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Chapter 9

Anaerobic treatment of sulfate-rich
wastewaters: process modeling
and control

A. Robles, S. Vinardell, J. Serralta, N. Bernet,
P.N. L. Lens, J. P. Steyer and S. Astals

9.1 INTRODUCTION

A variety of anthropogenic activities, especially at industrial level, generate
wastewater streams rich in sulfate which, if improperly treated, can cause health,
social and environmental problems (Serrano er al., 2020). These industrial
activities include food production (e.g. edible oil, seafood-processing),
fermentation industry, tanneries, coal-burning power plants, paper and pulp
industry, mining and metallurgical processes. Additionally, in some regions (e.g.
Hong Kong), the use of seawater for toilet flushing to alleviate the pressure
on potable water has increased the sulfate concentration in municipal sewage
(Li et al., 2018; Wu et al., 2016).

Anaerobic digestion (AD) is a well-established technology to transform municipal
and industrial organic-rich wastewaters into renewable energy in the form of
methane-rich biogas. Besides energy recovery, AD presents other important
advantages compared to aerobic treatment such as low sludge production and low
energy requirements (Puyol et al., 2017). AD is also a suitable technology to treat
organic-rich municipal and industrial wastewaters containing sulfate. However, a
high sulfate content can affect the AD process performance and feasibility due to (i)
the competition for easily biodegradable organic matter (e.g. short chain fatty acids,
hydrogen) between sulfate reducers and anaerobic microorganisms (Cassidy et al.,
2015; Kalyuzhnyi et al., 1998), (ii) the generation of H,S, the product of sulfate
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278 Environmental Technologies to Treat Sulfur Pollution

reduction, which is malodorous, toxic, and corrosive. H,S can damage the combined
heat and power (CHP) unit and metal parts of the infrastructure (e.g. gas storage tanks,
compressors, and pipelines) by itself or through SO, formation from combustion
(H,SO,4 when combined with the biogas moisture), which requires equipment and
instrumentation resistant to corrosion (Angelidaki er al, 2018), and (iii) the
inhibitory impact of H,S on anaerobic microorganisms since H,S is a lipophilic
compound that can diffuse through the microbial cell membrane and damage
cellular metabolism (Chen et al., 2008; Li & Lancaster, 2013). The detrimental
impact of H,S on the AD process and infrastructure requires the effective
prediction and control of the H,S concentration in the biogas and in the
digestion liquor.

Several mathematical models have been developed to model the sulfur cycling in
anaerobic biotechnologies, primarily for continuous stirred tank reactor (CSTR) and
upflow anaerobic sludge blanket (UASB) systems, but also for batch and plug flow
systems (Cassidy et al., 2015; Knobel & Lewis, 2002). The sulfur cycling is quite
complex since it is metabolically diverse and it is connected to the carbon,
nitrogen, phosphorus and iron cycles among others. Most models have focused
on the substrate competition between sulfate-reducing bacteria and anaerobic
microorganisms (including acetogenic bacteria and methanogenic archaea) and
the inhibition of anaerobic microorganisms by hydrogen sulfide. Some models
have also incorporated sulfide precipitation (Flores-Alsina et al., 2016; Gupta
et al., 1994).

Anaerobic reactors treating sulfate-rich streams can be very unstable (see Chapter
6). Therefore, implementing an efficient monitoring and control system is required
to keep the process running adequately. The monitoring and control system is
particularly important in the presence of a fluctuating input pollution and/or
when the influent has a low biological oxygen demand (BOD) to sulfate ratio.
Different types of sensors are available for providing the on-line data required for
sulfate reduction process control, such as chemical sensors and analyzers,
microsensors or biosensors (Cassidy et al., 2015). The combination of these
sensors with molecular techniques would allow monitoring of microbial activity
and microbial ecology in bioreactors where sulfate reduction occurs. This would
be useful for development of a control strategy considering sulfide production as
a control parameter.

This chapter reviews the current state-of-the-art models, monitoring techniques
and control strategies applied to anaerobic processes for sulfate-rich wastewater
treatment.

9.2 MODELS

Dynamic mathematical models are powerful tools to improve the understanding,
monitoring, and control of wastewater treatment plants and anaerobic digesters
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Anaerobic treatment of sulfate-rich wastewaters 279

(Batstone et al., 2015; Jimenez et al., 2015; Olsson et al., 2014; Solon et al., 2017).
The power of mathematical models lies in their capacity to reproduce an empirical
behavior on a computer, in a clear and quantifiable manner, where the mathematical
equations simulate the physical, chemical, and biological processes. Mathematical
models can be used to analyze, predict and optimize the performance of a process
or plant under different operating conditions which is a useful tool to complement
and improve lab- and pilot-scale studies (Fernindez-Arévalo et al., 2017;
Lizarralde et al., 2019; Seco et al., 2020). Mathematical models can also help to
understand the process from a global point of view and to train process operators.
For instance, Kazadi Mbamba et al. (2019) analyzed the plant-wide impact of
different iron dosages for chemical phosphorus removal, Marti et al. (2017)
modeled different sludge management strategies in a wastewater treatment plant
(WWTP) to enhance phosphorus recovery, and Arnell ef al. (2016) modeled the
plant-wide impact of different co-digestion strategies. Last but not least,
simplified mathematical models are used in the control loop to improve process
operation.

The dynamic modeling of AD and/or sulfate reduction processes has been
largely reported in the literature due to the importance of these biotechnologies in
the development of the circular economy (Batstone et al., 2002, 2006;
Fedorovich et al., 2003; Lauwers et al., 2013). A comprehensive review of the
kinetic parameters related to the sulfur cycle in these models (e.g. maximum
specific uptake rate, half-saturation constant, microbial growth yield, decay rate,
inhibition function and constants, Henry’s law coefficient, pKa dissociation
value) can be found in Barrera et al. (2013) and Cassidy et al. (2015). In a recent
publication, Ahmed and Rodriguez (2018) carried out a comparative study of five
different structures of sulfate reduction models for AD to find a trade-off between
model complexity and model accuracy.

9.2.1 Models at reactor level

Pioneering publications dealing with sulfate reduction were published in the 1990s
(Gupta et al., 1994; Vavilin et al., 1994), and publications dealing with this topic
have been steadily published ever since. The publication of the Anaerobic
Digestion Model N°1 (ADM1) (Batstone et al., 2002) represented a breakthrough
for anaerobic biotechnologies modeling since it created a common basis for
further model development and validation studies. ADM1 also aimed to make
model outcomes more comparable and compatible, as well as to assist a
technology transfer from research to industry (Batstone et al., 2002). The original
ADMI1 only included organic and inorganic carbon and nitrogen reactions and
did not include sulfur transformations due to the complexity of the sulfur cycle.
However, publications including sulfur transformation with the ADM1 model
appeared soon after its publication (Batstone et al., 2006; Fedorovich et al., 2003).
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280 Environmental Technologies to Treat Sulfur Pollution

Since then, several models have been developed to describe sulfate reduction,
either through standalone models or by incorporating sulfate reduction into ADM1
(Ahmed & Rodriguez, 2018). The sulfur cycle involves several biochemical and
physical processes which have been incorporated in the models to different
degrees depending on the assumptions and the framework of the study. The
processes associated with sulfur include: (i) heterotrophic and/or autotrophic
sulfate reduction to sulfide, which is linked to sulfate-reducing bacteria (SRB)
biomass growth, (ii)) SRB biomass decay, (iii) hydrogen sulfide inhibition to
anaerobic microorganisms, (iv) sulfide speciation in the liquid phase (i.e. acid-base
chemistry), (v) hydrogen sulfide liquid-gas mass transfer, (vi) precipitation of
metal sulfides, and (vii) the uptake and release of inorganic sulfur due to biomass
growth and decay. The latter has not been included in any model due to the
relatively small sulfur concentration in organic molecules. Consequently, it will
not be discussed in this chapter.

9.2.1.1 Stoichiometry and kinetics of sulfate reduction

Sulfate-reducing bacteria (SRB) can utilize a wide variety of compounds as
electron donors such as alcohols (e.g. methanol and ethanol), organic acids (e.g.
formate, lactate, acetate, propionate, butyrate, pyruvate and malate), aromatic
compounds (e.g. benzoate and phenol), and hydrogen (Muyzer & Stams, 2008).
Thus, sulfate reduction can be carried out by heterotrophic and autotrophic SRB.
Heterotrophic SRB use organic compounds as an electron donor and carbon
source, while autotrophic SRB use H, as an electron donor and CO, as a carbon
source (Lens & Kuenen, 2001; Muyzer & Stams, 2008). Figure 9.1 shows a
schematic representation of the biochemical processes included in the model
ADM1, including the sulfate-reducing processes modeled by different authors at
different complexity levels. Acetate, propionate and butyrate are the most
common organic substrates for SRB in these models since they are intermediate
compounds of the AD process. Lactate has also been incorporated in a few
models (D’Acunto et al., 2011; Knobel & Lewis, 2002). However, lactate
concentrations in anaerobic digesters are low compared to volatile fatty acids
concentrations and, consequently, it has been generally omitted. The degradation
of butyrate and propionate by SRB can be complete (the carbon source is
oxidized to CO,) or incomplete (the carbon source is oxidized to acetate). The
incomplete oxidation of alcohols, lactate and fatty acids by SRB appears as the
most common degradation pathway (Muyzer & Stams, 2008) and, therefore, this
is the utilized pathway to achieve a more realistic and more flexible model
(Barrera et al., 2013; Fedorovich et al., 2003). However, some models have also
incorporated the complete oxidation of these compounds (Cassidy et al., 2015;
D’Acunto et al., 2011; Gupta et al., 1994; Knobel & Lewis, 2002). Autotrophic
sulfate reduction has been included in most models. The stoichiometry of the
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Figure 9.1 Schematic representation of the biochemical processes included in the
model ADM1, including sulfate-reducing processes modeled by different authors
(adapted from Robles et al. (2018)). "Fomichev and Vavilin (1997); 2Kalyuzhnyi
et al. (1998); *Knobel and Lewis (2002); *Fedorovich et al. (2003); °Frunzo et al.
(2012); ®Duran (2013); Duran et al. (2017); "Barrera et al. (2015); 8Ahmed and
Rodriguez (2018).

SRB reactions including incomplete heterotrophic and autotrophic sulfate
reduction are:

* Butyric acid incomplete oxidation

2CH;CH,CH,COOH + H,SO4 — 4CH3COOH + H,S
* Propionic acid incomplete oxidation

4CH3CH,COOH + 3H,SO4 — 4CH3COOH + 4CO; + 4H,0 + 3H,S
¢ Lactic acid incomplete oxidation

2CH3CHOHCOOH + H,SO4 — 2CH3COOH + 2CO; + 2H,0 + H,S
* Acetic acid oxidation

CH;CH,COOH + H,S04 — 2CO, + 2H,0 + H,S
* Hydrogen oxidation

4H, + H,S0O4 — 4H,0 + H,S
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282 Environmental Technologies to Treat Sulfur Pollution

Sulfate reduction kinetics are commonly modeled by dual-substrate Monod
kinetics, representing either the SRB growth rate (Equation 9.1) or the SRB
substrate uptake rate (Equation 9.2). These equations are linked since the
maximum specific uptake rate (k,,) is obtained by dividing the maximum specific
growth rate (i;.x) by the biomass yield (Y) (i.e. k= tmax/Y) (Barrera et al.,
2013). Both approaches have been used to model sulfate reduction, however,
anaerobic models normally focus on catabolism (i.e. substrate consumption,
Equation 9.2) rather than on anabolism (i.e. biomass growth, Equation 9.1). Note
that the activated sludge models used to model carbon, nitrogen and phosphorus
removal under aerobic and anoxic conditions focus on anabolism due to the
higher biomass yield under these conditions (Henze et al, 2006). The
dual-substrate Monod equations (Equation 9.1 and 9.2) have one term for the
electron donor (organic carbon or hydrogen) and one term for the electron
acceptor (sulfate). Each of these terms act as a switching function, which
“on/off” the reaction depending on the electron donor or electron acceptor
availability. Sulfate reduction models incorporate a dual-term Monod equation for
each niche of SRB (iSRB), based on the electron donor utilized to carry out
sulfate reduction:

S; Sso,
P i = Mimax,iSRB : - XisrB 9.1
growth,! maxiSRE g isre +Si Ksso,isrB + Sso,
S; Sso
Puptake,i = Km,iSRB - l : - XisrB 9.2)

Ksisre + S Kss0,,isRB + Sso,

In Equation 9.2, k,,, ;s is the maximum specific uptake rate of iSRB biomass, S;
is the electron donor i concentration, Kg ;srp is the half-saturation constant of iSRB
biomass towards the electron donor, Sso4 is the sulfate concentration, K so4.isrB 18
the half-saturation constant of iSRB biomass towards sulfate, and Xisrp is the iSRB
biomass concentration.

The number of SRB in existing models varies from two (Harerimana et al., 2013;
Vavilin et al., 1994) to five (Knobel & Lewis, 2002), although three and four
SRB types are the most common approaches, including butyrate-utilizing SRB
(bSRB), propionate-utilizing SRB (pSRB), acetate-utilizing SRB (aSRB) and
hydrogen-utilizing SRB (hSRB) (Fedorovich et al., 2003; Flores-Alsina et al.,
2016). Acetate- and hydrogen-utilizing SRB have been incorporated in most
models, which is expected considering that acetate and hydrogen are the final
intermediates before methanogenesis and that, under stable conditions,
fermentation reactions are relatively fast compared to methanogenesis (Ahmed &
Rodriguez, 2018; Peces et al., 2018). Accordingly, some researchers omitted
butyrate-utilizing SRB in their models (Barrera et al., 2015; Poinapen & Ekama,
2010). However, propionate-utilizing SRB should not be omitted, since
propionate degradation is the least thermodynamically favorable reaction among
short chain fatty acids fermentation. Propionate degradation has been reported
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Anaerobic treatment of sulfate-rich wastewaters 283

to be influenced by changes in hydrogen concentration, microbial inhibition
and process disturbances (Ito et al, 2012; Yang et al, 2015). Regarding
hydrogen-utilizing SRB, Batstone et al. (2006) pointed out that for influents with
low sulfate concentrations, hydrogen-utilizing SRB would be the dominant
sulfate reduction pathway and, to reduce the model complexity, it should be the
only sulfate reduction reaction considered in the model. However, at higher
influent sulfate concentrations, volatile-fatty-acid-utilizing SRB could be
significant and, therefore, they need to be included in the model.

9.2.1.2 Endogenous respiration of sulfate reduction bacteria

Endogenous respiration (i.e. biomass decay) has been included in most models.
The first-order function (Equation 9.3) has been used to model endogenous
respiration of biomass since pioneering models were developed (Gupta er al.,
1994). Later on, it was stablished as the default equation to model biomass decay
in the ADM1 (Batstone et al., 2002):

Pdccay,iskB = Ka,isRB * XisrB 9.3)

where k,; ;srg is the first-order decay rate constant of iSRB biomass and Xjsgp is the
concentration of iSRB biomass.

9.2.1.3 Inhibition by hydrogen sulfide

Substrate competition between sulfate-reducing bacteria, fermenters, and
methanogenic microorganisms is controlled by the maximum specific uptake
rate (k,,) and the half-saturation constant (Kg) of the microorganisms involved.
However, the sensitivity of the different microorganisms towards inhibition can
have a strong impact on the overall process performance by decreasing the
substrate uptake rate (Cassidy ef al., 2015). The ADMI1 included pH inhibition
for all microorganisms, hydrogen inhibition from acetogenic microorganisms (i.
e. valerate, butyrate and propionate degraders) and free ammonia inhibition
from acetoclastic methanogens. H,S inhibition was not included, since sulfate
reduction was not included (Batstone er al., 2002). However, hydrogen sulfide
inhibition has been included in most models including sulfate reduction
(Ahmed & Rodriguez, 2018; Fedorovich er al, 2003). Inhibition is
implemented in the model by including an inhibition term for each inhibitor to
the uninhibited Monod equation. For instance, the inclusion of an inhibition
term for H,S inhibition expands Equation 9.2 to Equation 9.4, where I, ;isrp
varies from 1 (no-inhibition) to O (complete inhibition) as the inhibitor
concentration increases:

S Sso,
Ksisr +Si K s0,,isRB + Sso,

Puptake,i = Km,iSRB - XisrB * Ih2s,isRB 9.4)

Downloaded from http://iwaponline.com/ebooks/book/chapter-pdf/772259/9781789060966_0277.pdf

bv auest



284 Environmental Technologies to Treat Sulfur Pollution

The inhibition term (/25 ;srs) has an inhibition function that determines the
relationship between the inhibitor concentration and the decrease in the specific
substrate utilization rate. The non-competitive inhibition function is the most
utilized function to describe H,S inhibition in these models (Equation 9.5); likely
because it was the default inhibition function in the ADM1 (Barrera et al., 2015;
Flores-Alsina et al., 2016; Knobel & Lewis, 2002; Sun et al., 2016). Nonetheless,
other inhibition functions have been used as well (Equations 9.5-9.7). Inhibition
functions used to model H,S inhibition include:

* Non-competitive inhibition function:

K nos,isrB

Ihos isRB = 9.5)

K 12s,isRB + Shos

where K15, isrg 15 the 50% inhibitory constant of H,S on biomass iSRB, and
Shas 18 the H,S concentration in the liquid phase.

* First-order inhibition function (Fedorovich et al., 2003; Kalyuzhnyi et al.,
1998):

<K1,h2s,iSRB - ShZS)
Inos sk = KinosisRe  / 5.0<k; 9.6)
0 s>k,
where Kjnosisrp represents the H,S concentration at which iSRB is 100%
inhibited, and S5 is the H,S concentration in the liquid phase.
* Modified non-competitive inhibition function (so-called 2 x 2 constants)
(Vavilin et al., 1995):

1

Inps isrB = 1409 9.7
K>
Sioe \ 12 ( K )
1+ < ) 100
100

where K, represents the H,S concentration at which the rate of iSRB is
decreased by half, Koo represents the H,S concentration at which the rate
of iSRB is decreased one hundred times, and S, is the H,S concentration
in the liquid phase.

* Poinapen and Ekama inhibition function (Poinapen & Ekama, 2010):

Shos ?
T = — 9.8
h2s,iSBR exp|: (1-20112'K1,h2s,iSBR > j| 9.8

where K o .isrp 1S the 50% inhibitory concentration of H,S on biomass iSRB
and Sy, is the H,S concentration in the liquid phase.
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Anaerobic treatment of sulfate-rich wastewaters 285

Although each inhibition function has a distinctive profile (see Figure 9.2), most
publications did not justify the selection of a specific inhibition function. The
key difference between the non-competitive inhibition function (Equation 9.5)
and the other inhibition functions (Equations 9.6-9.8) is that in the
non-competitive inhibition functions, inhibition is not complete (Iosisrp = 0)
even at extremely high inhibitor concentrations (Ihsisgrp=0.09 at 100 mg
H,S-S - L~ ! fora Kinosisrs of 10 mg H,S-S - Lfl). On the other hand, there is a
high uniformity regarding the microorganisms inhibited by H,S in these models,
where H,S inhibition has been applied to all AD microorganisms that compete
with SRB for the electron donors (e.g. butyrate-degraders, propionate-degraders,
lactate-degraders, acetoclastic methanogens, and hydrogenotrophic methanogens)
as well as all SRB groups included in the model. Ahmed and Rodriguez (2018)
compared the inhibition parameters reported in several publications and found
notable consistency among them. Differences between inhibition parameters are
approximately two-fold, which can be considered a low variability considering
the different experimental conditions and model structures from which these
parameters were obtained. However, it should be noted that these parameters
were obtained from different equations, which limits transportability among studies.

9.2.1.4 Acid-base equilibria

The inhibition function (Equations 9.5-9.8) uses the free H,S concentration as the
inhibitory agent, since H,S has been reported to be more inhibitory than HS™ and

~ N,

-

N N
S e

Inhibition function output

0 10 20 30 40
H,S concentation (mg H,S-S°L1)

Figure 9.2 Profile of the different inhibition functions utilized to model H,S inhibition
for a 50% inhibitory concentration of 10 mg H,S-S - L~". Solid line represents the
non-competitive inhibition function. Dash-dotted line represents the first-order
inhibition function. Dashed line represents Vavilin et al. (1995) inhibition function
[Ki0o Was set at 26 mg H,S-S - L~ for comparison purposes since this was the
concentration that reduced the rate 100 times in Equation 9.7]. Dotted line
represents the Poinapen and Ekama (2010) inhibition function.
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S (Chen et al., 2008). Therefore, models need to include sulfide acid-base
chemistry to resolve sulfide speciation in the liquid phase and to properly
describe H,S inhibition. Nonetheless, sulfide speciation is required to model the
pH and the ionic strength of the liquid phase, H,S liquid-gas mass transfer, and
ion pairing for precipitation (Flores-Alsina et al., 2016; Knobel & Lewis, 2002;
Solon et al., 2015).

H,S(q) <— HSTHT «— S*~ 4+ 2HT 9.9)
pKal PKaZ

H,S is a diprotic acid since it has two hydrogen atoms that can dissociate in its
molecule (Equation 9.9). H,S is a weak acid with a pK,; of 7.01 and pK,, of 13.8
at 25°C (Millero, 1986). However, there is some uncertainty in the literature
regarding these values, since reported pK,; values at 25°C range from 6.97 to
7.06, while pK,, values vary from 12.2 to 15.0 (Li & Lancaster, 2013; Millero,
1986). Biological reactors are operated around neutral or slightly acidic pH.
Consequently, in most models only the H,S and HS™ concentration have been
included since the S*~ concentration was assumed negligible (Barrera et al.,
2013; Fedorovich et al., 2003). Sulfide speciation can be calculated using
Equations 9.10-9.12:

St ) - S She - S
DRR— e ot oD 9.10)
(Sht)” + Shy - Kat + K1 - Ko Kar + Sny
St - Kay - S K, -S
Shsf — > h+ al IS ~ al 1S (911)
(Sht)” + Sht - Ko + Ka1 - Ko Kar + Sht
Ky -Kp-S
So_ = al ~Rar 7 oI8 ~0 9.12)

 (Snt)® + She - Kap + Kat - K

where Sy, is the protons concentration, Sis is the total sulfur concentration (IS stands
for inorganic sulfur), K, is the first acid-base equilibrium constant of H,S, and K,»
is the second acid-base equilibrium constant of H,S.

Anaerobic digesters and sulfate reducing reactors are frequently operated at
mesophilic conditions (35°C) (Serrano et al., 2020), which reduces the pK,;
values from 7.0 to 6.8 (Hughes et al., 2009; Millero, 1986). The impact of
temperature on the acid dissociation constant has not been considered in most
models, however, at mesophilic conditions (~35°C) the calculated free H,S
concentration in the liquid phase is 20-30% lower (depending on the digester
pH) than at 25°C. The van 't Hoff equation (Equation 9.13) is the function
recommended in ADMI1 to describe the variation of equilibrium constants with
temperature (where the pKal was 7.04 at 298 K and 6 was 0.029), which
provides similar pK,; values to the empirical equations in Millero (1986):

Kor, = Ko, - €% (9.13)

Downloaded from http://iwaponline.com/ebooks/book/chapter-pdf/772259/9781789060966_0277.pdf

bv auest



Anaerobic treatment of sulfate-rich wastewaters 287

Finally, when the inorganic sulfur species in the model are solved using ODE
(ordinary differential equation) instead of the algebraic equations (Equations 9.10
and 9.11), one equation is needed to model the inorganic sulfur dynamics and
another equation is needed to model either H,S or HS™ (Batstone et al., 2002;
Jeppsson & Rosen, 2006). The other compound is calculated as the total
inorganic sulfur minus the calculated compound (e.g. Spzs = Sts — Shs—). When
utilizing ODE, all chemical species are included in the state vector and thus
stoichiometry and kinetics are defined in terms of species (Lizarralde et al.,
2015). This modification also requires the inclusion of an additional rate equation
for the acid-base reaction (Equation 9.14), where pa g ns is the product rate of
H,S from HS™ (i.e. base to acid) and ka,p nos is the acid-base kinetic parameter
(1 x10"M™" - day™ ") (Jeppsson & Rosen, 2006):

p%,hzs = k% s (Shs—(Sht — Ka1) — Ka1Sis) (9.14)

9.2.1.5 Gas-liquid H>S mass-transfer

To calculate the concentration of H,S in the biogas and in the liquid phase, it is
necessary to consider the H,S mass-transfer between the liquid and the gas phase.
Henry’s law, which expresses the concentration in the liquid phase due to a gas
partial pressure, has been used to describe the equilibrium between both the
liquid and the gas phase (Cassidy et al., 2015; Kalyuzhnyi et al., 1998). Equation
9.15 is the single-film mass-transfer equation to dynamically model the exchange
of H,S between both phases:

Pros = kra - (Snas — 64 - Ky nos * Pros, gas) (9.15)

where pr s is the specific mass-transfer rate of H,S from the liquid to the gas phase,
ka is the gas-liquid transfer coefficient (200 day "', as most common default value
although highly variable depending on mixing, temperature, etc.), Spps is the
hydrogen sulfide concentration in the liquid phase, Kpnos is the Henry’s law
coefficient for H,S (0.001 M - bar! (Batstone et al., 2002)), 64 is a conversion
factor to convert the Henry’s law coefficient from molar to chemical oxygen
demand (COD) basis, and pps gas is the partial pressure of H,S in the headspace
(bar). The impact of temperature on the Henry’s law coefficient should be also
considered in the model (Majer et al., 2008).

9.2.1.6 Metal precipitation

Metal precipitation modeling has received less attention than the physical and
biochemical reactions, likely due to the difficulty in implementing and validating
the model as well as the inexistence of a standardized model structure. However,
metal precipitation is important since (i) sulfate reduction technology is used to
produce H,S which in turn is used to remove/recover metals as metal sulfide
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precipitates, and (ii) ferrous and ferric chloride are used to precipitate sulfides in
anaerobic digesters (Hussain et al., 2016; Kaksonen & Puhakka, 2007; Lewis,
2010).

There are two main methods to model chemical precipitation in anaerobic
biotechnologies: (i) an equilibrium-based model solved using algebraic equations,
and (ii) a kinetic-based model solved using ODE. The equilibrium-based model
assumes that precipitation reactions are fast and, therefore, there is enough
reaction time for ions to form the precipitates and reach equilibrium (Barat et al.,
2013; Lewis et al., 2003; Lizarralde et al., 2015). The equilibrium-based model
precipitates the ions present in a supersaturated solution based on the minerals
solubility product constant (K,) values until the equilibrium is reached. Gupta
et al. (1994) used an equilibrium-based model to simulate metal sulfide and
carbonate precipitation. The main advantages of an equilibrium-based model are
the lower computational demand and the fact that it relies on well-known
electrolyte solution thermodynamics (Kazadi Mbamba, 2016). However, in these
models, the precipitate with the lowest K, prevails over other mineral phases. On
the other hand, the kinetic-based precipitation model allows control of the rate at
which the precipitation reaction progresses towards the equilibrium. Therefore, at
the end of an integration step the aqueous solution may still be supersaturated or
undersaturated (Kazadi Mbamba, 2016). Note that if the precipitation rate is fast
enough, the kinetic-based and the equilibrium-based models should achieve
identical results. Nonetheless, since there is no standardized model, there are
several kinetic-based precipitation models available in the literature utilizing
different structures and equations (Barat et al., 2013; Kazadi Mbamba et al.,
2015; Kralj et al., 1997; Lewis, 2010; Lizarralde et al., 2015).

A pioneering approach towards a kinetic-based precipitation model for
precipitation in wastewater streams was developed for the Activated Sludge
Model No. 2d (ASM2d) by Henze et al. (1999). In the ASM2d model, iron
phosphate (FePO,) precipitation and redissolution were modeled using Equations
9.16 and 9.17, where iron phosphate (Xg.po4) precipitates from the reaction
between phosphate (Spp4) and ferric hydroxide (Xgeomy3):

Ppre,FeP0, = Keryst, FePo4 = Spo, * XFe(OH), (9.16)

Pred.Fepo, = Kdiss.FePo4 - XFePO, (9.17)

In Equation 9.16 and 9.17, kcryst prepos s the iron phosphate precipitation rate,
and kgiss Fepoa 18 the iron phosphate redissolution rate. The main limitation of the
ADM2d precipitation model is that it does not approach equilibrium conditions,
since precipitation occurs because soluble phosphate and iron hydroxide are
present in the reaction media (Kazadi Mbamba, 2016). A much more
comprehensive precipitation model was proposed by Koutsoukos ez al. (1980)
(Equation 9.18), which was later on modified by Musvoto et al. (2000), Barat
et al. (2013) and Lizarralde et al. (2015). Although none of these studies included
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metal sulfides precipitation, the proposed model is a generic model that can be easily
adapted to model different mineral precipitations.

1 1"
Ppre.Ma = Karyst,MaA + S - [([M'“+]v+[Aa‘]”_)” — (™ 1g* [Aa_]o_)”j| (9.18)

where [M™], [A*"] and [M™"]y, [A* ], are the concentrations of the ions in
solution at a given time and at equilibrium, respectively. k.rysma is the apparent
precipitation rate constant of MA, s is a factor proportional to the number of
growth sites available, v™ is the number of cations involved in the reaction, v~ is
the number of anions involved, and v=v" + v~. The exponent n is a number
determined experimentally and is equal to 2 for most precipitation reactions. Note
that the product between [M™"],"" and [A* ],"~ equals the solubility product of
the mineral (Kgpnma). Musvoto et al. (2000) suggested that, when no seed
material is added, the precipitation rate (kerys,ma) and the growth site factor (s)
could be combined in a single precipitation rate constant (kycrysma)- Barat et al.
(2013) included a function based on the saturation index in the Kinetic
expressions related to the precipitation and dissolution processes, accounting
therefore for undersaturated and oversaturated operating conditions. Lizarralde
et al. (2015) expanded the model by including three different Monod-style
functions to model the development of the supersaturation of a solution, the
nucleation process, and the growth of the precipitates.

An alternative approach to model mineral precipitation is the one described in
Kazadi Mbamba et al. (2015b, 2015a). The authors propose a semi-empirical
first-order kinetic precipitation model in which precipitation rate depends on the
concentration of a mineral in the aqueous solution (Equation 9.19). Non-zero
seed experimental conditions were used (Xya0=1 % 107° M). The model also
includes a relative supersaturation term (o), representing the magnitude of the
driving force for precipitation, i.e. how far the aqueous solution is from
equilibrium (Equation 9.20). As for Koutsoukos et al. (1980), the exponent n is
the order of the precipitation reaction with respect to supersaturation. In Kazadi
Mbamba et al. (2015b, 2015a), the exponent n was 2 for all minerals, except for
struvite where n was 3.

Ppre.Ma = KerystMa - Xva - 07 (9.19)
1
Mot v+ A=V v
o= <¢) -1 (9.20)
Ksp

The Kazadi Mbamba et al. (2015b, 2015a) model was implemented in the ADM1
by Flores-Alsina et al. (2016), who successfully modeled multiple mineral
precipitation reactions, including iron sulfide precipitation in anaerobic digesters.
It is important to highlight that Flores-Alsina et al. (2016) considered
non-ideality, including ion complexation/pairing and ion activities instead of
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molar ion concentrations. Knobel and Lewis (2002) also considered that the aqueous
phase is a non-ideal solution. Indeed, few authors have considered non-ideality in
their calculations, which represents a source of inaccuracy (Capson-Tojo et al.,
2020; Patén et al., 2018; Solon et al., 2015).

9.2.2 Models at biofilm level

Biological sulfate reduction in high-rate granular bioreactors has been largely
researched at lab-scale (Hao et al., 2014; Liamleam & Annachhatre, 2007).
High-rate bioreactors are also the main bioreactor configuration in the full-scale
sulfate reduction technologies by Paques BV, e.g. Thioteq™ and Sulfateq™
(Hedrich et al., 2018; Huisman et al., 2006). The main advantage of granular
bioreactors (e.g. UASB and expanded granular sludge bed (EGSB)) is the
superior capacity to retain microorganisms in the system than flocculent
bioreactors (e.g. CSTR and plug flow), which allows improvement of the system
efficiency and reduction of the reactor volume (Hao et al., 2014; van Lier et al.,
2015). Additionally, the granule structure provides layered microenvironments
and niches for the different microorganisms involved in the process (Feldman
et al., 2019; Hao et al., 2014; Sun et al., 2016). Biofilm modeling enables better
understanding of the mass transport of substrates and their microbial conversion
in the biofilm as well as the dynamics of the microbial community.

The main difference between suspended biomass models (see Section 9.2.1) and
biofilm models is that biofilm models need to include additional terms to model
the diffusion of the reactants and products within the biofilm. For that purpose,
biofilm models have used Fick’s second law in spherical coordinates (Equation
9.21), which allows modeling of the diffusion of the compounds in the biofilm
under unsteady-state conditions, i.e. the model is able to model changes of
concentration gradient over time (Devinny & Ramesh, 2005; Sun et al., 2016).
Considering that the diffusion is axisymmetric, the equation is typically
simplified to Equation 9.22:

S, Dy (9 [0\ 1 (. S\ 1 (&S

Do (P2 +—— 2 (sin0 =) +—— 9.21
or 12 <8r (’ ar) T 696 <Sm ae) o\ 7e ©2D)
as; 3

D p (L 9.22
or f<a2r) ©-22)

The diffusion coefficients in the biofilm need to be estimated or fitted using
experimental data. Molecular diffusion constants for water are available for most
compounds. However, diffusion coefficients within a biofilm may differ since the
presence of microorganisms restricts the diffusion of compounds (Devinny &
Ramesh, 2005). Fan et al. (1990) published an empirical formula that relates the
diffusion coefficient measured in water with the one in the biofilm considering
the biomass density in the biofilm. However, many other equations to estimate
biofilm diffusion coefficients are available in the literature (Stewart, 1998).

Downloaded from http://iwaponline.com/ebooks/book/chapter-pdf/772259/9781789060966_0277.pdf

bv auest



Anaerobic treatment of sulfate-rich wastewaters 291

A simpler approach was used by Sun et al. (2016), who set the diffusivity
coefficients of the different compounds at 0.8-fold of the values in water.

Noguera et al. (1999) developed a mathematical model able to simulate the
three-dimensional growth of two species in an anaerobic biofilm (i.e. SRB
Desulfovibrio vulgaris and the methanogenic Methanobacterium formicicum),
which used the kinetic and thermodynamic mechanisms developed in their
previous publication (Noguera et al., 1998). The model was able to predict
different biofilm structures in the presence and in the absence of sulfate as well as
when both microorganisms co-existed. The research by Noguera et al. (1999,
1998) complemented the theoretical study conducted by Overmeire et al. (1994),
who showed the importance of sulfate mass transfer as a factor to comprehend
the competition between sulfate reducers and methanogens in the anaerobic
granules. The results of Overmeire et al. (1994) showed that sulfate reduction can
be limited in UASB reactors by the sulfate mass transfer. However, the model did
not include the competition between SRB and methanogens for the electron
donor, nor the utilization of SRB products by methanogens (i.e. acetate from the
incomplete oxidation of the carbon source). The model used by Overmeire et al.
(1994) was a second-order differential (Equation 9.22) one, with one boundary
condition for the center of the granule (r =0, Equation 9.23) and one boundary
condition for the granule interface (r = R, Equation 9.24):

10 aS S
(Df r ﬂ) = kn.skB 22— Xsrp (9.22)

2 dr or Ks.srB + Sg.504
as
P8.804 _ (9.23)
or
A
Dy (é’aj"“) = ki - (Saq,504 — Sg.504) (9.24)

where Dy is the diffusion coefficient of sulfate in the biofilm, S, 504 is the sulfate
concentration in the granule, k,, sgrp 1S the maximum uptake rate of sulfate,
Kssrp is the sulfate half-saturation constant, Xsrp is the SRB concentration in
the granules, R is the radius of the granule, S,qso4 is the sulfate concentration in
the liquid, and k, is the mass transport coefficient of sulfate in the stagnant liquid
film between the liquid bulk and the granule surface.

The biological, chemical, and physical processes occurring in a methanogenic
and sulfate-reducing granular reactor under dynamic conditions have been
modeled by D’Acunto et al. (2011) and by Sun et al. (2016). D’Acunto et al.
(2011) developed a convection-diffusion model, where a convection term
controlled the biofilm growth and a diffusion term controlled the substrate and
product gradients within the biofilm. The model included three distinct microbial
groups (i.e. complete oxidizing SRB, incomplete oxidizing SRB, and
methanogens) and three reactions (one reaction for each microbial group).
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D’Acunto et al. (2011) predicted that SRB dominate the outmost layer of the granule
while methanogens dominate the inner layers of the granule. D’ Acunto et al. (2011)
also found that the methanogenic layer gains dominance in the granule as the
influent BOD:SO,>” ratio decreases. The microbial distribution obtained by
D’Acunto ef al. (2011) within the granule is in agreement with the one obtained
by Sun et al. (2016). Sun et al. (2016) showed that SRB and fermentative
bacteria dominate in the granule outer layer, while methanogens dominate in the
granule inner layer. In Sun er al. (2016), a mathematical model based on growth
kinetics of microorganisms and substrate transportation through biofilms was
developed to describe methane production and sulfate reduction with ethanol as
the key electron donor. The model was calibrated and validated using
experimental data from two case studies conducted in a UASB reactor. The
developed model could satisfactorily describe methane and sulfide production as
well as ethanol and sulfate removal in both systems. The model outputs revealed
a stratified distribution of methanogenic archaea, sulfate-reducing bacteria and
fermentative bacteria in the anaerobic granular sludge and the relative abundances
of these microorganisms vary with substrate concentration. It also revealed that
sulfate-reducing bacteria outcompeted fermentative bacteria for ethanol utilization
when the COD/SO4>~ ratio was equal to or above 0.5. Model simulations
suggested an optimal granule size for efficient methane production, while the
sulfate reduction was not significantly affected by variation in granule size. Sun
et al. (2016) also provided comprehensive insights by revealing that the methane
production and sulfate reduction were affected by ethanol and sulfate loading
rates as well as by the development stage of the microbial community. The model
of Sun et al. (2016) was based on ADMI1 and included six microbial groups, i.e.
ethanol fermenters, ethanol-degraders SRB, acetate-degraders SRB, autotrophic
SRB, acetoclastic methanogens, and hydrogenotrophic methanogens. Most
importantly, Sun et al. (2016) were able to properly describe the methane
production and sulfate reduction of a UASB reactor operated for over 180 days.

9.3 ON-LINE MONITORING
9.3.1 Sensors for sulfurous compounds

Different off-line techniques based on analytical measurements can be applied for
monitoring AD processes due to their great reproducibility and precision. These
techniques are, however, time consuming and require extensive manual handling.
Thus, the choice of appropriate on-line monitoring techniques is crucial for
efficiently controlling biological processes of this type, which are complex — due
to their strong non-linearity and non-stationarity — and thus very difficult to
control. For instance, a simple method for the determination of dissolved sulfide
in colored complex media was developed at the end of the 1990s by Percheron
et al. (1996) using ion exchange chromatography. Its principle was based on the
complete oxidation of sulfide into sulfate through the strong oxidant hydrogen
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peroxide. The difference in sulfate concentration gives the total dissolved
sulfide concentration. Sulfide from continuous and discontinuous digestion of
sulfate-rich wastewater has been successfully assayed by this technique.
However, autoxidation and stripping of H,S must be avoided, thus basification,
refrigeration and/or other handling actions must be performed immediately after
sampling, without bacterial separation.

On-line monitoring remains the weakest part of real-time AD systems process
control. Accordingly, adequate selection of monitoring equipment is required to
achieve accurate actions. Among the available sensors, the choice of a
measurement device to be used for on-line control depends on several factors,
such as its sensitivity to variations and its response time to a disturbance.
Additional criteria should also be considered at the industrial scale such as low
cost and low maintenance. For example, Jimenez et al. (2015) and Wu et al.
(2019) presented comprehensive overviews of different monitoring techniques
used in AD processes. Moreover, a comprehensive overview of real-time
monitoring techniques to measure sulfide, electron donors, sulfate, and biomass
composition can be found in Cassidy et al. (2015).

Within the anaerobic treatment of sulfate-rich wastewaters, sensors to
probe sulfurous compounds are of the greatest importance. Classical on-line and
off-line sulfide concentration measurements based on sensors consist of using an
ion selective electrode (Bandekar et al., 1995), a redox electrode (Janssen et al.,
1998), a titrimetric method (Zancato et al., 1990), or a spectrophotometric
method (Bandekar er al., 1995). Nonetheless, the most widely implemented
monitoring method to indirectly measure the overall activity of the process
consists of analyzing the output gas composition and flow rate.

Different techniques are available for measuring the composition of the
biogas including H,S, such as Infrared (IR), Fourier transform infrared (FTIR),
non-dispersive infrared (NDIR), ultraviolet (UV) and ultraviolet-visible (UV/VIS)
photometers; diode laser sensing, specific analyzers based on electrochemical
cells, thermal conductivity analyzers, and moisture sensors (Jimenez et al., 2015;
Redondo et al., 2008; Wu et al., 2019). From these on-line measurements, a soft
sensor (also known as a virtual sensor) based on a theoretical evaluation from
the Henry’s law and the sulfide dissociation equilibrium can be used to calculate
the concentration of dissolved compounds. Figure 9.3 shows a general

SOFT SENSOR
Process ¥, aensor(s) Estimator / Model Estimated
»  Analyzer(s) parameter(s)

l a priori knowledge / measurement(s) ‘

Figure 9.3 Schematic view of a soft sensor.
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representation of a soft sensor, which can be defined as a numerical algorithm that
combines signals from available hardware sensors within a given mathematical
framework. They estimate an unknown parameter, taking advantage of the a
priori knowledge available about a process (Bastin & Dochain, 1990).

9.3.2 In-situ sulfate sensors

Different electrodes can be used for sulfate monitoring, such as ion-selective
electrodes (ISEs), which are usually chosen for routine applications since they
have many advantages over other methods for anion concentration determination.
Different sulfate-selective compounds were proposed at the end of the 1990s
based on the Nernst potential for sulfate determination in liquid streams (see e.g.
Berrocal et al., 2000; Li et al., 1999; Nishizawa et al., 1998; Shamsipur et al.,
2001). The selectivity of an ISE towards sulfate is of great importance and must
be taken into account when choosing an appropriate ISE sensor. The response of
an ISE should, in theory, be in accordance with the Nernst equation (Cassidy
et al., 2015):

? -log (a;) (9.25)

E:A—2.303I§'

zZ
where E is the electrode potential, A is a constant, R is the universal gas constant, T is
the temperature, F is the Faraday constant, z; is the ionic charge, and q; is the activity
of the ion.

Morigi et al. (2001) presented a sulfate-ISE based on a dispersion of hydrotalcite
particles into a polymeric membrane using coated-wire (CW) configuration, testing
membranes based on polyvinyl chloride (PVC) and polydimethylsiloxane (PDMS).
Morigi et al. (2001) observed that both membranes exhibited strong and selective
interactions with sulfate, despite better performances being obtained when using
PDMS rather than PVC, with response times below 60 seconds, while the
potentiometric response was practically constant in the pH range 4-7. Ganjali
et al. (2002) presented a novel sulfate ion-selective polymeric membrane
electrode based on a derivative of pyrilium perchlorate. This ISE showed good
selectivity for the sulfate ion with respect to common organic and inorganic
anions, exhibiting good linear responses within a pH range of 4-9. Another
sulfate-selective PVC-based ISE was tested by Mazloum-Ardakani et al. (2012).
These authors investigated the performance of this electrode using potentiometric
and electrochemical impedance spectroscopy (EIS). The results showed that the
prepared electrode had a detection limit of 6.3 x 10~’ M and a response time of
less than 15 s.

Nezamzadeh-Ejhieh and Esmaeilian (2012) proposed a sulfate-ISE based on
surfactant-modified zeolite particles into carbon paste. The electrode exhibited a
linear response range to sulfate species in the range of 107 to 107> M with a
detection limit of 2 x 107® M and a good sensitivity based on the Nernstian slope
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within the pH range 4-10. Lomako et al. (2006) also evaluated a sulfate-ISE based
on the composition of a neutral carrier and a quaternary ammonium salt. The ISE
was used for the determination of sulfate in seawater, mineral water and urine by
a direct potentiometric method and potentiometric titration, resulting in relative
errors below 7%. Mazloum-Ardakani et al. (2006) presented a sulfate-ISE based
on a complex of copper as a membrane carrier. The electrode exhibited good
sensitivity and linearity within the range of 10~’—10~" M. The probe resulted in a
fast response time of 10 seconds and had a lifetime of more than three months
within the pH range 3.5-8.0. Fibbioli et al. (2000) investigated a polymeric
membrane ISE based on an anionic chloro-borane cluster and a dihydrochloride
analogue for phosphate and sulfate monitoring. The best sulfate selectivity was
found for ISE membranes based on the dihydrochloride, whereas those with the
zwitterion analogue were shown to possess a reasonably good selectivity for
monohydrogen phosphate. More recently, Gotebiewski er al. (2019) studied an
electrochemical sensor comprising a cyclopeptide connected to the surface of a
gold electrode via a bis(dipyrromethene) Cu(l) or Co(Il) complex for the
detection of sulfate in water. The sensor displayed high selectivity and sensitivity,
rendering it potentially useful for environmental monitoring.

Although further research is needed to develop industrially-feasible ISEs, these
solutions are of great interest for real-time controlling sulfate-rich processes. On-line
dissolved sulfate measurements are very important when treating sulfate-rich
wastewaters since the influent BOD:SO,*™-S ratio strongly affects the feasibility
of AD systems due to the competition of SRB and methanogens for the available
substrate. Thus, these ISE sensors would enable the development of control
strategies aimed to optimize methane production or to minimize H,S inhibition,
among others.

9.3.3 In-situ sulfurous compounds sensors

Regarding H,S, Pandey et al. (2012) broadly discussed the use of different sensors
for H,S measurement in the gas phase, such as the following:

* Semiconducting metal-oxide sensors in the form of thin or thick films, based
on metal-oxide semiconductors (e.g. tin oxide). These sensors present a small
size, simple construction, low weight, low power consumption, and low cost
(Fine et al., 2010). The heated metal-oxide sensor is the most commonly used
sensor for monitoring gases.

* Electrochemical sensors based on liquid and solid electrolyte sensors, with
solid electrolyte being the most commonly used electrochemical sensors for
H,S-gas analysis. Amperometric-based electrochemical sensors generate a
current signal that is related to the H,S concentration by Faraday’s law and
the laws of mass transport. Potentiometric-based electrochemical sensors
measure electrical potential (voltage).
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* Optical sensors use an optical sensing technique, based on the attenuation of
light waves, commonly employing optical transduction techniques to yield
H,S information (McDonagh et al., 2008). Optical chemical sensors can
generally be categorized into two types, i.e. direct and reagent mediated. In
direct sensing, H,S is detected via its intrinsic optical property (e.g.
absorption or luminescence). In reagent-mediated sensors, a change in the
optical response of an intermediate agent is used for measurement. For
instance, Cho er al. (2008) proposed a wireless electronic nose system for
real-time quantitative analysis of gas mixtures using a gas sensor
micro-array and neuro-fuzzy network, showing good performance in the
concentration range of 0.15-1.5 ppm H,S with a high sensibility and
response time (0.2 s).

* Conducting-polymer sensors are widely used for gas characterization due to
their easy fabrication (see e.g. Virji et al., 2005), high reproducibility, rapid
reaction rate, and low cost compared to other techniques. The basic idea is
to mix conducting materials with polymers selected for the target gas to
form a conducting-polymer-composite sensing material.

* Piezoelectric sensors are configured as mass-change-sensing devices.
Generally, these devices are a resonating polymer-coated disk with metal
electrodes, each side of which is connected to a lead wire. These sensors
resonate at a characteristic frequency via excitation by a specific oscillating
signal. Another type of piezoelectric device is the surface acoustic wave
device, which is based on the principle that a Ray-Leigh wave travels over
the surface of the device instead of through its volume (Tigli & Zaghloul,
2007).

On the other hand, on-line dissolved sulfide monitoring is also of great importance
when treating sulfate-rich wastewaters. ISEs can also be used for this purpose.
Moreover, from the measured activity of free sulfide ions with an ISE, the
analytical concentration of the total dissolved sulfide (TDS) can be calculated if
the protonation constants of the sulfide ion (K; and K;) and the pH of the sample
solution are known (Cassidy et al., 2015), as shown in Equation 9.26, creating a
virtual sensor based on ISE, pH and equilibrium calculations:

TDS
§ = B (9.26)
1 D
K K

For instance, Grootscholten et al. (2008) designed an on-line estimator based on
Equation 9.26 for the sulfide and zinc concentrations in a precipitation reactor. This
virtual sensor allowed estimation of ZnS concentrations and precipitation rates in a
CSTR based on the pH and the activity of the >~ measured through an ISE. An
appropriate performance was observed on the basis of experimental data, offering
good possibilities for application in other metal removal processes.
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Different sulfide-ISEs were developed in the 1980s and 1990s for sulfur
determination in liquid (see e.g. Atta ef al., 1998; Guterman ef al., 1983; Té6th
et al., 1988) and even solid (Garcia-Calzada et al., 1999) samples. However,
results on sulfide-ISEs seem to be less accurate than those obtained for
sulfate-ISEs due to different inferences on the measuring principle. For instance,
Balasubramanian and Pugalenthi (2000) critically analyzed ISEs and iodimetry for
the determination of sulfide in tannery wastewater, showing significant deviations
of ISEs from reference values. In this case, the accuracy of the values obtained
through ISEs depended on the different effluent streams from which the samples
were collected. Villa-Gomez et al. (2014) used a sulfide-ISE that was shown to be
informative for applications in sulfate-reducing bioreactors and was successfully
used for control purposes. However, the response of the probe showed a
time-varying behavior due to sulfide accumulation or utilization of substrate
sources that were not accounted for. Therefore, the recorded sulfide values needed
to be corrected for pH variations and high sulfide concentrations (>200 mg - L™).
On the other hand, Nezamzadeh-Ejhieh and Afshari (2012) modified a PVC-
membrane electrode with the surfactant zeolite for potentiometric determination of
sulfide, showing successful sulfide determinations in waste samples from a sugar
company. This electrode exhibited a linear response range to sulfide in the range
of 1077 to 10~ ' mol - L™" with good sensitivity to potential changes and a
detection limit of 6.3 x 10~ mol - L™ within the pH range 3-10.

Regarding combined systems, Redondo et al. (2008) designed an automated
H,S on-line analyzer to assess the composition of the liquid and gas phases. The
analyzer consisted of an Ag,S ISE to detect S~ in the liquid phase and a
continuous flow analyzer with a gaseous diffusion step for detecting H,S in the
gas phase. High Nernstian slopes were achieved.

9.3.4 Biosensors

Cassidy et al. (2015) reviewed the possibilities of combining in-situ sensors with
molecular techniques to get better insights into the processes prevailing in a
bioreactor, such as combining microelectrodes with specific oligonucleotide
probes (Ramsing et al., 1993), or combining molecular techniques (DGGE:
denaturing gradient gel electrophoresis, PCR: polymerase chain reaction and
FISH: fluorescence in situ hybridization) with microsensors for H,S and CH,4
(Santegoeds et al., 1999). However, these techniques for biomass and activity
characterization are invasive, destructive, expensive, and provide off-line data.
Hence, further research is required to quantify microbial activity in real-time. In
this respect, impedimetric biosensors would allow quantification of different
biological-related processes, such as the following: monitoring microbial
populations using an impedimetric immunosensor (Wan et al., 2009), antibody
recognition through direct immobilization on a bioinspired architecture as a
sensing platform (Wan et al, 2011), evaluation of redox indicators under
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dechlorinating conditions (Jones & Ingle, 2005), amplification of responses of
vancomycin-functionalized magnetic nanoparticles using a modified quartz
crystal microbalance (Wan et al., 2010a), potentiometric stripping analysis for the
detection of Desulforibrio caledoiensis (Wan et al., 2010b), or monitoring the
treatment of acid mine drainage using conductivity (Lyew & Sheppard, 2001).

9.4 CONTROL
9.4.1 Process control in AD

AD must be optimized to enhance resource recovery with minimum energy input.
However, AD optimization is not straightforward due to the inherent complexity
involved in anaerobic processes. In particular, sensitivity to process overloads
and other disturbances such as acidification, inhibition and toxicant exposure,
rheology, foaming, stirring and mixing problems, as well as low/high C:N ratios
(i.e. ammonia inhibition and lack of macro- and micro-nutrients) are among the
main situations that can be faced in practice. These factors may lead to different
operational problems including biomass washout. Over the years, research on AD
has advanced, allowing for widening the application field of AD: from the
side-stream treatment of sewage and biological sludge to the mainstream treatment
of wastewater (industrial and municipal /urban), and to the (co-) digestion of the
organic fraction of municipal solid waste, food waste or different kinds of
agricultural residues. Therefore, control targets have also evolved, moving from
the classical regulation of key variables to the prediction of overall AD process
performance, including feeding optimization (e.g. blending of co-substrates).

AD is a mature technology that relies on a synergistic effort of a diverse group of
microbial communities to metabolize diverse organic substrates (see Figure 9.1).
However, AD is sensitive to process disturbances, and thus it is advantageous to
use on-line monitoring and process control techniques to efficiently operate AD
processes: Section 9.3 overviewed the range of electrochemical, chromatographic
and spectroscopic devices that can be implemented for on-line AD monitoring
and control. Complexity of the control strategy ranges from a feedback control to
advanced control systems.

Different operating and control strategies have been proposed, from open-loop
and off-line control approaches to advanced automatic (closed-loop) control
systems. Several examples of control strategies applied to different AD systems
can be found elsewhere, mostly using continuous in situ monitoring and
associated feedback procedures to routinely deliver continuous and optimal
performance (Gaida et al., 2017; Jimenez et al., 2015; Nguyen et al., 2015;
Olsson et al., 2014; Robles et al., 2018; Ward et al., 2008). Over the last 40
years many different control methodologies for substrate feed control of AD
processes have been developed to improve plant efficiency and sustainable
long-term energy production (Gaida et al., 2017). Regardless of the application,
such control aims to find a compromise between maximizing economic yield,
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minimizing the ecological footprint and minimizing the risk of process failure
(Gaida et al., 2017).

9.4.2 Advanced closed-loop control of AD processes

Besides classical proportional-integral-derivative (PID) control and derivatives (e.g.
PI - proportional integral), different advanced control approaches have been applied
to different AD processes, such as disturbance monitoring control, model predictive
control, adaptive control, robust control, fuzzy control, artificial neural networks,
and fault detection and isolation, among others. A summary of the main
characteristics of these controllers is presented in this chapter.

9.4.2.1 Disturbance monitoring control

The control of wastewater treatment processes in general — and for the treatment of
waters polluted by sulfurous compounds in particular — can be achieved through a
careful analysis of the disturbances affecting the main variables. The purpose of the
“disturbance monitoring” is to develop a control strategy that, compared to
conventional controllers, tackles the problem of process overloading very
differently (Steyer et al., 1999). The basic idea of this control strategy is to add a
disturbance on the input liquid flow rate. The response of simple parameters, that
can be chosen because of their heavy use at the industrial scale (e.g. pH and the
output gas flow rate), can be analyzed to determine if it is possible to increase the
loading rate of the reactor. A negative effect of a positive disturbance (e.g. an
increase of the input liquid flow rate) can be observed by a pH decrease or by an
increase of the output gas flow rate lower than theoretically expected. In such a
case, the reactor is assumed to be overloaded and the organic loading rate is
automatically decreased. In the case of no negative effect of the disturbance, the
reactor is assumed to operate safely (i.e. without being overloaded) and the
loading rate is increased. Thus, the organic loading rate can be maintained as
high as possible despite influent variability and the organic matter concentration
of the treated effluent can be kept low and stable (Steyer et al., 1999).

9.4.2.2 Model-based and linearizing control

The model-based control principle is largely used in the process industry. These
controllers take advantage of available mathematical models for optimization
purposes. Model-based control could allow efficient control of the running of a
digester while achieving more precise actions than those controllers based on the
difference between measurements and set points. For instance, linearizing control
is based on the linearization of a non-linear system in order to achieve linear
closed-loop dynamics. However, due to the strong non-linearity of AD processes,
linearizing controllers only attain proper results when the process dynamics are
bound by a defined linear zone. This kind of controller is built in a two-step
procedure (Kurtz & Henson, 1997). Firstly, a non-linear model is used in order to
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synthesize the non-linear state feedback controller that linearizes the map between a
“new” manipulated input and the controlled output. In the second step, a linear pole
placement controller is designed for the feedback linearized system.

9.4.2.3 Adaptive control

The key idea of an adaptive control design is to take advantage of the well-known
parameters associated with the dynamics of bioprocesses (basically, the reaction
pathways and mass balances summarized in a dynamic mass balance model)
while accounting for the model uncertainty (mainly the kinetics). Since the model
is generally non-linear, the model-based control design might result in a
linearizing control structure, in which the on-line estimation of the unknown
variables (concentration of pollutant and its intermediates) and parameters
(reaction rates and yield coefficients) are incorporated.

Adaptive control schemes can be applied for AD processes because of their good
disturbance rejection ability (Renard et al., 1988). In such cases, the parameters of
the controller are continuously adapted to follow — and sometimes to estimate — the
changes in the operating conditions (Dochain & Perrier, 1993).

9.4.2.4 Robust control

One of the key issues to be addressed in controlling biological wastewater treatment
processes is to reject the disturbances that can destabilize the reactor. It is worth
mentioning that a clear distinction must be made between disturbance rejection
and insensitivity to unmodeled phenomena or parameter variations. Robust
control strategies represent a promising option to tackle these two problems since
this control strategy includes significant improvements over conventional PID
controllers (Flores-Estrella et al., 2019; Méndez-Acosta et al., 2010). Regarding
adaptive control, robust control approaches strongly rely on mathematical models
such as those depicted in Section 9.2. However, the main difference between
robust and adaptive control schemes is that the latter continuously adapt their
parameters based on dynamic estimates of the process evolution whereas, in the
former scheme, the uncertainty is explicitly accounted for in the building of the
controller. The adaptive control scheme can thus achieve a better performance
whereas the robust control scheme can handle more severe operating conditions
(Steyer et al., 2006).

9.4.2.5 Fuzzy control

AD is a complex process which presents important challenges to be controlled with
classic PID methods. However, this imperfect knowledge of the process can be
minimized through expertise obtained with the operation of pilot units. Since
fuzzy logic naturally captures the acquired experience of human operators, it
appears to be a powerful tool for controlling this type of process (Driankov et al.,
1996; Zadeh, 1965). In addition, fuzzy logic can incorporate semi-quantitative
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information into simplified models and it can put subjective information into a form
usable by computers.

Fuzzy control allows efficient management of a wastewater treatment plant in
general — and an AD process in particular (Estaben et al., 1997). In addition,
fuzzy logic has very interesting properties since human operators and/or control
engineers generally find it difficult to decide upon adequate parameters to use
when dealing with a full-scale wastewater treatment plant. The fuzzy control
theory can be used to implement effective control strategies even when suitable
models or correct parameters are unknown. Last but not least, this method can be
extended to many different applications in the wastewater treatment field since a
fuzzy controller can be easily tuned (Driankov ef al., 1996).

9.4.2.6 Atrtificial neural networks

Section 9.4.2 has so far outlined several difficulties which arise upon the
implementation of control systems for wastewater treatment and the AD process.
Firstly, the behavior of biological processes and the models describing these
systems (see Section 9.2) are often highly non-linear. Additionally, these models
are complex and their parameters are often difficult to determine. The dynamics
of biological processes also tend to vary because of variations in metabolism and
environmental parameters.

Application of artificial neural networks (ANNs) overcomes all these problems
since ANNs can approximate any non-linear mapping arbitrarily and their
learning abilities together with their parallel structure make them suitable for
adaptive on-line application (Funahashi, 1989; Hornik et al., 1989). It is thus
clear that artificial neural networks are promising for the modeling and control of
biological and AD processes (Premier et al., 1999; Wilcox et al., 1995).

9.4.3 Process control of sulfate-reducing bioprocesses

The number of closed-loop control applications in sulfate-reducing bioprocesses is
still scarce. Nonetheless, there is a good number of open-loop strategies that may
help to improve the performance of these systems. Moreover, mathematical
models (see Section 9.2) may serve as support for the design of enhanced
operating and control strategies when there are available monitoring techniques
(see Section 9.3).

Many operating strategies have been used to control the conversion of sulfate into
sulfide and the underlying problems related to corrosive sulfide formation (see
Chapter 6). Sulfate-reducing process control has mainly focused on regulating the
competition among microbial groups, optimizing the input ratio of electron
donors to acceptors, and/or minimizing sulfide production. Specifically, the
competition for the use of available substrates between SRB and methanogens
strongly reduces the energy recovery from waste, especially in the case of
treating wastewaters with low BOD:SO,>-S ratios such as urban wastewater.
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Moreover, the generated H,S has a higher impact on methanogenic than on SRB
activity (Chen er al, 2008). However, the control of the influent sulfate
concentration is generally considered as an unrealistic option (Cirne et al., 2008;
Jimenez et al., 2015), thus control of sulfate-reducing processes has been
generally focused on four main alternatives conceived to control the negative
effects of sulfide: (i) prevent sulfide formation with the addition of SRB
inhibitory compounds (e.g. molybdate, divalent transition metals, antibiotics); (ii)
addition of small amounts of oxygen in the anaerobic digester to oxidize sulfide
to sulfur or sulfate (microaeration); (iii) addition of organic and inorganic salts to
precipitate sulfur; and (iv) biogas desulfurization in an external gas treatment unit
(Cirne et al., 2008; Jimenez et al., 2015). Specifically, microaeration and salts
addition for metal precipitation are two strategies that can be efficiently optimized
through the implementation of an automated control system. Chemical
technologies to mitigate H,S inhibition (i.e. to oxidize the sulfide) include
precipitation by addition of metal salts and addition of oxidizing reagents like
chlorine, hydrogen peroxide, or potassium permanganate. Biological methods
include biological oxidation of H,S by sulfur-oxidizing bacteria and inhibition of
SRB activity (Liu et al., 2015).

9.4.3.1 Control of H>S emissions
9.4.3.1.1 H,S oxidation in bioreactor effluent

McFarland and Jewell (1989) presented one of the first studies dealing with control
algorithms applied to AD processes treating sulfate-rich wastewaters. They
recommended pH adjustment for biogas sulfide control under conditions in which
the influent sulfur level is below sulfide inhibitory concentrations, showing that
control of gaseous sulfide levels through insoluble iron (Fe®") phosphate addition
is an efficient control strategy with no adverse effects on digester performance.
Later, Camp and Sublette (1992) used another system — a PC-based machine
vision system — to continuously monitor changes in biomass concentration and to
control the undesirable production of colloidal elemental sulfur (a reactor upset
condition due to an inhibitory sulfide concentration) in a bioreactor containing
Thiobacillus denitrificans. A video camera was established which produced
regions of different background lighting. Mean values of the distribution of red,
green and blue intensity components with corresponding regions of a digital
image captured from the camera were used to monitor color changes associated
with changes in biomass concentration and to determine if the reactor was under
suboptimal operational conditions. They showed that the ratio of red to blue
intensity was an important parameter in detecting the formation of an elemental
sulfur precipitant. Using a stepper motor-driven pressure regulator, process
control was then performed by altering the hydrogen sulfide flow rate setpoint
based on the vision system measurements. At the end of the 1990s, Janssen et al.
(1998) showed that the formation of elemental sulfur from the biological
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oxidation of sulfide could be optimized by controlling the redox state of the solution.
They successfully applied a PI control of the redox potential so that nearly
stoichiometric amounts of oxygen were supplied to the system. In this way, the
supplied oxygen was sufficient for oxidizing sulfide to sulfur, although about
10% of the sulfide was still oxidized to sulfate.

9.4.3.1.2 H,S oxidation in biogas

Microaeration is considered a highly efficient, simple, reliable, and economically
feasible technique for removing hydrogen sulfide from biogas (Cirne et al., 2008;
Khoshnevisan et al., 2017; Krayzelova et al., 2015). During microaeration, the
oxygen added to the anaerobic digester promotes sulfide oxidization to elemental
sulfur through chemical oxidation or by the so-called sulfide-oxidizing bacteria
(SOB). However, microaeration is commonly conducted as an open-loop
strategy, and only a few automated applications are available. In any case, precise
dosing of O, is required to maximize the efficiency of anaerobic digestion. The
appropriate oxygen dosing depends on the microaeration target: preventing
volatile fatty acids (VFA) accumulation or removing hydrogen sulfide (Nguyen
& Khanal, 2018).

The optimization of the 0,:S> ratio or the dissolved oxygen (DO) concentration
(i.e. working under oxygen limiting conditions: DO concentrations <0.1 mg - L™
enables elemental sulfur to be obtained as a main end-product, which is the most
desirable option from an economic point of view (Janssen et al., 1995). Besides,
optimizing the amount of required oxygen for H,S oxidation can lead to the
potential recovery of elemental sulfur. Hydrogen sulfide removal efficiencies
higher than 90% can be achieved with microaeration (Fdz.-Polanco et al., 2009;
Jenicek et al., 2010; Ramos et al., 2014). Another factor affecting the efficiency
of microaeration that could be used as a manipulated variable in a closed-loop
controller is the residence time of biogas in the headspace volume, especially
when air is dosed into the headspace. Removal efficiencies close to 100% have
been reported (Diaz et al., 2011; Ramos & Fdz-Polanco, 2014) with biogas
residence times over 5 hours. These high efficiencies are due to the fact that SOB
usually grow on the walls of the headspace.

Different control parameters have been used for maintaining an appropriate
oxygen injection rate in dynamic systems in order to cope with variations in
hydrogen sulfide production. Ramos and Fdz-Polanco (2014) developed a PID
controller to control the air flow rate according to the H,S concentration in
biogas. Other authors (Khanal & Huang, 2006; Nghiem et al., 2014) modified the
air dosing rate in order to maintain the set point established for the oxidation
reduction potential (ORP). Microaeration operated at a constant dosing rate could
indeed result in oxygen overdosing thus decreasing methane production
(Kobayashi et al., 2012). The strategy of intermittent microaeration has also been
applied in different studies. Nguyen et al. (2019) avoided VFA accumulation by
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means of an intermittent (every 24 h) ORP-controlled microaeration strategy (at
ORP of —470 mV).

Nonetheless, there are different factors to take into account in order to adequately
establish control boundaries in terms of maximum oxygen dose, such as:

* Oxygen toxicity to methanogens: although oxygen is a well-known inhibitor
for the activity of methanogens, the majority of microaeration studies have
not revealed a significant decrease in the methanogenic activity. According
to different authors (Estrada-Vazquez er al., 2003; Shen & Guiot, 1996),
methanogens are protected by facultative anaerobic bacteria in both
granular and suspended sludge.

¢ Explosion risks of methane/oxygen mixtures: the flammable range for
oxygen/methane mixtures are 85-95% air and 5-15% methane by volume
(Appels et al., 2008). The oxygen required for hydrogen sulfide removal is
very small and not close to this range. However, the explosion risk should
always be considered.

¢ Partial oxidation of soluble organic matter: the oxygen dosing rate required
for microaerobic H,S removal (0.001-0.01 - kg m 3. dayfl) is three orders
of magnitude lower than the organic loading rate (OLR, 1-10 kg COD -
m > -day'). Therefore, the amount of oxidized substrate can be
considered negligible (Krayzelova et al., 2014).

* Dilution of biogas by nitrogen from air: when air is used for microaeration,
nitrogen can significantly reduce the percentage of methane in the biogas,
making its use difficult in cogeneration units. Celis (2012) reported that the
percentage of nitrogen in the biogas increased up to 20% when treating
biogas with high H,S concentrations (around 12,000 ppm). Pure oxygen
could be used in such cases, however, it increases the operational costs.

* Aninnovative method of microaeration is the application of water electrolysis
within UASB reactors so that O2 is produced directly at the anode in the
reactor (Tartakovsky er al, 2011). A feedback control of the applied
voltage can be used to control the oxygen production rate.

Automatic process control of microaeration still remains a great challenge for its
implementation in full-scale applications (Chen et al, 2020). Mathematical
models may serve as support for the design of control strategies when there are
available monitoring techniques. In this respect, Pokorna-Krayzelova et al. (2017)
proposed the model ADM1-S:0, an ADMI extension including the processes
related to sulfate reduction and sulfide oxidation to elemental sulfur.

9.4.3.2 Metal precipitation
9.4.3.2.1 Metal addition for H,S control

Another open-loop strategy commonly conducted for H,S control is metal addition.
Nonetheless, few automated applications are yet available. Closed-loop control for
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metal precipitation would allow optimization of the dose of metal to be used for
precipitation, optimizing the economics of the process.

Metal addition can be conducted onsite or even in the sewer systems (Zhang et al.,
2008). For instance, Salehin ez al. (2019) evaluated different alternatives for reducing
coagulants usage in urban water management. Specifically, Salehin et al. (2019)
revealed that iron dosed to sewers is still available for hydrogen sulfide removal
from biogas in the downstream WWTP. This study, which was performed under
real-life conditions, confirmed the practical feasibility and effectiveness of the
strategy through a year-long full-scale investigation. Regarding metal addition in
AD systems, Lee er al. (2016) evaluated the effects of FeCl; addition on the
operation of a staged anaerobic fluidized membrane bioreactor (SAF-MBR). Total
sulfur removal increased to 87-95% with FeCl; addition. Sulfide removal
increased to 90% with addition of FeCls at the molar Fe>™:S ratio of 0.54 and to
95% when the ratio was increased to 0.95. The effluent sulfide concentration also
decreased to 0.3-0.6 mg - L™" after the addition of FeCls;. However, the addition
of FeCl; negatively affected membrane fouling of anaerobic membrane bioreactors
(AnMBR) due to the precipitation of inorganic foulants on the membrane surface.
Other actions related to direct metal addition have been carried out for controlling
H,S production in AD systems. These actions reveal the potential of automated
control of metal addition in order to minimize H,S emissions. However, other
factors such as phosphorus precipitation with metal and pH affecting H,S
dissociation must be also considered when developing control systems.

Nonetheless, not all metals are useful for potential automated control applications.
For example, Akgul et al. (2017) assessed the effect of iron and aluminum-based
coagulants on the formation of volatile sulfur compounds. Aluminum-based
coagulants significantly increased volatile sulfur compound levels, while ferric
chloride achieved up to 93% reduction of the biogas H,S concentration.

The sulfide interaction with iron as regulator of the microbial community in AD
systems is another factor to consider when designing automated control systems
based on metal addition (Shakeri Yekta er al., 2017). In this regard, control
boundaries based on the S:Fe molar ratio might be defined since this ratio
maintains a direct relation with methane production. An increase in the S:Fe
molar ratio from 0.3 to 0.5 did not alter the methane production, while S:Fe
molar ratios above 0.5-1.0 resulted in the accumulation of acetate in the digester
and a decline in daily methane production.

9.4.3.2.2 Sulfide addition for selective metal precipitation

Besides the addition of metals for sulfide control, sulfide addition can also be used
for selective metal precipitation. Different examples can be found in the literature
using different types of ISE and pH sensors aiming to control chemical sulfide
addition in a precipitation reactor. Table 9.1 shows some examples of control
strategies applied for metal precipitation using chemical and biogenic sulfide.
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Table 9.1 Examples of control strategies for metal precipitation from chemical and
biogenic sulfide (extended from Cassidy et al., 2015).

Controlled Manipulated  Objective Reference
Variable Variable
Chemical sulfide  Sulfide flow Selective heavy metal Veeken et al.
concentration precipitation (Cu-Zn and (2003)

Pb-Zn)
Biogenic sulfide Sulfide flow Zinc precipitation Konig et al.
concentration (2006)
Biogenic sulfide Sulfide flow Zinc precipitation Esposito et al.
concentration (2006)
Chemical sulfide  Sulfide flow Copper and Zinc selective Sampaio et al.
concentration precipitation (2009)
Chemical sulfide  Sulfide flow Zinc and Nickel selective =~ Sampaio et al.
concentration precipitation (2010)
Biogenic sulfide OLR Sulfate reduction in a Villa-Gomez
concentration fluidized bed reactor et al. (2014)

Veeken et al. (2003) proposed a process where a sulfide-selective ISE was used
to control sulfide addition in order to remove heavy metals (Cd, Cu, Ni, Pb, and Zn).
The heavy metals were removed to ppb levels at pH 6.0 by sulfide precipitation
while maintaining the total sulfide concentration below 0.02mgL~' By
controlling the sulfide concentration at different levels, the metals in mixtures of
Cu—Zn and Pb—Zn were selectively precipitated from solution, thus producing
pure metal sulfide sludge that could be reused.

Konig et al. (2006) presented a dynamic model and a PI control strategy for the
precipitation of ZnS. In this case, the sulfide concentration was also controlled using
an ISE. The controller was able to handle sudden disturbances in the process
conditions (pH, influent flow rate, or zinc and sulfide concentration). Esposito
et al. (2006) also assessed the performance of a zinc sulfide precipitation process
using a biogenic sulfide solution (the effluent of a sulfate-reducing bioreactor) as
the sulfide source. A PI controller was used to control the pH and S*~
concentration at the desired level using a pH probe and a sulfide-selective ISE.
Sampaio et al. (2009) evaluated the selective precipitation of Cu from Zn in a
CSTR by using a sulfide-selective ISE. In this case, copper was continuously and
selectively precipitated with Na,S to concentrations below 0.3 ppb from water
containing around 600 ppm of both Cu and Zn. Sampaio et al. (2010) studied the
role of supersaturation within Zn—Ni sulfide selective precipitation. In this case,
the selective removal of Zn with Na,S from a mixture of Zn and Ni was studied
in a CSTR operating at pH 5.
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Villa-Gomez et al. (2014) evaluated progressive step changes in OLR to create
sulfide responses for the design of a sulfide control in sulfate-reducing
bioreactors. The sulfide was measured using a sulfide-selective ISE and the
values obtained were used to calculate PID controller parameters. A rapid
response and high sulfide increment were obtained through a stepwise increase in
the influent COD concentration, while a stepwise decrease to the hydraulic
retention time (HRT) resulted in a slower response with smaller sulfide
increment. Regardless of the way that the OLR was decreased, the ISE response
showed a time-varying behavior due to sulfide accumulation (HRT change) or
utilization of substrate sources that were not accounted for (influent COD
change). However, the ISE response was shown to be informative for application
of substrate dosing in sulfate reducing bioreactors.
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