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Abstract 

Biotechnology offers new ways to use biological processes as environmen-
tal sensors. For example, in soil microbial fuel cells (MFCs), soil electro-
genic microorganisms are recruited to electrodes embedded in soil and 
produce electricity (measured by voltage) through the breakdown of sub-
strate. Because the voltage produced by the electrogenic microbes is a 
function of their environment, we hypothesize that the voltage may change 
in a characteristic manner given environmental disturbances, such as the 
contamination by exogenous material, in a way that can be modelled and 
serve as a diagnostic. In this study, we aimed to statistically analyze volt-
age from soil MFCs injected with urea as a proxy for gross contamination. 
Specifically, we used k-means clustering to discern between voltage output 
before and after the injection of urea. Our results showed that the k-means 
algorithm recognized 4–6 distinctive voltage regions, defining unique peri-
ods of the MFC voltage that clearly identify pre- and postinjection and 
other phases of the MFC lifecycle. This demonstrates that k-means can 
identify voltage patterns temporally, which could be further improve the 
sensing capabilities of MFCs by identifying specific regions of dissimilarity 
in voltage, indicating changes in the environment. 

DISCLAIMER: The contents of this report are not to be used for advertising, publication, or promotional purposes. 
Citation of trade names does not constitute an official endorsement or approval of the use of such commercial products. 
All product names and trademarks cited are the property of their respective owners. The findings of this report are not to 
be construed as an official Department of the Army position unless so designated by other authorized documents. 

DESTROY THIS REPORT WHEN NO LONGER NEEDED. DO NOT RETURN IT TO THE ORIGINATOR. 
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1 Introduction 

1.1 Background 

1.1.1 Microbial fuel cells 

In microbial fuel cells (MFCs), chemical energy can be converted to electri-
cal energy through the metabolism of electrogenic, or electron-producing, 
microorganisms (Kim et al. 2007), allowing for the production of electric-
ity through biological processes. Cultures of electrogenic organisms can be 
configured analogous to a traditional battery (i.e., composed of an elec-
tron-producing chamber filled with electrogenic microorganisms [anode] 
and an electron-consuming chamber [cathode]). The difference in electri-
cal potential between the chambers promotes the flow of electrical current 
and thus power. 

Found ubiquitously in nature (Chabert et al. 2015), electrogenic microor-
ganisms have specialized metabolic pathways (Ishii et al. 2015; Aiyer 
2020) and physical structures (Aiyer 2020) that enable them to create and 
relocate free electrons from various substrates. The well-studied electro-
genic microorganism Geobacter sulfurreducens, for example, can use iron 
to reduce compounds and uses its conductive pili to transfer the resultant 
electrons to conductive surfaces, such as electrodes (Feliciano et al. 2015). 
In addition to iron, other electron acceptors of electrogenic microorgan-
isms include nitrate, copper, and persulfate (Ucar et al. 2017). Addition-
ally, the three main modes of electron transfer to the electrode include 
conductive pili, c-type cytochromes, and mediator molecules (Busalmen et 
al. 2008; Feliciano et al. 2015; Aiyer 2020).  

As the electrogenic organisms predominantly favor low-oxygen environ-
ments, which electrochemically support the use of alternative electron ac-
ceptors (Chen et al. 2013), media such as sea sediment (Hong et al. 2010; 
Sajana et al. 2017) and wastewater (Liu et al. 2004; Munoz-Cupa et al. 
2021) are commonly used in the construction of microbial fuel cells, with 
voltage outputs ranging from 300 to 800 mV* (Velasquez-Orta et al. 2011; 
Bose et al. 2018). However, there are also many electrogenic organisms 

 
* For a full list of the spelled-out forms of the units of measure used in this document and their con-

versions, please refer to US Government Publishing Office Style Manual, 31st ed. (Washington, DC: US 
Government Publishing Office, 2016), 245–252 and 345–347, https://www.govinfo.gov/content/pkg/GPO-
STYLEMANUAL-2016/pdf/GPO-STYLEMANUAL-2016.pdf. 

https://www.govinfo.gov/content/pkg/GPO-STYLEMANUAL-2016/pdf/GPO-STYLEMANUAL-2016.pdf
https://www.govinfo.gov/content/pkg/GPO-STYLEMANUAL-2016/pdf/GPO-STYLEMANUAL-2016.pdf
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found in terrestrial media as well, allowing for the operation of soil- and 
plant-based MFCs (Abbas and Rafatullah 2021; Maddalwar et al. 2021). 
The voltage output of these, though, is typically lower, ranging from 100 to 
400 mV, largely because of the high resistivity of soils (Wolińska et al. 
2014). However, while they may not possess the large influx of nutrients 
and organic matter that aids in producing sustainable power in 
wastewater-based MFCs (Liu et al. 2004), soil-based MFCs may have great 
utility in localized low-energy needs, such as the operation of lights that 
require minimal energy (Ieropoulos et al. 2016) and sensors for dissolved 
oxygen (Donovan et al. 2008; Shen et al. 2013). The dominant focus on the 
sustainable energy possibilities of MFCs has overshadowed that the MFC 
itself is a living microcosm that is responding to the environment and can 
therefore serve as a tool for observing environmental changes. Soil MFCs 
specifically are attractive candidates for terrestrial sensing because of their 
response to the addition of external substrates (Barbato et al. 2021) 

1.1.2 Microbial fuel cells for change detection 

The microorganisms in MFCs respond to changes in their environment. 
For instance, low temperatures slow the production of power in soil micro-
bial fuel cells (Barbato et al. 2017). And while wastewater MFCs are good 
power generators overall, they must be kept at consistent conditions (e.g., 
temperature, pH, and dissolved oxygen), otherwise the power production 
can vary drastically (Marassi et al. 2019). Like any other microbial system, 
the energy produced, representative of the electrogenic microbial activity, 
depends on environmental parameters such as temperature, moisture, pH, 
and available nutrients. While changes in any of these parameters can be 
used to optimize microbial activity, the disturbance caused by fluctuations 
could also be utilized as a sensor for environmental change.  

MFCs are sensitive to environmental perturbations (Liu et al. 2014; Jiang 
et al. 2018), such as changes in temperature, both static (Barbato et al. 
2017) and oscillating (Dai et al. 2015; Liu et al. 2018; Gong et al. 2021), 
and influx of substrates (Liu et al. 2014; You et al. 2015; Do et al. 2020), 
and that sensitivity is reflected in their voltage patterns. For example, Dai 
et al. (2015) observed a close relationship to the increase and decrease of 
voltage-mirroring fluctuations in temperature and water level in rice 
paddy MFCs (i.e., voltage increased with increasing temperature and 
moisture and decreased with lower temperatures and moisture). MFCs 
could be particularly useful in detecting the introduction of substrates be-
cause different substrates may cause specific metabolic responses in 
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electrogenic microbes. It is possible that these metabolic responses could 
result in unique voltage changes that are characteristic of specific sub-
strates. If this is the case, voltage data could be treated similarly to other 
time series data utilized to detect changes by using machine learning algo-
rithms to understand what is “baseline” and what are “disturbed” voltages. 
From there, the algorithms can be trained to classify the disturbed voltage 
patterns based on the unique disturbance that caused them.  

Prior research using soil MFCs for change detection has demonstrated that 
MFCs can measurably respond to the presence of a variety of compounds. 
For example, it has been observed that common carbon sources, fertilizer, 
NH4+, Mg2+, and Fe2+, each caused a change in voltage and current in 
MFCs (Adekunle et al. 2019). Another study demonstrated that the pres-
ence of five military-relevant compounds (i.e., gasoline; petroleum; 2,4-di-
nitrotoluene; fertilizer; and urea) resulted in statistically significant shifts 
in voltages from the control MFC (Barbato et al. 2021). Barbato et al 
(2021) demonstrated that k-means and radial-basis function-based ma-
chine learning algorithms could classify the compounds with more than a 
90% average accuracy. However, a direct comparison between the voltage 
patterns of a soil-based MFC before and after the introduction of substrate 
has not been thoroughly explored.  

This preliminary study introduced a nitrogen-based substrate, urea, to a 
stable soil-based MFC and continuously observed the voltage patterns. 
Urea was used because of its military relevance and significantly 
(p < 0.0001) elevated voltage output compared to the other military-rele-
vant compounds tested in Barbato et al. (2021). The voltages were then 
clustered using a k-means pattern-recognition algorithm to identify spe-
cific regions and patterns of change that deviated significantly from the 
original stable voltage, allowing for the assessment of when and how the 
signal was disrupted by the introduction of substrate and if the voltage re-
turned to preinjection values. 

1.2 Objectives 

MFCs have the potential to be dynamic sensors when exposed to the envi-
ronment as the microbial activity of the electrogenic microbes (as meas-
ured by voltage) could be moved to characteristic voltage states by shifts in 
environmental conditions. For this study our primary interest was how the 
influx of an exogenous compound impacted the electrogenic microbial ac-
tivity. Furthermore, this study hoped to capture the time-based dynamics 
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of the fuel cell after the perturbation by the exogenous compound to un-
derstand how the signal might change over time. To summarize these in-
terests, we hypothesized that the addition of an exogenous compound, 
specifically urea, would cause a statistically significant voltage response 
identifiable through k-means clustering, enabling the differentiation be-
tween voltage produced before and after the exogenous compound was 
added to the MFCs. To test this hypothesis, we sought to accomplish the 
following objectives: 

 Measure voltage from soil MFCs after stabilization and then injection 
with urea.  

 Use k-means clustering to identify regions of change in the voltage patterns 
as a method of change detection caused by the introduction of substrate. 

1.3 Approach 

To accomplish the objectives, triplicate soil MFCs were constructed and 
had their voltage monitored continuously over 25 days. After 7 days, at 
which point the MFCs reached stability, 10 mL of a 2.16 mol/L urea solu-
tion was injected into the MFC from the bottom to create a 10.2 ppt urea 
area in the anode soil. After injection, the MFCs were operated for another 
18 days before all data were collected. Data were analyzed with k-means 
clustering algorithms to identify regions of similar voltage to indicate dis-
tinctive regions of voltages. Clusters were then compared to microbial 
growth phenomena to describe the changes in voltage. 
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2 Methods 

2.1 Fuel-cell chamber 

2.1.1 Chamber construction   

The microbial fuel-cell chamber was constructed from a 9.5 cm diameter 
plexiglass tube cut to a length of 8 cm with a thickness of 0.7 cm, resulting 
in a 412 cm3 chamber. Caps for the tube were taken from 1405 Tempe 
Pressure Cells (Envco, Auckland, New Zealand) and were composed of 
plexiglass with an internal diameter of 8.2 cm. To seal the edges of the cap 
and the tube, a 0.5 cm O-ring was used. To create the injection port, a 1 cm 
diameter hole was drilled into the center of the bottom cap and a male-to-
male tube port was wrapped in two layers of parafilm (Heathrow Scien-
tific, Vernon Hills, Illinois, USA) and inserted through the hole. The port 
was sealed with a 0.2 cm thick septum and made airtight with epoxy. To 
create ports for the wires, two 0.5 cm diameter holes were drilled in the 
top of the chamber lid. Refer to Figure 1 for the chamber diagram. 

Figure 1. Diagram of the microbial fuel-cell chambers before (1) and after construction 
with soil (2). Chambers were capped (a) with plexiglass and sealed with an O-ring (b). 

Cylindrical plexiglass makes the body of the chamber (c). A sealed port was inserted in 
the bottom cap to allow for injection (d). For construction, anode soil was placed in the 

bottom of the chamber (e), topped with a wired graphite felt (f), buried with cathode soil 
(g), and topped with a wired graphite felt (h). (Scale is approximate.) 
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2.1.2 Chamber assembly 

To construct the microbial fuel-cell microcosms, 1310 g of an air-dried 
sandy loam soil was first rehydrated with 360 mL of deionized water to 
27% gravimetric water content, well mixed, and left covered and undis-
turbed at room temperature for 24 hr to allow microorganisms a chance 
to activate. In brief, the soil was composed of 66.6%–67.8% sand, 25.9%–
26.7% silt, and 6.45%–6.49% clay; had a circumneutral pH; and was 3.3% 
organic matter (Barbato et al. 2015). Triplicate microcosm injection 
chambers (Figure 1) were each filled with approximately 155 g of wet soil 
taken from the bulk rehydrated material and tamped down manually un-
til level to form an approximately 2 cm thick anode soil layer. A graphite 
felt (8 cm diameter, 0.5 cm thickness, Magical Microbes, College Station, 
Texas, USA) was pierced through the center with a titanium wire (Magical 
Microbes, College Station, Texas, USA) and placed on top of the anode 
soil layer in each chamber. In each chamber the anode felt was then bur-
ied with 230 g of wet soil taken from the bulk rehydrated material and 
manually tamped down until level to create an approximately 3 cm thick 
cathode soil layer. To serve as the cathode, a graphite felt (8.5 cm diame-
ter, 1 cm thickness, Magical Microbes, College Station, Texas, USA) was 
pierced through the center with a titanium wire (Magical Microbes, Col-
lege Station, Texas, USA) and placed on top of the cathode soil layer in 
each chamber. The greater thickness and area in the cathode are to allow 
more surface area for oxygen exchange to complete the cathodic reaction 
(Afsham et al. 2015). The wires were pulled through the ports of the lid 
for each chamber, and the ports were sealed with self-sticking labeling 
tape (Fisherbrand, Waltham, Massachusetts, USA) to reduce moisture 
loss. See Figure 1 for microcosm details. All replicate MFC microcosms 
were incubated at room temperature (approximately 25°C) under room 
lighting conditions (i.e., approximately 8 hours of synthetic light and 16 
hours of darkness).   

2.2 Voltage monitoring 

To acquire voltage data for the MFCs, each set of wires was stripped of its 
insulation for 0.5 cm and crimped to an aluminum male connector (Ada-
fruit, New York City, New York, USA). The male ends were inserted into 
aluminum female end adapters (Adafruit, New York City, New York, USA) 
and wired to a central I2C multiplexer (Adafruit, New York City, New 
York, USA). The multiplexer then sent signals to an ADS1115 (Adafruit, 
New York City, New York, USA), which converted them to analog signals 
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that were then passed to an Arduino Mega 2560 Rev3 microcontroller 
(Arduino LLC, Somerville, Massachusetts, USA). Voltage measurements 
were captured every 5 min and stored on an SD card inserted into the SD 
shield, except for brief periods when the Arduino was shut off to transfer 
data from the SD card. Figure 2 shows a diagram of the Arduino data ac-
quisition system. The code for the operation of the Arduino can be found 
in the Appendix. 

Figure 2. Arduino data acquisition system layout. An Arduino Mega microcontroller runs 
commands through the multiplexer to an analog-to-digital converter board wired to the three 

replicate MFCs. Data are stored on an SD card shield on the Arduino Mega. 

 

2.3 Injection 

After construction, the MFCs were allowed to operate undisturbed for 7 
days under the conditions described in Section 2.1.2. The 7-day period 
was to allow time for the MFC to produce electricity and reach a point of 
relative stability as noted by the decrease in slope (Figure 5). On day 7, 10 
mL of a 2.16 mol/L solution of urea (Bio-Rad, Hercules, California, USA) 
in deionized water was injected through the bottom port of the chamber 
using a sterile 10 mL syringe and 22-gauge needle (BD, Franklin Lakes, 
New Jersey, USA). This concentration was chosen to achieve 10.2 ppt 
urea in the anode soil, which was the concentration tested in previous re-
search demonstrating that urea had a statistical impact on the voltage 
output (Barbato et al. 2021). The syringe was inserted through the septum 
up to the syringe head, which positioned the end of the needle approxi-
mately 5 mm below the anode felt. The urea solution was manually in-
jected into each microcosm at a rate of approximately 10 mL/min. The 
MFCs were then left undisturbed for another 18 days under the condi-
tions described in Section 2.1.2 until stable voltage was achieved (Figure 
5), resulting in a total of 25 days of operation. At the end of this period, all 
voltage data were transferred from the SD card to a computer for analysis, 
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resulting in over 7,000 points per microcosm. Data were also averaged 
across the three replicates and the standard error calculated. To assess 
the periods of stability, slopes for the voltage output were calculated for 
each 12 hr period (144 data points) using the slope function in R version 
4.0.3 (R Core Team 2019).  

2.4 k-means clustering 

Data read from the Arduino was measured in milliseconds since activation 
and were converted to days since activation for all data points. Once con-
verted, voltages were plotted using the ggplot package (Wickham 2016) in 
R version 4.0.3 (R Core Team 2019). To identify clusters of voltages, the 
data were imported into a Jupyter notebook running Python 3.8; the note-
book code was modelled after the source code found in Xu (2020). The 
data were first cleaned of outliers using a rolling median approach, which 
removed data points found outside of three standard deviations in a win-
dow of five consecutive points. To reduce dimensionality, a principal com-
ponents analysis was then performed on the cleaned data to find the top 
three principal components. These components aim to describe new char-
acteristics not explicitly encoded in information in the data. In this partic-
ular study, the code and data were structured to try to encapsulate the 
changes in slope (consecutive point variability) and data characteristics 
within the principal components. From there, k-means clustering was 
used to calculate the error of each cluster from k = 1, . . . , 20 clusters. The 
sum of squares error was plotted by number of clusters (Figure 3); and the 
elbow method (Kodinariya and Makwana 2013) was used to determine the 
optimal number of clusters, which appeared to be either 4, 5, or 6 clusters. 
These cluster groupings are considered optimal because they produce a 
low error and do not overfit the data (i.e., too many clusters can arbitrarily 
subdivide real clusters into false clusters whereas too few would not cap-
ture the true clusters and erroneously group different clusters). The data 
were then rerun using k-means and the three principal components identi-
fied previously to form clusters when the cluster numbers were 4, 5, and 6 
independently. Once clusters were identified, they were plotted and col-
ored by cluster (Figure 6a–c). 
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Figure 3. The sum of squares error by number of projected k-means cluster. As the number 
of clusters increases, typically the error decreases to near zero but can represent 

overfitting. Three dashed lines indicate the cluster sizes, 4 (red), 5 (green), 6 (blue) that are 
optimal in that they have low error but do not unnecessarily overfit the data. 
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3 Results and Discussion 

3.1 Voltage patterns through time 

The primary objective of this study was to test if a pattern-recognition 
method such as k-means could identify which points in the voltage output 
of a microbial fuel cell deviated from previous stabilized output. In the 
case of the injection MFCs, we theorized this could correspond to pre- and 
postinjection voltages or, in the context of sensing, pre- and postdisturb-
ance. The k-means algorithm was theorized to make an effective evaluator 
of when the voltage deviated from the norm as the algorithm specializes in 
recognizing when data points are part of the same series or source. In un-
derstanding the properties of each cluster, though, k-means could also in-
dicate when the voltage returned to a previous range, such as the MFC 
reaching stable voltage after the initial perturbation. This would be signi-
fied by those periods being assigned the same cluster. Overall, any regions 
or points that are assigned the same cluster signify that the patterns are 
statistically similar whereas regions assigned different clusters are statisti-
cally dissimilar.   

3.1.1 Voltage over time: preinjection 

Figure 4a displays the first 6 days of the microbial-fuel-cell operation for 
the three replicate MFCs and is considered to be preinjection. For all repli-
cates, it took approximately 1.5 days of operation before the voltage began 
to ramp upwards drastically, gaining over 500 mV between day 1.5 and 3 
(Figure 4d; Figure 5). The sudden increase in voltage after a lag period is 
characteristic of the initial stages of MFC development (Read et al. 2010). 
Prior to the voltage increase, the replicates averaged 25 mV across the first 
1.5 days (Figure 4d illustrates the average voltages and standard error 
across the replicates). In the next day, the replicate fuel cells substantially 
increased in voltage from an average of 72 mV to 410 mV. This trend of 
rapid increase continued until day 3 (Figure 5) when the voltages began to 
level out around 710 mV, suggesting the fuel cell was reaching a stable 
voltage and electrogenic activity (Read et al. 2010). From day 4 to day 6 
and just before injection, the average voltage increased minimally (Figure 
5) to a maximum average voltage of 812 mV.  
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Figure 4. Voltage output of replicate MFCs overtime. Voltage output for the first 6 days (a), voltage 
output up to and past the injection point (b), voltage output over the full 25-day period (c), and 

average voltage with standard error over the full 25-day period (d). The dotted line indicates the 
point of injection in all plots. 

 

Figure 5. Slopes of average voltage taken every 12 hr (144 data points). 
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3.1.2 Voltage over time: injection and postinjection 

Figure 4b displays the period just before and after the fuel cells were in-
jected with urea (a period between day 0 and day 8). There was a clear 
drop in voltage at the point of injection, where each replicate decreased to 
just over 500 mV. However, within the next 24 hr, the fuel cells steadily 
climbed in voltage to an average of 778 mV by day 8. As the injection point 
was only a few millimeters from the anode surface, it is possible that the 
initial drop in voltage occurred due to physical and or chemical disruption 
of the biofilm at the anode surface or the soil around the surface of the an-
ode. Indeed, as other microbial fuel cell studies have demonstrated, the 
voltage response to injected compounds can be almost immediate though 
variable, depending on the distance of the anode to port and the media in-
jected (Mehta et al. 2010; Mardanpour et al. 2013; Liu et al. 2014). Fur-
thermore, the abiotic influence of the urea was not directly measured. The 
period of recovery, therefore, could represent the relatively quick reestab-
lishment of the disrupted biofilm or simply the fuel cell returning to elec-
trochemical stability (Katuri and Scott 2011). It is worth noting also that, 
while small in concentration and predominantly localized to the anode, the 
presence of the urea solution may have changed the conductivity of the 
fuel cell and voltage (Simeon et al. 2019; Abbas and Rafatullah 2021). 
While it is possible that the influence of urea conductivity is relatively low 
in comparison to the impact to the microbial electrochemical reactions as 
demonstrated in Wang et al. (2017), more research is necessary to separate 
the changes in voltage caused chemically from those caused microbially as 
voltage shifts could be dependent on active community members and their 
metabolic processes (Karthikeyan et al. 2016).  

On day 12, 5 days after the injection of urea, the average voltage value re-
turned to the maxima range observed before injection 800–820 mV (Fig-
ure 4d). Interestingly, around day 13, all replicates began to rapidly 
decrease in voltage, dropping from an average 740 mV to 560 mV in a 48 hr 
period (Figure 4d). The rapid decline in voltage could be due to moisture 
loss as show in Habibul et al. (2016). However, this is not likely because the 
period immediately after day 15 shows the replicate fuel cells levelling out 
in voltage and even slightly increasing, holding at an average of 510 mV 
from day 16 to 18 (Figure 4d). From day 18 to 25, the replicate MFCs held a 
consistent voltage at an average of 560 mV (Figure 4c; Figure 5).  

Without an accompanying microbial analysis of the anode community, it 
would be impossible to be certain, but the sudden decrease then 
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stabilization of voltage from day 13 to 15 suggests that the nature of the 
electroactive biofilm may have changed. It is possible that as the urea was 
further utilized and diffused through the soil closest to the anode and that 
microbes with greater affinity for nitrogen became increasingly active. As 
studies have demonstrated that urea is a ubiquitous nitrogen source for soil 
microorganisms (Hasan 2000), it is not unlikely that many community 
members could compete for the substrate and utilize it to their advantage. 
Alternatively, the redox reactions being used by the electrogenic microbes 
may have changed due to shifts in nutrient availability and redox states 
(Wang et al. 2018). Another possible explanation for the sudden decrease 
in voltage at day 13 is a shift in the biofilm strategy. For example, Kim and 
Lee (2016) observed that when some biofilms sense an abundance of nutri-
ents, they disperse into a planktonic state, perhaps to take advantage of the 
rich environment. While this behavior has not been specifically linked to 
electroactive soil bacteria, it is possible that in the influx of urea at the later 
stages of the anode biofilm triggered a dispersal event, thus reducing the 
overall biofilm mass and potentially changing resource allocation from 
electroactivity to dispersal, hence an overall decrease in voltage. 

3.2 k-means clustering of data points 

A sum of squares error for projected k-means clustering determined that 4, 
5, or 6 independent clusters would be appropriate cluster groupings to 
model the voltage data as they show convergence with the real number of 
clusters but do not overfit the data (Figure 3). In the context of this analy-
sis, the k-means clustering treats every voltage point as an independent 
value regardless of time and looks for points of similar values or trajectories 
to isolate events or regions of similar output. In other words, time as a vari-
able is removed and all points are analyzed as if they occur simultaneously, 
thus allowing the k-means algorithm to cluster points based solely on their 
voltage and how close that voltage is to other points. Thus, if points that 
were measured at the beginning of the study and points measured at the 
end have similar voltage, they can be appropriately clustered together 
though they are separated temporarily. Basing the clustering on voltage 
without the time component therefore can potentially identify when volt-
ages have returned to a previous state. In looking at the various cluster se-
ries (Figure 6a–c), there are several distinctive events that denote unique 
voltage regions and correspond to the life cycle of the microbial fuel cell 
and occurrence of physical events that mirror the bacterial growth curve 
(Zwietering et al. 1990). These include the lag phase, or acclimation phase; 
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the exponential phase, or ascending phase; the stationary phase; and the 
declining phase (Li et al. 2008; Rodrigo et al. 2009; Sudarsan et al. 2015). 

Figure 6. Visualization of k-means clustering of the average voltage over the 25-
day observation period when 4 (a), 5 (b), and 6 (c) cluster groupings were used. 
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The four-cluster plot (Figure 6a) illustrates the least resolved clustering of 
the MFC voltage patterns; however, it identifies major voltage regions dis-
tinctly. Cluster 1a (Figure 6a) treats the period prior to injection as one 
event, including both the voltage ramp-up (acclimation and ascending 
phases) and the stabilization period from day 0 to 6. The k-means algo-
rithm then recognizes the period of injection and the 5 days afterward, in-
cluding the slow decline in voltage, as another region (Figure 6a, Cluster 
2a). Note that though the voltage postinjection between points 2000 and 
3200 (corresponding to days 7–12) returns to preinjection values of ap-
proximately 800 mV, the k-means algorithm does not recognize them as 
the same cluster. As the voltage ceases to decline and levels off for a stable 
period around point 4000, a new event is classified (Figure 6a, Cluster 
3a), representing a new average voltage. Curiously, though the increase in 
voltage from point 6000 onwards (corresponding to days 20–25) is mini-
mal (less than 10 mV) in comparison to more drastic increases and de-
creases (greater than 200 mV) witnessed earlier, such as the ascending 
phase (500–1500, days 1.5–4; Figure 5), the algorithm denotes the second 
stability point as its own event (Figure 6a, Cluster 4a).  

To relate the results of the four-cluster plot to possible microbiological 
phenomena, we propose that Cluster 1a represents the inoculation of soil 
bacteria on the anode and cathode, biofilm formation, and voltage produc-
tion; Cluster 2a represents the immediate decline of voltage from the dis-
turbance from the injection, rapid increase, stabilization, and decline in 
voltage; Cluster 3a represents a stabilization period; and Cluster 4a repre-
sents continued stabilization (Li et al. 2008; Rodrigo et al. 2009; Sudarsan 
et al. 2014). It is clear that Cluster 2 should be separated further into more 
phases that represent visual changes in the voltage. This is not surprising, 
though, as the four-cluster grouping was toward the onset of the elbow 
(Figure 3), suggesting the possibility that more true clusters could be re-
solved. These regions and events become increasingly defined as the num-
ber of assigned clusters increases. 

The most notable difference between the four-cluster (Figure 6a) and five-
cluster (Figure 6b) outputs is the separation of the postinjection decline in 
voltage, points 3400–4800 (day 11.5–17), as its own event (Figure 6b, 
Cluster 3b). This seems appropriate as it is a markedly large decline (from 
800 mV to 500 mV) in comparison to the relative stability of the voltage 
immediately prior to the decline, points 2500–3400 (days 9–11.5), which 
has also been designated as its own cluster (Figure 6b, Cluster 2b). It is 
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interesting to note that this decline occurs almost 4 days postinjection, 
which begs the question of what corresponding physical or chemical 
changes with the MFC are causing the sudden decline since it is separated 
temporarily from the initial injection and does not seem to be directly as-
sociated with the injection. If the decline was influenced by purely the 
presence of the urea, we might expect the decline in voltage to occur grad-
ually as the urea diffuses throughout the system (Wang et al. 2013; Siri-
nutsomboon 2014). However, in the case of Cluster 3b, the decline occurs 
rapidly (−160 mV/12 hr; Figure 5) over 3 days. This suggests that the driv-
ing force behind the decrease in voltage was due to large changes in the 
anodic microbes (Zhang et al 2011).  

An additional analysis that might aid in understanding the impact of the 
presence of urea would be a suite of MFCs injected only with deionized 
water. Still, without a more-thorough analysis, it would be impossible to 
determine whether these changes are due to shifts in microbial community 
members, change in biofilm integrity, or overall changes in microbe be-
havior. For future experiments, including uninjected control MFCs along 
with a microbial analysis could help uncover the specific shifts in microbial 
communities that correspond to changes in voltage. One potential theory 
to explain the voltage drop, however, is that with the influx of nutrients, 
which have diffused to the anode region, the electroactive biofilm may 
have shifted tactics and morphology to favor dispersion. While not ob-
served ubiquitously in biofilm-forming microbes, there is evidence that 
nutrient flux can trigger dispersion events in some biofilms, particularly in 
the late stages (Kim and Lee 2016). If the electroactive biofilm is continu-
ing to disperse and altering its metabolism to accommodate, this could ex-
plain the sudden decrease in voltage and the delay of this event as it may 
have taken a certain amount of time for the urea to aggregate around the 
anode in sufficient quantities to trigger dispersion. Following this theory, 
the reestablishment of voltage stability could indicate the end of this dis-
persion event and the shift of the biofilm back to a more static regulatory 
phase, or possibly additional colonization of microbes that took advantage 
of the abundance of nutrients and co-colonized the biofilm surface. Fur-
ther studies and techniques, such as electrochemical impedance spectros-
copy coupled with microbial community analysis, could help elucidate 
some of the biofilm dynamics of this period (He and Mansfield 2009).  

Lastly and not surprisingly, the six-cluster analysis resulted in the highest 
number of clusters and demarcation of key changes in the voltage output 
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(Figure 6c). The six-cluster grouping is the only classification scheme that 
separates the ramp-up period (Figure 6c, Cluster 1c) and the preinjection 
stabilization period (Figure 6c, Cluster 2c) from one another, treating 
them as distinctive events. With the isolation of the ramp-up period, the 
six-cluster classification presents six events in the voltage patterns that 
possibly relate to electrogenic microbiological phenomena in the fuel cell. 
We theorize that Clusters 1c and 2c (Figure 6c) correspond to an initial 
colonization (acclimation phase) and rapid increase in voltage (ascending 
phase; Li et al. 2008; Rodrigo et al. 2009) followed by a period of rela-
tively stable voltage (stationary phase) as the anodic community becomes 
established as is characteristic of microbial fuel cells (Logan et al. 2006; 
Read et al. 2010; Yanuka-Golub et al. 2016). Cluster 3c potentially illus-
trates the immediate disturbance to the biofilm from the physical influx of 
material and chemical shock of differing conditions (Mardanpour et al. 
2013; Ghasemi Naraghi et al. 2015) but also the restabilization of the bio-
film as suggested by the return to postinjection voltages. As was discussed 
previously with Cluster 3b (Figure 6b), Cluster 4c may represent a shift of 
the biofilm to a predominantly dispersed state, hence the decline in volt-
age, though it is also possible that the change in conditions around the an-
ode encouraged competition among the other microbial communities that 
disrupted the voltages. The average voltage from Cluster 5c and 6c was 524 
mV and 564 mV, respectively, which are only 7.4% different (Figure 6c).  
Even though there was a relatively small increase in voltage between Clus-
ters 5c and 6c, they were denoted as distinct. This may be because the vari-
ance in voltages in these regions was minimal (48.6 and 58.8 respectively) 
in comparison to other clusters, thus creating dense centroids in the k-
means clustering process (i.e., the points are too densely packed around 
their centroids to be treated as the same cluster). And to relate Clusters 5c 
and 6c (Figure 6c) to the electrogenic microbial community life stages, 
these two clusters potentially demonstrate a period in which the commu-
nity returns to a stable point and a new voltage equilibrium is reached.  

Regardless of the number of clusters, the k-means algorithm successfully 
distinguished voltage regions prior to and after injection as being distinc-
tive. While the interpretation of the events the clusters represented in the 
MFCs needs further study and resolution, it is clear that the algorithm is 
able to distinguish between events involving rapid change (both positive 
and negative) and different levels of stability. However, this study exam-
ined a single induced change. It is unknown how this statistical analysis 
will apply to multiple increases and decreases in voltage from changing 
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environmental conditions that in situ MFCs might experience. For in-
stance, periods of wetting and drying (Saeed and Miah 2021) or diurnal 
temperature cycles (Gong et al. 2021) could result in changes to microbial 
activity and in turn voltage output. While the source code example for this 
k-means method demonstrates the ability to identify cycles (Xu 2020), it is 
over a larger time, and it is unknown whether this could be replicated on a 
short timescale (hours) in which MFCs may experience large voltage 
changes. Despite that gap, however, it is clear that the k-means clustering 
algorithm is capable of detecting changes in the voltage patterns of the 
MFCs and identifying distinctive events at least in regard to the sudden in-
troduction of substrate. 
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4 Conclusions 

In this study, we measured the electrogenic microbial activity (voltage) of 
a soil-based MFC as it was exposed to an exogenous compound and 
demonstrated that the injection caused distinctive shifts in voltage. 
Through the k-means analysis of the voltage patterns using 4, 5, and 6 in-
dependent cluster groupings, it is also clear that there are several voltage 
states that occur throughout the lifetime of the MFC pre- and postinjec-
tion. While not covered in this study, the voltage states could be indicative 
of distinctive microbial behavior at the electrode surfaces, such as coloni-
zation, biofilm formation, and transition to planktonic state. However, fur-
ther research would be necessary to validate that theory. To support this 
theory and better understand the MFC community, our future works will 
include an in-depth analysis of the microbial community through DNA se-
quencing and will address such questions as the community pre- and 
postinjection, shifts in community abundance correlated with voltage 
events, and active electrogenic community members. 

This study also demonstrates that the MFC’s response to the influx of an 
exogenous compound can be immediate, or at least observable on the or-
der of minutes. The relatively high reaction speed of the MFC to the per-
turbations of the experiment further supports the use of MFCs as a sensor 
for change detection. Note, though, that this study performed “gross con-
tamination” by applying a large amount of exogenous material, and more 
research would be necessary to determine the sensitivity of the MFC to mi-
nor perturbations.  

While we cannot conclude from this study alone that any introduction of 
exogenous compounds will elicit an observable voltage response, the data 
do suggest that the k-means pattern-recognition algorithm has the resolu-
tion to identify minor and major changes in voltage states. Furthermore, 
the preinjection data also illustrates the potential utility of the k-means al-
gorithm to aid in defining the natural stages of the MFC microbial commu-
nity. This could be useful in building a strong model of what the “natural 
trajectory” for a soil-based MFC is to provide a basis for comparison when 
suspected perturbations have occurred.  

A crucial further point of study would be to incorporate other environmen-
tal factors known to have a strong influence on microbial activity. Factors 
such as moisture and temperature can be deterministic of microbial 
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growth and activity and could also have an impact on the voltage output of 
the electrogenic microbial community, perhaps even overshadowing or ex-
acerbating the response caused by exogenous compounds. Additionally, 
injection controls such as injecting deionized water could improve our un-
derstanding of how much of the voltage response is due to disturbance 
versus the chemical nature of the compound. Similarly, control MFCs that 
do not experience injection could be valuable in understanding what a nor-
mal undisturbed voltage pattern looks like and, when coupled with a mi-
crobial community analysis, could highlight which community members 
change most when compared to MFCs that experience injection.  

Given the possible sensitivities to environmental variables, the next logical 
step is also to compare the effectiveness of the k-means algorithm on MFC 
voltages that have been deployed in the field. Field MFCs will likely experi-
ence inconsistent changes in temperature, moisture, and nutrient intro-
duction that could be challenging for the k-means algorithm to capture but 
would aid in building a strong dynamic model for using the voltages to in-
form on the environment. However, as the data in this study suggests, k-
means may be capable of identifying changes in the steady state of the 
MFC voltage regardless of the cause; and more study would be necessary 
to parse the shifts in voltage into categories, such as shifts due to natural 
effects versus anthropogenic effects.  

When the variables (environmental and physical) are more resolved, the k-
means analysis could feed into a larger model that seeks to sense and char-
acterize contamination in situ. Artificial intelligence chips, for instance, 
have the capability to resolve complex patterns through machine learning 
when trained with sufficient data. In the context of MFCs, the data in 
question could be voltage patterns of MFCs impacted by a variety of con-
taminants, each one potentially having a unique voltage pattern. This 
could have applications in both security, by detecting and classifying illicit 
compounds or compounds indicative of human activity when MFCs are 
deployed in restricted areas, or in environmental monitoring, by detecting 
environmental contaminants in a range of concentrations. The k-means 
analysis of voltage patterns when MFCs are field deployed can help train 
the model in understanding what is a normal voltage pattern and what is a 
voltage pattern impacted by a disturbance, thus potentially allowing the 
model to make highly resolved judgements and utilize the data effectively. 
For example, the k-means algorithm might be able to identify periods of 
voltage that cluster with natural variation and identify periods of voltage 
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that are anomalous to the rest of the voltage history and thus necessitating 
further resolution by the machine learning algorithm. To make this appli-
cation feasible, more research is needed on how the voltage patterns re-
spond to the dynamic nature of environments they might be deployed in 
and how pattern recognition and machine learning algorithms interpret 
these potentially dynamic voltage patterns. If k-means and machine learn-
ing algorithms are able to work in concert and resolve the complex voltage 
patterns of MFCs, it could allow for the use of MFCs as low-input sensors 
for contaminant detection in the environment.    
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Appendix: Arduino Code for Voltage 
Measurements 
#include <SPI.h> 
#include <SD.h> 
#include <Wire.h> 
#include <Adafruit_ADS1015.h> 
 
#define TCAADDR       0x70 
#define ADS1115_ADDR0 0x48 
#define ADS1115_ADDR1 0x49 
#define ADS1115_ADDR2 0x4A 
#define ADS1115_ADDR3 0x4B 
#define PAUSE_MS      300000 
#define I2C_CHANNELS  5 
#define ADS1115_NUM   4 
#define LOG_STATUS    7 
 
String filename = "datalog.csv"; 
 
// On the Ethernet Shield, CS is pin 4. Note that even if it's not 
// used as the CS pin, the hardware CS pin (10 on most Arduino 
boards, 
// 53 on the Mega) must be left as an output or the SD library 
// functions will not work. 
const int chipSelect  = 4; 
 
File dataFile; 
 
// initialize all ADC  
Adafruit_ADS1115 ads  = Adafruit_ADS1115(ADS1115_ADDR0);  /* Use 
this for the 16-bit version */ 
Adafruit_ADS1115 ads1 = Adafruit_ADS1115(ADS1115_ADDR1);  /* Use 
this for the 16-bit version */ 
Adafruit_ADS1115 ads2 = Adafruit_ADS1115(ADS1115_ADDR2);  /* Use 
this for the 16-bit version */ 
Adafruit_ADS1115 ads3 = Adafruit_ADS1115(ADS1115_ADDR3);  /* Use 
this for the 16-bit version */ 
 
float multiplier;// = 0.0625F; /* ADS1115  @ +/- 6.144V gain (16-
bit results) */ 
 
String line;// line to write to file 
 
/* 
 * Setup the arduino for data logging, and ADC measurement read-
ings 
 */ 
void setup() { 
  // Open serial communications and wait for port to open: 
  Serial.begin(9600); 
  setup_adc(); 
  setup_sd_output(); 
  write_header();// write the output file header 
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} 
 
/* 
 * select i2c channel on TCA board 
 */ 
void tcaselect(uint8_t i) 
{ 
  if (i > 7) return;//error check value 
   
 // switch the I2C bus 
  Wire.beginTransmission(TCAADDR); 
  Wire.write(1 << i); 
  Wire.endTransmission(); 
} 
 
/* 
 * setup the sd car output 
 */ 
void setup_sd_output() 
{  
  Serial.print("Initializing SD card..."); 
  // make sure that the default chip select pin is set to 
  // output, even if you don't use it: 
  pinMode(SS, OUTPUT); 
   
  // see if the card is present and can be initialized: 
  if (!SD.begin(10,11,12,13)) { 
    Serial.println("Card failed, or not present"); 
    // don't do anything more: 
    while (1) ; 
  } 
  Serial.println("card initialized."); 
   
  // Open up the file we're going to log to!   
  dataFile = SD.open("datalog.csv", FILE_WRITE); 
  if (! dataFile) { 
    Serial.println("error opening " + filename); 
    // Wait forever since we cant write data 
    while (1) ; 
  } 
 
  // let the user know the file is logging 
  pinMode(LOG_STATUS,OUTPUT); 
  digitalWrite(LOG_STATUS,HIGH); 
} 
 
/* 
 * setup the ads1115 adcs. all 4 per channel 
 */ 
void setup_adc() 
{ 
  //                                                                
ADS1015  ADS1115 
  //                                                                
-------  ------- 
  // ads.setGain(GAIN_TWOTHIRDS);  // 2/3x gain +/- 6.144V  1 bit 
= 3mV      0.1875mV (default) 
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  // ads.setGain(GAIN_ONE);        // 1x gain   +/- 4.096V  1 bit 
= 2mV      0.125mV 
  // ads.setGain(GAIN_TWO);        // 2x gain   +/- 2.048V  1 bit 
= 1mV      0.0625mV 
  // ads.setGain(GAIN_FOUR);       // 4x gain   +/- 1.024V  1 bit 
= 0.5mV    0.03125mV 
  // ads.setGain(GAIN_EIGHT);      // 8x gain   +/- 0.512V  1 bit 
= 0.25mV   0.015625mV 
  // ads.setGain(GAIN_SIXTEEN);    // 16x gain  +/- 0.256V  1 bit 
= 0.125mV  0.0078125mV 
  multiplier = 0.0625;// mV/LSB 
  Serial.println("Getting differential reading from AIN0 (P) and 
AIN1 (N)"); 
  Serial.print("ADC Range: +/- 6.144V (1 bit = "); 
  Serial.print(multiplier,DEC); 
  Serial.println("mV/ADS1115)"); 
  ads.setGain(GAIN_TWO); 
  ads.begin(); 
  ads1.setGain(GAIN_TWO); 
  ads1.begin(); 
  ads2.setGain(GAIN_TWO); 
  ads2.begin(); 
  ads3.setGain(GAIN_TWO); 
  ads3.begin(); 
} 
 
/* 
 * take measurements from 4 ADC boards and return 
 */ 
void take_measurements() 
{ 
  int16_t r1, r2, r3, r4, r5, r6, r7, r8; 
 
  r1 = ads.readADC_Differential_0_1(); 
  r2 = ads.readADC_Differential_2_3(); 
  r3 = ads1.readADC_Differential_0_1(); 
  r4 = ads1.readADC_Differential_2_3(); 
  r5 = ads2.readADC_Differential_0_1(); 
  r6 = ads2.readADC_Differential_2_3(); 
  r7 = ads3.readADC_Differential_0_1(); 
  r8 = ads3.readADC_Differential_2_3(); 
 
  // concatenate all values in a string 
  line += "," + String(r1 * multiplier) + "," + String(r2 * multi-
plier) + "," +  
      String(r3 * multiplier) + "," + String(r4 * multiplier) + 
"," +  
      String(r5 * multiplier) + "," + String(r6 * multiplier) + 
"," +  
      String(r7 * multiplier) + "," + String(r8 * multiplier); 
} 
 
/* 
 * writes the output file header 
 */ 
void write_header() 
{ 
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  String header = "Time (ms)"; 
  for (int i = 0; i < I2C_CHANNELS; i++) 
  { 
    for (int j = 0; j < ADS1115_NUM; j++)// two devices 
    { 
      for (int k = 0; k < 2; k++)// two differnetial channels 
      { 
        header += ",I2C" + String(i) + " 0x" + 
String(ADS1115_ADDR0+j,HEX) + " CH" + String(k) + " (mV)"; 
      } 
    } 
  } 
  Serial.println(header); 
  dataFile.println(header); 
  dataFile.flush();// flsuh data to file 
} 
 
/* 
 * write the measurements to the file 
 */ 
void write_measurements() 
{  
  Serial.println(line); 
  dataFile.println(line); 
   
  // The following line will 'save' the file to the SD card after 
every 
  // line of data - this will use more power and slow down how 
much data 
  // you can read but it's safer!  
  // If you want to speed up the system, remove the call to 
flush() and it 
  // will save the file only every 512 bytes - every time a sector 
on the  
  // SD card is filled with data. 
  dataFile.flush(); 
} 
 
/* 
 * loop to continuously run 
 */ 
void loop() { 
  line = String(millis());// initialize the line with a timestamp 
 
  // cycle through all 12c channels 
  for (int i = 0; i < I2C_CHANNELS; i++) 
  { 
    tcaselect(i);// select the i2x channel 
    take_measurements();// take measurements from that channel 
  } 
 
  // write all measurements to a file 
  write_measurements(); 
   
  // Take 1 measurement every 500 milliseconds 
  delay(PAUSE_MS); 
} 
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