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Abstract

Real-time toxicity detection and monitoring using a microbial fuel cell (MFC) is often based on observing current or voltage
changes. Other methods of obtaining more information on the internal state of the MFC, such as electrochemical impedance
spectroscopy (EIS), are invasive, disruptive, time consuming, and may affect long-term MFC performance. This study proposes a
soft sensor approach as a non-invasive real-time method for evaluating the internal state of an MFC biosensor during toxicity
monitoring. The proposed soft sensor approach is based on estimating the equivalent circuit model (ECM) parameters in real
time. A flow-through MFC biosensor was operated at several combinations of carbon source (acetate) and toxicant (copper)
concentrations. The ECM parameters, such as internal resistance, capacitance, and open-circuit voltage, were estimated in real
time using a numerical parameter estimation procedure. The soft sensor approach proved to be an adequate replacement for EIS
measurements in quantifying changes in the biosensor internal parameters. The approach also provided additional information,

which could lead to earlier detection of the toxicity onset.
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Introduction

Environmental monitoring often includes performing acute
lethality tests, e.g., using daphnia or trout species. These tests
are carried out in a laboratory, are infrequent due to manual
sampling, and inherently laborious and time-consuming. The
timely detection of toxicants in the environment is becoming
increasingly important for controlling and preventing damage
to ecosystems. Delays in detecting spills of toxic compounds
to the ecosystem can lead to loss of biodiversity, harm human
health, and, eventually, increase the cost of remediation.
Therefore, recent research efforts are focused on developing
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real-time toxicity detection and monitoring methods
(Adekunle et al. 2019b; Kholodkevich et al. 2008). Such
real-time toxicity monitoring has been shown to have a wide
range of possible applications in mining, agriculture, and
health and food industries (Chouler and Di Lorenzo 2015;
Xu and Ying 2011). Amongst real-time toxicity monitoring
methods being developed, microorganism-based
(biomonitoring) systems are popular due to their high sensi-
tivity to a broad range of toxicants, fast regeneration
(recovery) rates, easy maintenance, genetic homogeneity,
and versatility (Cho et al. 2004; Gu et al. 1999; Lee and Gu
2005; Wu et al. 2020).

Several recent studies have demonstrated successful appli-
cation of microbial electrochemical (bioelectrochemical) sys-
tems as real-time biosensors (Adekunle et al. 2019b, 2020;
Chouler et al. 2018; Commault et al. 2016; Jiang et al. 2018,
Pham et al. 2019; Schievano et al. 2018; Wang et al. 2018; Yu
et al. 2017; Zhao et al. 2019; Zhou et al. 2018). A
bioelectrochemical system (BES) consists of an anode which
acts as an electron acceptor during microbial respiration and a
cathode where the reduction reactions take place (Rabaey
2005). Notably, microbial fuel cells (MFCs), which are a type
of BES, are often used as biosensors due to their fast response
time and simple construction. Also, MFCs do not need an
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external power input, as they produce rather than consume
electricity (Adekunle et al. 2019a). Different designs (single
or double chamber) incorporating different liquid flow pat-
terns (flow-through, floating, capillary, etc.) were proposed
for MFC-based biosensors (Adekunle et al. 2020; Choi
2015; Chouler et al. 2018; Jiang et al. 2018; Logrofio et al.
2016; Zhao et al. 2019). Also, either the anode or the cathode
of'the MFC-based biosensors can be configured as the sensing
element depending on the sensor design, analyte composition,
and intended use (Zhao et al. 2019). MFC-based biosensor
response to toxicity is typically observed through easily mea-
surable outputs, such as voltage or current. Commonly, inhi-
bition ratios calculated by the percentage drop in the voltage
or current of the biosensor after the introduction of a toxicant
are used to determine relative toxicity (Kim et al. 2007; Yu
et al. 2017). However, several ambiguities exist due to
electroactive microorganisms’ sensitivity to a broad range of
organic and inorganic compounds, including heavy metals,
metalloids, hydrocarbons, etc. Also, MFC voltage and current
response to the presence of toxic compounds tend to be de-
layed by several hours, especially at low (e.g., parts per bil-
lion) range of toxicant concentrations.

Soft sensors are often used for estimating process param-
eters, which are difficult to measure online. In our previous
study, a material balance model of an MFC anodic compart-
ment was used to improve COD (chemical oxygen demand)
estimation accuracy (Recio-Garrido et al. 2017).
Furthermore, a simple equivalent circuit model (ECM) of
an MFC has been proposed (Coronado et al. 2013, 2015).
Analysis of ECM parameters (internal resistances and ca-
pacitance) as well as direct measurements using electro-
chemical impedance spectroscopy (EIS) technique showed
that these parameters are well correlated with the anodic
liquid composition, i.e., the internal capacitance was ob-
served to increase and the internal resistance to decrease at
high concentrations of carbon source (Coronado et al. 2015;
Jiang et al. 2017a; Sindhuja et al. 2016). These studies sug-
gest that measurements of the internal parameters can be
helpful in improving the sensitivity and reducing response
times for toxicity detection in MFCs. Furthermore, it can be
suggested that by monitoring changes in internal MFC pa-
rameters and comparing these changes with voltage and
current measurements, false alarms can be prevented.
Although electrochemical characterization methods are
available (EIS, cyclic voltammetry, etc.), these methods
are disruptive and often result in long recovery times.
Thus, a non-invasive model-based estimation of MFC inter-
nal parameters is preferable. This work evaluates the suit-
ability of an ECM-based soft sensor approach for real-time
toxicity estimation by monitoring changes in the internal
parameters of MFC biosensors exposed to varying concen-
trations of copper (Cu) as a model toxicant, and correlating
these changes with Cu concentrations.
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Material and methods
Stock solutions and analytical methods

A stock solution of sodium acetate 10 g L' (as C,H40,) was
used as a carbon source. The stock solution was diluted with
moderately hard water (MHW) consisting of (in mg L":
calcium (6.9), magnesium (94.5), and sodium bicarbonate
(96) prepared as described in an earlier study (Adekunle
et al. 2020). Different Cu concentrations were obtained by
diluting a prepared Cu stock solution with the MHW.

The chemical oxygen demand (COD) of water fed to the
biosensor was measured using a PeCOD® analyzer
(MANTECH Inc., Guelph, ON, Canada). The concentration
of Cu in the influent was measured by inductive coupled plas-
ma mass spectrophotometry (ICP-MS), as described else-
where (Beauchemin 2010).

Biosensor design and operation

The flow-through membraneless MFC-based biosensor
consisted of an air-breathing cathode, and carbon felt anode
as described in our previous study (Adekunle et al. 2019b).
The anode consisted of two layers of 100 x 50 mm, 5 mm
thick carbon felts (SGL Group, Charlotte, NC, USA), in a total
compartment volume of 50 mL. The air-breathing manganese
oxide-coated cathode (Electric Fuel Ltd., Bet Shemesh, Israel)
had a dimension of 100 x 50 mm. The electrodes were sepa-
rated by a 1-mm nylon cloth. Figure 1 shows the schematic
diagram of the flow-through MFC biosensor.

The biosensor was operated at a flow rate of 1 L day ™',
corresponding to a hydraulic retention time (HRT) of 2.4 h
in the anode compartment. In the experiments, the influent
solution components were changed following an experi-
mental design, which included three levels of Cu and two
levels of acetate. Acetate concentration in the feed was
maintained at 13 mg L™ or 50 mg L', while Cu concen-
tration was maintained at either 0, 20 ng Lfl, or200 ug L
Therefore, acetate was always fed to the biosensor to main-
tain the electroactive microbial populations of the anode.
The biosensor was operated using the previously described
periodic connection of an external resistor (R.,) (Adekunle
et al. 2019b). A 470 Ohm external resistor was used
throughout the tests. The R, connection/disconnection al-
gorithm was implemented in MATLAB® software
(Mathworks, Natick, MA, USA). The software was modi-
fied to estimate parameters of the equivalent circuit model,
as explained in the following section. LabJack U3-LV
(LabJack Corp., Lakewood, CO, USA) was used for data
acquisition at a scan rate of 1000 Hz while the connection/
disconnection of R, was achieved using an ADG801 elec-
tronic switch (Analog Devices, Norwood, MA USA).
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Fig. 1 Schematics of the MFC-based biosensor with carbon felt anode
and air-breathing Mn oxide cathode. MHW supplemented with acetate
and Cu was continuously fed to the anode compartment bottom
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EIS measurements

The electrochemical behavior of the biosensor was character-
ized by electrochemical impedance spectroscopy (EIS). EIS
measurements were carried out in a frequency range of
10 kHz-0.01 Hz at an applied voltage of 0.5 V using the
two-electrode configuration (cathode as a reference and coun-
ter electrode) to evaluate the overall MFC characteristics. A
reference electrode was not used for the tests to minimize
disturbances to microbial populations in long-term tests. EIS
was performed using a potentiostat/galvanostat analyzer
(273A, Princeton Applied Research, USA) controlled by the
VersaStudio v2.6 software (Princeton Applied Research,
USA). The non-linear least squares (NLLS) fit analysis for
EIS data was done using the Zview v3.5 software (Scribner
Associates, Inc., USA).

Real-time toxicity estimation

Two approaches for toxicity estimation were implemented. In
one approach, the biosensor response was observed based on
the steady-state voltages obtained during the periodic
connection/disconnection of the R, (Coronado et al. 2013).
The algorithm for determining the steady-state voltage of the
biosensor is described in detail elsewhere (Adekunle et al.
2019b). According to this algorithm, at the startup of biosen-
sor operation, Ry is connected, and the biosensor voltage (V)
is continuously monitored until a steady-state voltage (Vi) 1S

observed. Once V., is attained, R, is disconnected, and the
biosensor voltage is monitored again to estimate the open-
circuit voltage (Vimax). The biosensor voltage (Vimin 0Of Vinax)
is considered to be at a steady state when its variation is less
than a predefined small value (¢) for three consecutive data
acquisitions. The algorithm is provided in Supplementary
Materials, Fig. SI-1.

In the second, soft sensor approach, the biosensor, still
operated with the periodic connection of R, is described
by a simple equivalent circuit model (ECM) with model pa-
rameters corresponding to key internal parameters of the
MFC, such as internal resistances (R, R,), internal capaci-
tance (C), and open-circuit voltage (V). The electrical circuit
of the model is shown Supplementary Materials (Fig. SI-2)
and described elsewhere (Coronado et al. 2015). When R, is
connected, the voltage dynamics over the internal capacitance,
C, can be described by the following first-order differential
equation:

ch - Voc
dt C(Rey +R))

R, + Ry + R,,
_(Ri + Ry + Rewy) v, (1)
CRZ (RI +Rext)

where V, is the voltage at the internal capacitor C. If R. is
connected (“on” part of the cycle), Eq. (1) can be solved an-
alytically resulting in the following expressions for V. and
VMEC on (Voltage at R.,) (Coronado et al. 2015):

(R +Ry+Rext)

Ve =V fina + (VC,Ofvc.ﬁnaz)e CRy (Ry +Rext) 2)

where V.o and V g, are the initial and final voltages at the
internal capacitor during the “on” part of each cycle and

R,

Vefina = Voer——5—5— 3
Jinad Rl +R2 +Rext ( )
Accordingly,

RCX[
vV =—— 7 VoV 4
MFC _on Rext ¥ Rl( ) ( )

Also, when R, is disconnected, the dynamics of the volt-
age at the biosensor (Varc off) can be expressed using the
following equations:

VMFC_Qﬁr = VoV, (5)
where
VC = VC sfinal eﬁ’;;?; (6)

where £, is the “on” time of the cycle during which R is
connected to the biosensor.

Therefore, the biosensor voltage over one cycle can be
expressed as

Vs = Vurc_on + Vurc_of (7)

@ Springer
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The ECM parameters are periodically re-estimated using
the ECM outputs and a numerical parameter estimation pro-
cedure. Changes in the estimated values of model parameters
are expected to represent variations in water toxicity. In the
experiments, model parameters were estimated with an inter-
val of 1 h.

The internal parameter estimation algorithm used a pulse-
width modulated connection of R.y; at high and low frequen-
cies, 100 Hz and 0.0008 Hz, respectively, and a duty cycle of
20%. The acquired voltage (V) profile was used to estimate
the ECM parameters online. Here, R; is estimated at the high
frequency of R.,; connection/disconnection, while V., R,
and C are estimated at the low connection frequency. The
parameter estimation was carried out by using the fininsearch
function in MATLAB to minimize the root mean square error
between the experimental V; profile and a model-based V;
profile. The V; ,, profile is determined by an integration meth-
od based on the dynamics of the voltage at the capacitor of the
ECM, as described by Eq. (7).

Results and discussion

Biosensor response to changes in Cu and carbon
source concentrations

Several previous works have demonstrated successful detec-
tion of heavy metal toxicity by MFC biosensors (Adekunle
et al. 2019b, 2020; Yi et al. 2019; Yu et al. 2017). The bio-
sensor reacts to the presence of heavy metals due to the chang-
es in the metabolic activity of electroactive microorganisms,
which can be observed by estimating the biosensor outputs as
well as electrochemical parameters, such as internal resistance
and capacitance (Adekunle et al. 2019b; Stein et al. 2012; Yi
et al. 2019; Yu et al. 2017). Prolonged exposure to heavy
metals also results in microbial population changes, which
are well documented (Adekunle et al. 2019b; Kim et al.
2007). In particular, there are several studies on Cu toxicity
detection using the MFC biosensor (Adekunle et al. 2020;
Jiang et al. 2015; Shen et al. 2013; Zhu and Logan 2014).
Accordingly, Cu was chosen as the model toxicant for dem-
onstrating the soft sensor approach for real-time toxicity de-
tection. Experimental work was started by exposing the bio-
sensor to several Cu concentrations. Since carbon source
availability is expected to vary in the environment, biosensor
response to the presence of Cu was evaluated at two levels of
acetate, which served as a carbon source in all experiments.
In the first test, the biosensor response was based on the
steady-state voltages obtained during the R, connection
(Vmax) and disconnection (Vy,;,). Also, the anode compart-
ment influent stream contained a constant acetate concentra-
tion of 25 mg Lfl, while the Cu concentration was
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progressively increased from 20 to 200 ug L™'. As can be
seen from the results of this test (Fig. 2a), the biosensor out-
puts Viax and Vi, remained relatively constant until a con-
centration of 100 ug L' Cu was reached in the influent
stream, i.e., at this level of acetate, Cu presence is not detect-
able by the biosensor if present at less than 100 pg L™'. This
Cu detection limit is different from our previous study, where
at35 ug L ! of Cu in lake water, the biosensor voltage (Vinax)
started to decrease (Adekunle et al. 2020). The lower sensitiv-
ity to Cu (i.e., higher detection limit) can be attributed to the
higher concentration of acetate (carbon source). Indeed, in our
previous study, water samples collected from a lake were only
spiked with Cu without the addition of acetate, which is the
preferred carbon source for several electroactive bacteria, in-
cluding Geobacter spp. (Bond and Lovley 2003; Commault
et al. 2016). Lake water typically contains very low levels of
readily degradable organic materials. It can be suggested that
carbon source availability affects the biosensor sensitivity to
metal cations. The protective effect of carbon source was con-
firmed by increasing acetate concentration up to 75 mg L™
while maintaining a constant level of Cu. As shown in Fig. 2b,
with an increase in acetate concentration, both biosensor out-
puts (Vimax and Vi) also increased. Such linear response to
carbon source concentration was observed in a previous study
(Gil et al. 2003). Also, the lower sensitivity of anode based
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Fig.2 Biosensor response to changes in a Cu and b acetate concentration
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MFCs in organic matter—rich solutions was documented in
several studies (Jiang et al. 2016). Recently, biocathode-
based MFC biosensors were proposed to overcome this limi-
tation (Jiang et al. 2017b). Overall, this initial test established
the sensitivity limit of the experimental setup at around
100 pug L™" of Cu at the influent acetate concentration of
25mg L7\

Equivalent circuit model

The model-based (soft sensor) approach is often used to mon-
itor difficult to measure process parameters, reduce measure-
ment delays, and provide faster detection of process faults
(Fortuna et al. 2007). Several MFC models have been pro-
posed, including complex biofilm models (Kato Marcus
et al. 2007; Marcus et al. 2007; Picioreanu et al. 2007, 2008;
Pinto et al. 2010; Yang and Yang 2020) and much simpler
equivalent circuit models (Coronado et al. 2015; Sindhuja
et al. 2016) to predict MFC outputs and/or dynamics. While
dynamic models are suitable for improving MFC design and
operating conditions, the large number of model parameters
and their complexity make the use of comprehensive models
for monitoring MFC status in real-time applications difficult.
On the contrary, a simple equivalent circle model does not
provide an adequate description of biomass changes over time
and reaction kinetics, but has few parameters, which can be
conveniently estimated using either analytical or numerical
parameter estimation methods. The simplicity of equivalent
circuit models makes them suitable for on-line applications,
where fast model solution and the straightforward interpreta-
tion of parameter values are essential. Such models can pro-
vide qualitative or semi-quantitative estimation of key internal
parameters and elucidate performance trends, including re-
sponse to the presence of toxic compounds. Accordingly,
the soft sensor approach in this study was based on using a
simple ECM and constantly re-estimating the model parame-
ters in real time according to the algorithm described in the
“Material and methods” section.

To select the simplest acceptable ECM structure, a series of
EIS tests were carried out at different combinations of Cu and
acetate concentrations. Figure 3a shows, as an example, the
resulting Nyquist plot obtained from the EIS measurements at
50 mg L™" of acetate and 200 pg L™' of Cu in the influent
stream. In the Nyquist plot, two distinctive regions could be
seen: a semi-circle at high frequencies and a semi-straight line
in the lower frequency region. The semi-circle at high fre-
quencies can be related to the porous structure of the carbon
felt anode and the response of the double-layer capacitance.
Additionally, it implies that the majority of the electrode’s
capacitance is reached at low frequencies. On the other hand,
at low frequencies, the curve forms a nearly straight line. This
effect could be attributed to the contribution of the Faradaic
capacitance due to redox reactions occurring at the electrode/

electrolyte interface and a slow mass transport of electrons,
which is the rate-limiting step (Gomez Vidales et al. 2019a).
These EIS measurements were fitted using three equivalent
circuit models of varying complexity.

The first tested model, initially proposed by Lepage et al.
(2012), accounts for mass transport limitations and the
double-layer capacitance (R-CPE-W model). In this model,
R, represents the ohmic resistance, R, and Rj are the polari-
zation resistances, and CPE1 and CPE2 (constant-phase-ele-
ments) represent the double-layer capacitance of the system,
where the CPE accounts for the effect of the electrode surface
roughness. Also, W, the Warburg diffusion element, accounts
for mass transport processes, which is the rate-determining
step. This model was used for fitting the EIS data in a range
of 0.01-10,000 Hz. As can be seen from Fig. 3a, the agree-
ment between the model (solid line) and experimental data
(symbols) is excellent. The estimated model parameters are
given in Table 1.

Considering that the biosensor does not typically operate at
high frequencies and that a simpler model would be easier to
implement for real-time applications, the R-CPE-W model
was simplified by eliminating the CPE2 and W elements.
The resulting R-CPE model is shown in Fig. 3b. It comprises
R, which represents the ohmic resistance; R, to account for
the polarization resistance; and CPE1, which denotes the
double-layer capacitance. The CPE1 element in this model
represents the effect of the anode surface roughness (Gomez
Vidales et al. 2019b). As can be seen from Fig. 3b, the agree-
ment between the model and the EIS data is acceptable for the
reduced range of frequencies.

To further simplify the model, the CPE was replaced with
internal capacitance (C), as shown in Fig. 3c. Although the
resulting R-C model cannot be used for modeling a broad
range of frequencies, it was hypothesized that it could provide
an acceptable approximation of the EIS results at frequencies
less than 100 Hz, which are used for the periodic R, connec-
tion to the biosensor. The resulting model parameters are giv-
en in Table 1. This rather simplified model showed the lowest
accuracy of data fitting. Nevertheless, the biosensor is typical-
ly operated at frequencies lower than 10 Hz, and an acceptable
fit of the R-C model for describing MFC dynamics was dem-
onstrated in a previous work (Coronado et al. 2015). This
suggests that although the estimated model parameters might
be biased, the model is usable for trend estimation in real time.

To evaluate changes in the R-C model parameters, the
EIS measurements were performed at four combinations of
acetate and Cu concentrations in the influent stream. The
Cu concentration was changed between 20 and 200 pug L™,
while acetate concentration changed between 13 and
50 mg L', The resulting model parameters are given in
Table 2. These results suggest that at 50 mg L' of acetate,
an increase in the Cu concentration decreases internal ca-
pacitance and increases internal resistances. This trend is

@ Springer



Environ Sci Pollut Res

a
80 4
R1 CPE1 CPE2
5 —\N >> >>
2 R2 Wo R3
N 40 (5
20 4
0
20 40 60 80
z Q)
100
b R1 CPE1
80 N\ > >
60 R2
g
N 4
20
0
20 40 60 80
Z(Q)
100
(o
80
R1 -
@ 60
Ry R2

40

20 4

20

Z(Q)

Fig.3 Nyquist plots of the biosensor and ECM fitting results for the ECM with a Warburg diffusion and CPE (R-CPE-W model), b R-CPE model, and ¢
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Table 1  Parameters obtained for R-CPE-W, R-CPE, and R-C models
by fitting EIS measurements recorded at acetate and Cu influent concen-
trations of 50 mg L' and 200 ug L', respectively. WSR denotes the
weighted sum of squared residuals

Parameter R-CPE-W R-CPE R-C
Frequency* 10,000-0.01 10-0.01 1-0.01
R, () 26.11 29.1 393
R>() 3.79 49 23.78
R; (Q) 8.30 - -

C (P - - 0.16
CPEI (Fs" ") 0.31 0.15 -

n 0.44 0.53 -
CPE2 (Fs" ) 0.14 - -

n 0.66 - -

w Q') 135 - -

P 0.42 - -
WSR 0.018 0.025 0.47

*Frequency range used for parameter estimation

@ Springer

more pronounced at an influent acetate concentration of
13 mg L i.e., acetate concentration increases C values
and decreases R; and R, values. Overall, the impact of Cu
concentration is much higher than the impact of acetate.
Overall, results presented in Table 2 confirmed that online
estimation of the R-C model parameters could be used as
an approach for toxicity monitoring.

Table 2 Parameter estimation results for the R-C model in the 100—
0.01 Hz frequency range of the biosensor operation during EIS tests.
WSR denotes the weighted sum of squared residuals

Parameter Acetate 50 mg L™ Acetate 13 mg L™

Cu concentration 20 pg L' 200 ug L™' 20 ug L' 200 pg L'
Ry () 39.5 41.7 38.6 46.1

Ry () 22.6 24.6 219 29.2

C(F) 0.19 0.14 0.25 0.11

WSR 0.52 0.49 0.44 0.61
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Fig.4 Changes in simple monitoring parameter (V i, and V;,,.,) as well as in the ECM parameters (V,, R, R, C) during biosensor operation at either 20
or 200 pg L' of Cu in the influent. At 7= 10 days, acetate concentration was changed from 50 to 13 mg L™

Biosensor response to toxicity changes

The results of the electrochemical characterization suggest that
while a more detailed R-CPE-W model provides better accuracy,
a much simpler R-C model might be sufficient for real-time
toxicity detection and monitoring. A previous study (Jiang
et al. 2017a), in which an MFC was operated through a transient
connection of an external resistor to the MFC, suggested that this
model might be sufficient for describing the internal parameters
of an MFC biosensor. Notably, in that study, the changes in
model parameters were not estimated in real time, and the exter-
nal resistor connection/disconnection times were pre-set. A
connection/disconnection of the resistor based on the attainment
of steady state has been shown to be suitable for online toxicity
monitoring (Adekunle et al. 2019b). To validate the proposed R-
C model-based (soft sensor) approach for online monitoring of
the internal parameters during toxicity monitoring, it was com-
pared with the previously described simpler method of V., and

Vimin Monitoring. Experiments were carried out at several combi-
nations of acetate and Cu concentrations. The Cu concentration
was varied between 20 and 200 pg L™, while acetate concentra-
tion was changed from 50 to 13 mg L', as in the previous test. In
an additional test, 1000 ug L™ of NaCl was added to the influent
stream at the end of the experiment to observe the contribution of
water conductivity to MFC response. Overall, these experiments
lasted for a total of 36 days.

Prior to the startup of the experiment, the biosensor was
operated at an acetate concentration of 13 mg L™ and a Cu
concentration of 200 ug L™". One day before the first test, the
concentration of acetate was increased to 50 mg L™, leading
to increasing Vi,.x and V., values. Cu concentration was
decreased to 20 ug L', and the online estimation of changes
in the internal parameters of the biosensor was started at = 0.
As can be seen from Fig. 4a and b, after the decrease in Cu
concentration, both V.., and V,;, were observed to increase.
This increase coincided with changes in the model parameters,
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Fig.5 Changes in simple monitoring parameters (Vi and Vi) as well as in the ECM parameters (Vo., R}, R, C) during biosensor operation at 0, 20, or
200 pg L™! of Cu in the influent. Acetate concentration maintained at 13 mg L™

as V,. and C (internal capacitance) progressively increased
while R, and R, decreased, as shown in Fig. 4c—f, respective-
ly. The changes in R, (ohmic resistance) were less pronounced
than the changes in R,, suggesting that the impact of changes
in the conductivity of the feed stream was minimal.

In general, Vi, and Vi, (corresponding to V) are direct-
ly related to the rate of oxidation at the anode and are expected
to be positively correlated with the metabolic activity of
electroactive bacteria (Adekunle et al. 2019b). This trend
can be different for other internal parameters of the ECM. R,
and R, are associated with ohmic and concentration losses,
respectively (Coronado et al. 2015). C is a measure of the
electroactive performance of the microbial biofilm at the an-
ode, and V. is an estimation of the maximum voltage that can
be obtained in the system (Coronado et al. 2015). It thus fol-
lows that in an MFC with no toxic compounds in the anode
compartment, R; and R, are expected to be low, while C and
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V., are expected to increase over time as the microbial biofilm
develops, and vice versa. This expectation is confirmed in the
model parameters, as shown in Figs. 4a—f. Once Cu concen-
tration was increased to 200 pg L ™" at 7= 10 days, and acetate
concentration decreased to 13 mg L™, a clear drop in Vi,
Vnin» Voo, and C values, and an increase in R, R, values was
observed.

In the second test, the acetate concentration was maintained
at 13 mg L', while Cu concentration was increased from 20
to 200 pg L' on day 26.2 and then decreased to 0 pug L' on
day 33. As shown in Fig. 5a—f, an increase in Cu concentration
above the sensitivity level of the biosensor (100 pug L")
caused the V. (Vinax)s Vimin, and C to decrease and R;, R, to
increase. A significant delay of at least 29 h to observe 25%
change in each parameter was observed. This delay was
shorter for C (29 h), somewhat shorter for V,,,;, (about 32 h)
and longer for V., Voo, R1, and R, (40 h). Interestingly, the
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Table 3 Results of the online R-C model parameter estimation at several combinations of acetate and Cu concentrations

Parameter Acetate 50 mg L™" Acetate 13 mg L™

Cu concentration 20 ug L™ 200 pg L™ 0pg L™ 20 ug L™ 200 ug L™ 200 pg L' (repeat)
R, () 68.2 91.2 71.95 64.4 166.0 156.9

R, () 34.2 961.33 37.6 40.2 1217.2 1498.3

C(F) 3.8 0.28 2.56 3.2 0.25 0.28

Voe (V) 0.53 0.34 0.52 0.52 0.14 0.15

Vinin (V) 0.43 0.11 0.43 0.43 0.04 0.05

Vinax (V) 0.53 0.36 0.53 0.52 0.14 0.14

removal of Cu in the feed on day 33 resulted in a much shorter
delay of only 5 h for a 25% change in all parameters. Although
there is an obvious delay in changes of biosensor voltage and
all internal parameters in response to increased Cu>* concen-
tration, this delay can be mainly attributed to the low concen-
tration of Cu®* used throughout this study. Several previous
studies (Jiang et al. 2015; Shen et al. 2013; Zhu and Logan
2014) showed shorter response times at concentrations greater
than 1 mg L', However, testing MFC biosensor response to
concentrations, which are closer to the regulatory limits (typ-
ically <500 pug L™" for most heavy metals), could be more
practical. It can be suggested that the response time can be
reduced by limiting the supply of organic carbon to the anode
compartment, optimizing other operating parameters such as
water flow rate, and optimizing the anode compartment de-
sign. Finally, feeding 1000 g L™ of NaCl on day 35-36 (data
not shown) to the biosensor did not lead to an observable
change in the biosensor’s outputs (Vi and Vi,ax) or the esti-
mated ECM parameters.

Table 3 summarizes steady-state values of the model param-
eters estimated in real time for different values of acetate and Cu
in the influent stream. Altogether, these results confirm the trends
observed during the EIS measurements and also suggest that at
low carbon source concentrations, electroactive bacteria become

0.9
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Fig. 6 Changes in the electron transfer rate in MFC-based biosensors due
to toxicity

more sensitive to changes in dissolved metal concentration. It
also appears that with the increase in organic matter availability
(e.g., source of electrons), the electrochemical reduction
(removal) of metals increases. Subsequently, the microbial bio-
film is less exposed to dissolved metals, resulting in reduced
sensitivity of the biosensor. This change in metal availability is
a plausible explanation of how organic matter availability im-
proves biosensor resilience and reduces sensitivity, as observed
in this work and suggested in earlier studies (Adekunle et al.
2019b; Jiang et al. 2017b). It can be suggested that this protective
effect also contributes to the delayed response observed in the
test. Nevertheless, the detection of toxicity at Cu in the part per
billion (ppb) range of concentrations, even with some delay, is
still acceptable for real-time toxicity monitoring, especially con-
sidering the drawbacks of conventional manual bioassays.

With the on/off mode of operation utilized during this test
for biosensor operation, insight into the dynamic response of
an MFC-based biosensor was also gained. It is possible to see
how the levels of organic matter and toxicants affect the elec-
tron transfer rate in the biosensor, as shown in Fig. 6. From the
voltage dynamics, it can be seen that at low Cu concentration,
the profiles of the biosensor’s voltage are similar, irrespective
of the acetate concentration in the feed. Conversely, at high
Cu concentration, irrespective of the acetate concentration in
the feed, the voltage profile changes. This clear distinction in
the shape of the profile lends further credibility to the appro-
priateness of the R-C model parameter estimation as an ap-
proach for toxicity detection in real time. In addition, the in-
formation obtained by monitoring the biosensor dynamics
during on/off operation information implies that there are op-
portunities for the development of predictive analysis tools
that can utilize the voltage profile shape for detecting the onset
of toxicity and distinguishing between the carbon source and
toxicant impacts.

Conclusions

Although the R-CPE-W model proposed by Lepage et al.
(2012) is the most suitable for describing the electrochemical
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behavior of the MFC-based biosensor, this study demonstrates
that a much simpler R-C model can be used to implement a
soft sensor approach for real-time toxicity detection and mon-
itoring. The biosensor in combination with the soft sensor
approach can be used for detection and monitoring of Cu-
related toxicity, as demonstrated in a series of laboratory tests.
Overall, it can be suggested that the model-based approach
provides a better chance at timely detecting changes in toxicity
levels when compared with a simple voltage monitoring ap-
proach proposed in the previous studies (Adekunle et al.
2019b, 2020). The model-based approach should be further
exploited for reducing the biosensor response time and for
developing algorithms capable of reducing false alarms and
biosensor self-diagnostics.
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