petitive inhibition for VFA accumulation which is best described by Haldane
kinetic [1, 12]. Thus, the kinetics for specific growth rate equations FB, SRB,
MB and hydrolysis are described by the following equations,

Hydrolysis:
So
—f .20 x
To h K- X1 + S, 1 (5)
Acidogenesis:
S1
= Uy ————— - X
™ = Um1 K.+ 5, 1 (6>
Methanogenesis:
S.
T2 = fm2 - 2 52 - Xy (7)
Ky + 5o+ e
Sulfate Reduction:
Sy - 53
= [i3 - - X 8
s K+ S5) - (K + 85) (®)

5

Page 5 of 22



2.2.8. Mass Balance
The mass balance for a continuous stirred reactor for each state variable
is expressed by the following equation,

dé, -
d_tZ =D (&ni— &)+ Z(Kij 75) = pi (9)
j=1

The matrix form of each term from the equation below is shown next,

X1 0 0 1 0 0

X 0 0 0 1 0

X3 0 0 0 0 1

So Soin —1 0 0 0

S1 glin Ko —Ki 0 0
_ Sa . _ 2in 0 Ko —K3 —Kg
51 - S3 ) gin,i S3in 3 KZ,] 0 0 0 — Ky
ic IC;n 0 Ky Ksg Kio

HyS 0 0 0 0 Kg

B Bin 0 0 0 0

Z Zin 0 0 0 0

HT HY 0 0 0 0

[=Relelolelole}]

70
J— 1 . .
ri =1\ s Pi =
r3 PCOy

past — PHyS
Pacoy,
0

“PH+

2.2.4. Ionic and Gaseous Compounds

The pH calculation, acid-base equilibrium for the species HoS and CO,
was carried out as reported by Fedorovich et al. [12], Rosen et al. [16]. The
mass transfer from the liquid phase to the gas phase is modeled by the
two film theory [18]. The same mass coefficient KA value is assumed to
represent both gases since the identification of these parameters in regards
to the available experimental data is not possible,

pco, =KpA - (COZ — Kiico, 'pCOQ) (10)
pHQS :KLA . (HQS — 16 . KHHQS . pH25> (11)
PCH, :KLA ) <CH4 —64- KHCH4 ) ch4> (12>

(13)
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More detailed description about all differential and algebraic equations can
be found in Appendix A.

2.83. Model implementation and application

Model implementation, parameter identification, calibration and valida-
tion was carried out by a systematic procedure in order to obtain reliable
model response and parameter uncertainty, based on available experimental
data (Figure B.5). The software used for this purpose was Matlab 2014b ©
with the optimization toolbox. The differential equations were solved ode23s
that is based on a modified Rosenbrock formula of order 2 [19].

2.3.1. Sensitivity and Collinearity Analysis

The first step of the systematic procedure consists of a global sensitiv-
ity analysis (GSA) using ANOVA decomposition. Sensitivity analysis dis-
tinguishes the most sensitive parameters affecting the measured variables
(model outputs). GSA methods evaluate the effect of a parameter while
all the other parameters are varied simultaneously, accounting for interac-
tions between parameters without depending on the simulation of a nominal
point [20]. The GSA was carried out with dynamic changes on the inlet flow
and concentration, as usually operated in the CSTR. The next stage of the
procedure selects the parameters that are going to be estimated. Hence, a
collinearity analysis was used, which allowed the detection of the parameters
with less linear dependency and/or lower eigenvalues based on their local
sensitivity profile [21].

2.3.2. Optimization and Model Uncertainty

Once knowing the potential vector of parameters that may be identified
based on the GSA, the parameter calibration was carried out using the nor-
malized classical least-squares estimator to exclude the scale factor problem
for variables with different magnitude order and high deviation, based on the
assumption that the measurement errors have a constant standard deviation,
following the expression,

al Yexp — Mexp Ysim (t, 9) — Hsim 2
Tns(0) = - (14)
t=1

Oexp Osim

where Jrg is the objective cost function to minimize, y.,, are the exper-
imental measured data, ¥, are the model predicted outputs, 6 represents

7
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the parameters to be determined and N the number of measurements. The
initial values of the parameters were taken from literature in order to start
from a feasible real initial state point.

As important as the calibration itself, having an idea of the uncertainty of
the parameters cannot be neglected. One approximation method is consid-
ered to carry out the confidence intervals: approximation of the covariance
matrix throws Fisher Information Matrix [22]. This method leads to the
definition of statistically significant confidence regions.

2.3.3. Prediction Corridors

In order to transfer the parameter uncertainty into the model predictions
output, a random sampling of 10000 data point with specified range for
each parameter according to its confidence interval and distributed uniformly
using the Latin hypercube approach was performed [23]. After that, the
corresponding percentiles 99 and 1 as upper and lower bounds of the models
outputs were added to the simulations (prediction corridor). This bounded
region allows to quantify the number of experimental data that are included
in it, providing a percentage of accuracy defined as,

accuracy(%) = %100 (15)

Yt

where, y, number of experimental data included in the bounded prediction
corridor, y; total experimental data.

2.4. Experimental Data

The experimental data was obtained from two pilot-scale anaerobic reac-
tors fed with mixed sludge from an urban WWTP, with a working volume
of 200 L (250 L total volume) which ran in parallel with the same substrate.
Reactor 1 was mixed with sludge recirculation provided by a peristaltic pump
and reactor 2 was mixed with biogas recirculation provided by a compressor
[24]. Table 1 shows the experimental data-sets used for calibration and vali-
dation. The main operational conditions were HRT of 20 days, T' = 35+1°C,
sludge inflow concentration range of 94-48 g L~! and concentration NaSO,
inflow of 2.2 g L™!. More details can be found at Diaz et al. [24]. During the
sludge storage, even at low temperatures, the hydrolysis of the particulate
organic matter continues. Unfortunately, daily measurements of particulate
(CODp) and soluble CODs of the sewage are not usually performed due to

8
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cost and working hours that it implies. In our case, sludge characterization
was performed every 3 days. Therefore, in order to include this degradation
storage effect, we proposed a factor with a value of 0.01, which reflects that
because of the storage there is a 1% of solubilization every day of Sy (CODp)
into S; (CODs).

Table 1: Experimental data-sets used for calibration and validation.

Calibration Data Validation Data
Reactor 1 1-85 86 -136
Reactor 2 0 1-70

3. Results and discussion

3.1. Global Sensitivity Analysis

The results of the GSA shows there is a high parameter interaction (Fig-
ure 2), which is expressed as the difference between the first (blue) and the
higher order indexes S; — Sy; (red), as a result of the high non linearity of
the model. It is quite difficult to identify the optimal values of each param-
eter for a specific experimental data set when using non linear models due
to their parameter interaction. This is due to the weak influence that each
parameter, by itself, exerts upon the output variables. In other words, the
variable is more influenced by the joint parameter action (S; —S;) than only
one parameter (5;) [25].

The models kinetic parameters are less sensitive than its stoichiometric
parameters giving it a higher first order sensitivity over kinetics. Measured
variables expressed as a combination of model state variables would presum-
ably reflect less influence on parameter estimation because, as in the case of
carbon dioxide, its formation is a sum of two different state variables, the
acidogenic and methanogenic biomass and the physic-chemical equilibrium
liquid-gas, resulting in many factors that influence its release into the gas
phase.

This type of digester operation (dynamic inlet) produces a significant
perturbation of the model state variables, which leads to a higher variance
of the model output and consequently, an increase in the sensitivity indexes,
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(a) CH, (b) CO,

Global Sensitivity Analysis CH4 Global Sensitivity Analysis CO:

S

“«
“«

IS
>

Si—Sti Sensitivity Index
~

Si—Sti Sensitivity Index

o
K1 K3 K2 KO u2mKé Ks2Ks0 K12kh K10u3mKs1Ks3ulmK8 K5 K4 K7 K9 Ks4 K1 K3 KO kh K10 K5 K12K2ulm Ks1Ks4 K6 K4 Ks2Ks0 K9 Ks3u2mK8 K7 u3m

Global Sensitivity Analysis H, S

(d) pH

Global Sensitivity Analysis pH

Si—Sti Sensitivity Index
Si-Sti Sensitivity Index
U

K7 Ks2u2mK8 Ks3K2 K3 K1 KO KsO kh Ks1ulmK12K6Ks4K10 K5 udmKa K9 K1 KO Kkh Ks4K10 K4 K3 Ks3Ks2u3m K9 ulm K2 u2m K12Ks1KsO K6 K5 K7 K8

Figure 2: Global sensitivity analysis applied to measured output variables (a) CH,, (b)
CO,, (c) H,S and (d) pH.

since this method uses ANOVA analysis. The results of the GSA lead to
establish the preliminary set of potential identifiable parameter: kj,, Ko K,
K3, K7, fim, Mom, M3m, Ks3. This set presents the high sensitivity and
presumable reflects higher model output perturbation and less identification
uncertain.

3.2. Collinearity Analysis

The results obtained from GSA reflect that 9 parameters collect most
of the variability in terms of the variance from the model outputs, these
being the most sensitive parameters and, a priority, the best parameters to
be identified. Nevertheless, sensitivity analysis (SA), either the global or
the local approach, on its own, is not a robust methodology to select the
correct parameter subset because the results can conclude that the most
influential parameters can share their sensitivity profiles over time, thus,
balancing out the effect of one parameter value change with the modification
of other parameters. Collinearity analysis complements SA selecting those
parameters whose sensitivity profiles are more independent, in other words,
those subsets with the lower eigenvalues from the scaled sensitivity matrix

10
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[21].

The results of the collinearity analysis are presented in Table 2. The
parameters contained in the subset of 9 dimension are different from those
obtained with GSA. The kinetic coefficients ky,, o, p3m and Ky are now
included in it. Collinearity analysis indicates that even though the other pa-
rameters present higher sensitivity indexes (Si Sti), they are linear dependent
and this fact will make the parameter identification during the optimization
process more complicated, with the risk of increasing the uncertainty of the
optimal values.

Table 2: Subsets of parameters with the lower collinearity index value below 10.

Set Ko kn Kz Ky K7 K9 pim  pom M3m Ko Ka Ko Ko Kio

5 X X X X X
6 X X X X X
7 X X X X X X
8 X X X X X X X X
9 X X X X X X X X X

The parameters subset selected to carry out the calibration was chosen
while taking into account GSA and collinearity results, because none of them
on their own can provide sufficient information about the best parameter
subset to be identified. The procedure to select the parameter subset is,
first of all, to present enough sensitivity in regards to the experimental data,
and to use a parameter subset with a collinearity index below 10 and not
necessarily the lower of this subset dimension [21].

For this reason the parameter subset used for the calibration comprises
the parameters with high sensitivity indexes (global and local) and low linear
dependency (v = 8.7). The chosen subset is shown next:

O = {kn, K1, Ky, K¢, K7, K10, fiom, fizm, Ks3} (16)

3.83. Model Calibration-Validation

The calibration of the model was carried out using the experimental data
from the reactor 1 taken from Diaz et al. [24] by using the first 85 of the 136
days of operation (Figure 3). The first cross validation was performed with
the rest of the data (Table 1). The simulation results are depicted along with
their respective prediction corridor.

11
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Calibration Validation Calibration Validation

Calibration validation Calibration Validation

i L L L L , L L L L L L ,
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
Time (d) Time (d)

Figure 3: Calibration-validation of the model parameters for the measured data CH,,
CO,, H,S and pH with the predicted corridor bands with 99 of confidence.

First off, the models ability of predicting the experimental values can be
seen. The models sound response to several spikes and drops of the measured
outputs is worth noting, especially for CH, and H,S. The CO, prediction is
also quite acceptable although not as good as the other gases, which may be
explained due to the complexity of the CO,s behavior in AD systems. Despite
not using pH measurement for calibration purposes, the model, regardless,
is able to predict close values to the experimental data for this variable.

The main disagreements of the model and the experimental data are
related to some operational problems that occurred, especially in regards
to pumping and mixing difficulties that are not taken into account in the
models description. It is worth to keep in mind that when treating sewage
sludge this kind of situations may take place regularly. Similar disturbances
the model was not able to predict may be found in those studies where solid
substrates have been fed to the reactor [26, 27, 28].

The models ability to predict along with predicting bands or corridors in
both the calibration and validation periods, it helps to understand in a much
insightful way how the uncertainty of parameter is propagated to the sim-
ulation results. To our knowledge, this is the first study that actually does
something like that, which makes more sense in regards to the real capabil-
ity of a mathematical model. Disagreements between the simulated values
and the experimental data are always present; therefore, this procedure may

12
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offer a clearer picture of the modeling practices benefits. Barrera et al. [14]
presented an extension of the ADMI1 in order to include sulfate reduction
agents in a reactor treating vinasse wastewater and some deviations were
particularly observed during the validation of the model for both the H,S
and the total biogas production. Despite the uncertainty, the parameters
were calculated, no propagation of this into the simulation was shown.

The calibrated values of the parameters are presented in Table 3. The
results of the calibration are quite different from the reference-initial values.
The hydrolysis constant is lower than the value reported by Donoso-Bravo
et al. [15] but very similar to Vavilin et al. [5]. The hydrolysis constant
calibrated is closer to the reported values for the primary sludge than the
secondary sludge, which points out that the properties of mixed sludge are
mostly influenced by the presence of primary fresh sludge than secondary
sludge, which degradation is slower. The affinity coefficient of the SRB for
the H,S formation is considerably higher than that estimated by Fedorovich
et al. [12], but this could be the result of considering all VFA as acetic acid
in our model, grouping on this state variable other bacteria groups, resulting
on an apparent affinity constant responsible for sulfate consumption. On the
other hand, the stoichiometric coefficient responsible for methane formation
is lower and the VFA generation from acidogenesis is higher than the reference
values but this result could be explained because the microbial community
and its pathways represented in the model differs from the reference models.

Table 3: Calibrated model parameters values obtained from the experimental data of
reactor 1 with their confidence interval (CI) [24].

Parameter Calibrated Value (CI) Reference Value (CI) Author

on 1.6 £(2.7) 6 [15]

K 68 +£(21) 42.14 £18.94 1]

K 269 -£(89) 116.5 £113.6 1]

K 40 £(6) 453 £91 1]

K; 0.734 £(0.097) 0.362 £91 [12]

Ko 10 £(2) - New parameter
Lo 0.30 £(0.05) 0.74 £0.9 1]

Lm 0.79 £(2.19) 1.03 [12]

K. 0.55 £(0.52) 10~ 12]

The confidence intervals for each parameters are in the same order of

13
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magnitude from reported reference values. Kinetic parameters present a
higher uncertainty on their identification than the stoichiometric in regards
to the available experimental data set. Parameter uncertainty is related
with the available measurements and the operational conditions which did
not change significantly throughout the reactors operation. One interesting
operational strategy is to perform substrate pulses (VFA for example), this
minimizes the lack of input excitation of many state variables which of course
influences the parameters identification [29]. Zonta et al. [25] explained that
parameter identification is strongly dependent on the quality and variability
of the experimental data set being used. The accuracy of the prediction for
gas phase composition presented an accuracy of 90%, for hydrogen sulfide
and carbon dioxide, and 60% for methane, within 99% of confidence.

3.4. Second model cross validation

When cross-validation is carried out, it is usually done only with data
from the same reactor operating at different operational conditions. In this
case, we tested the model with data from another reactor inoculated with the
same anaerobic sludge, which means that the identified parameters for the
first reactor should be approximately the same, such that the model must
yield similar prediction results (Figure 4). The behavior of the pH has the
same pattern than the previous calibration-validation, close to the simulated
(£0.5 and R = 0.27) and the measured values. The model overestimates the
pH value, pointing out the lack of information on the ion balance measure-
ments, e.g. partial alkalinity, in order to improve this issue. pH is often a
complicated variable to predict well because of the fact that a logarithmic
expression is responsible for its calculation such that that a slight change of
any of ion present in the system may lead to a significant drop or raise of the
pH value.

The prediction of the methane flow throughout the whole period, except
for some points at the beginning of the reactor operation, is quite good, which
means that the parameter values estimated with the other reactor holds for
this reactor as well.

The difference between the predicted and measured carbon dioxide flow
in reactor 2 could be given by the distinct mixing mechanism used on this
system (sludge recirculation instead of biogas). During the biogas injection
for mixing, the gases contained in the gas phase are bubbled in the liquid
phase and promotes solubilization. Because of that, the deviation from reac-
tor 1 and 2 in the gas phase appears in both figures. As in the previous case,

14
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Figure 4: Validation of the model parameters for the measured data CH,, CO,, H,S and
pH using the reactor 2 mixed by biogas injection with the predicted corridor bands with
99 of confidence.

the H,S generation shows the best fit with the highest correlation coefficient.

4. Conclusions

A simplified mechanistic model to predict the H,S production from anaer-
obic sludge digestion of an urban wastewater treatment plant was imple-
mented and validated with two pilot scale CSTR systems treating sewage
sludge. In order to count with a proper model, implementing a procedure
that comprises of local and global sensitivity analysis, uncertainty estimation
and the parameters as well as uncertainty propagation on the model outputs
was applied. This model may now be used to establish corrective actions to
manage odor generation from anaerobic digestion and its fugitive emissions
on the piping system.
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Appendix A. Governing Equations

Biomass:
% =D - (Xy,, — X1) + 1 (S1) - Xa
L2 2D (X, — Xo) + 2(S2) - Xo
P 2D (X, — X) - 1s(S2, 55) - Xy
Substrates:
D0 D - (S, — 50) — oS0, X)X,
% =D - (51, = S1) + Ko - pio(S0, X1) - X1 — K1 - p1a(51) - X3
% =D - (Sy, — S2) + Ko - pa(S1) - Xu — Ky - p2(S2) - Xz
% =D - (Ss,, — S3) — K7 - 113(52,53) - X3
Kinetics:
Hydrolysis:
ro = fio(So, X1) - X1 = ky - ﬁ - Xy
Acidogenesis:
ri = p1(S1) - X1 = pyn1 - Ksls—lk 5 N
Methanogenesis:
ry = p12(52) - Xo = fima - % - Xy
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Sulfate Reduction:

Sy - S
73 = p13(S2, 53) - X 2 3

3= Him3 (K3 + 52) - (Ks4 + Ss) ’ ( )

Ionic species:

dIC
— =D (IC = IC) + Ky - (1) - Xo + K - ia(9:) - Xot
(A.13)
+ Ko - p3(S2, S3) - X3 — pco, (A.14)
dB
i =D - (Bin — B) - Paco, (A.15)
Cfl—f =D - (Zin — 7) (A.16)
dH,S,
# =D - (HySag;, — HyS) + K - 113(S2,S5) - X3 = Pay_s — Pu,s
(A.17)
dH*
=D (H — H") = ps (A.18)

Algebraic equations:
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1
(6] :1 n 10,pH+pKaH25

33

HS™ —a -8 2o
Y

=4 —Sy—B—HS — 55

¢+ V2 +4-1-1071
2 2
pacO2 :1014 ' ((IO B B) ’ (Kac()2 + H+) N (KGCOQ . B))

paH2S :1014 . (HS* . (KCLHQS + H+> — (KCLHQS 2 HQS))

pco, =KL A ((IC = B) = Ko, 'p002> =

H" =

(
—K1 A+ (CO, = Kireo, - pco,)
pis =KL A - (st 16+ Ky g ~pHQS)
(

pen, =KpA- (CHy — 64 - Ky 'pCH4>

Gaseous species:

pco, =COy - R-T

pr,s =H,S - R-T/16

pcu, =CH, - R+ T/64

Pgas =Pco, + PcH, + PH,S * PH,0

Ggas =5 - 10"+ (Dgas — Patm) - ggas
atm
di? = T Poo, - ffj + peo, “Zq
dIc{ltZS = T base ‘q/zzz + pm,s “ZZ
% = —DPcH, - %+pCH4 . “ZZ
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(A.19)

(A.20)
(A.21)

A.22

A.23
A24

A.25
A2

(=)
~— — ~— ~— ~— ~— ~—  ~—

A2

\]

A28

o~ o~ o~ o~ o~ o~~~

(A.37)
(A.38)
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Appendix B. Systematic modeling procedure

Figure B.5:
idation.
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