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Abstract 

The generation of electricity via MFC is subject to alteration by the concentration of the substrate. The objective of this 

study was to examine the performance of MFCs using both theoretical and experimental methods to ascertain the 

kinetic parameters associated with the addition of cobalt, with the aim of enhancing electricity generation via MFCs. 

The study demonstrated the impact of varying substrate concentrations and the composition of food waste and water, 

with formulas 0:5, 1:4, 2:3, 3:2, 4:1, and 5:0 (w/v). The kinetics of biochemical reactions were determined by employing 

the Monod and Gates-Marlar equations. The Monod equations were evaluated using three distinct representation 

methods. The Langmuir, Lineweaver-Burk, and Eadie-Hofstee models were employed. Conversely, the electrochemical 

reaction rate is evaluated through the Butler-Volmer equation. The current density derived from the theoretical 

approach exhibited a comparable pattern to that observed in the experimental data. The maximum power density was 

attained at a substrate concentration of 4:1 (w/v) exceeding 25,000 mW/m². The presented model facilitated the 

enhancement and optimization of MFC performance. Substrate concentration and biomass concentration exert a 

significant influence on MFC performance, as evidenced by the analysis of variance (ANOVA) and response surface 

methodology (RSM). 
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1. Introduction  

Microbial fuel cells (MFCs) are devices that 

use organic compounds to generate electricity 

through the activity of microorganisms [1,2]. The 

generation of electricity by MFCs is contingent 

upon the proliferation of microorganism cells and 

the substrate concentration [3]. It is therefore 

imperative to ensure the stability of substrate 

concentration and microbial growth during the 

MFC process. Typically, the generation of 

electricity by MFCs is impeded by barriers to 

electron and cation transfer from the anode to the 

* Corresponding Author. 

   Email: juliastuti@its.ac.id (S.R. Juliastuti) 

cathode [3]. The hindrance of transfer electron 

interior MFC handle is dependent upon the 

presence of substrate as a source of nutrition for 

microorganisms and as a fuel converted into 

electron.   

Considering of these challenges, numerous 

researchers have endeavored to enhance the 

effectiveness of MFCs through various 

methodologies. These approaches involve 

modifications to the chamber setup, analyses of 

microscopic organisms, the utilization of various 

anode materials, and the optimization of 

operational parameters. One avenue for 

advancing MFC performance is to ascertain the 

energy yield of the MFC process and to elucidate 
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the advancement dynamic control through 

kinetic. Active models of MFC are based on 

biological processes [4]. The active parameters are 

typically determined by the substrate 

concentration, substrate rate, and microbial 

growth [5–8]. The active parameters of MFCs 

emerge from the interaction between the 

substrate and microorganisms [9]. These 

interactions also drive the utilization of the 

substrate by the organisms, as well as its 

conversion into electrons and particles. 

In the context of energy response in MFCs, 

the Monod condition is a frequently used model. 

Monod conditions describe the relationship 

between bacterial growth rate and substrate 

concentration, in Equation (1) [4]: 

 

µ =  µ𝑚𝑎𝑥
𝑆

𝐾𝑆+𝑆
           (1) 

 

The specific growth rate (µ) is expressed in units 

of inverse hours, while the maximum specific 

growth rate (µmax) is expressed in units of inverse 

hours [4]. The limiting substrate concentration (S) 

is expressed in grams per liter, and the half-

saturation coefficient (Ks) is expressed in grams 

per liter. The Monod equation was used to 

determine bacterial growth based on the rate of 

substrate utilization.     

In addition to evaluating bacterial 

development based on substrate utilization rate, 

substrate restraint can be assessed through 

kinetic analysis. Electricity generation decreases 

at various substrate concentrations  [3]. Previous 

studies on the kinetics of reactions in MFCs have 

focused on deriving the kinetic equation or 

specifying the empirical equation of the reaction 

in MFCs. Utami  reported that MFCs with tempeh 

waste substrate produced a kinetic parameter 

value Ks of 124 mg/L with a power density of 0.033 

mW/m2 [10]. Concurrently, other researchers have 

undertaken a comparative analysis of the kinetic 

constants derived from disparate methods. 

Illustrative of this is the work of Imwene K.O. was 

obtained the kinetic constants of the Monod model 

ranging from 99.57 to 99.63 mg/ L, the Andrew 

Haldane model of 50.09-50.18 mg/L, and the Han-

Levenspiel model of 91.09-100.75 mg/L [11]. 

According to Mbugua was kinetic parameter 

values can also be determined based on regression 

(R2). The Gompertz equation model was used and 

resulted in 0.911 and 0.962 [12].   

A substantial research corpus has 

illuminated the kinetics of MFCs; however, the 

kinetic effect of utilizing food waste as substrate 

in MFC remains to be identified [13,14]. 

Furthermore, this study will provide an active 

explanation based on substrate concentration and 

general control factor, such as substrate 

concentration and biomass concentration. The 

objective of this study is to determine the kinetic 

parameters to expand the control generation of 

MFCs by employing hypothetical and test 

approaches. Moreover, the substrate 

concentration and several factor in MFC will 

elucidated by using the RSM method. This study 

was conducted in batch operation using a single-

chamber MFC. The findings of this study will 

serve as a foundation for future advancements in 

MFC technology, particularly in the area of large-

scale implementation. 

 

2. Materials and Methods  

2.1  Food Waste and Bacteria Prepares 

Food waste was collected from many stalls 

around the Institut Teknologi Sepuluh Nopember 

in Surabaya, Indonesia. The food waste used has 

a composition of 60% carbohydrate, 30% protein, 

and 10% fat. The food waste was ground into a 

sludge using a blender (Philips, Netherlands) and 

then introduced into the mushrooms for 

hydrolysis. The study used three species of fungi: 

Aspergillus oryzae, Aspergillus aculeatus, and 

Candida rugosa, each of which contributes to 

helping break down proteins, carbohydrates, and 

lipids in food waste. Every chamber of the MFC 

used 0.5 grams of food waste. In each chamber, the 

composition of the food waste and water mixture 

was varied to 0:5, 1:4, 2:3, 3:2, 4:1, and 5:0 (w/v).  

After a 24-hour hydrolysis process, food waste 

enters the MFC chamber as a substrate. 

 

2.2   MFC Configuration 

The single-chamber MFC consisted of a 

chamber made of a plastic bottle (PET) with a 

volume of 1.5 liters. It consisted of an anode 

located 3 cm from the bottom of the chamber and 

a cathode located on the surface of the chamber. 

The anode and cathode were made of the same 

material, carbon cloth with dimensions of 5 cm in 

length, 2 cm in width, and 2 mm in thickness. The 

anode and cathode were connected to an external 

resistor (1000 Ω) via copper wire. These external 

wires were placed on a printed circuit board (PCB) 

to facilitate voltage and current measurements. 

Hydrolyzed food waste, Shewanella oneidensis 

MR-1 bacteria, Sidoarjo mud, and 7 μg/L 

micronutrient cobalt were present in the MFC 

chamber as the starting process. During the 

process at MFC, voltage and current were 

measured for 20 days. 

 

2.3   Substrate Analysis 

Substrate concentration was calculated as 

glucose concentration and analyzed using the 3,5-

dinitrosalicylic acid (DNS) method. The 

concentration of pure glucose was measured using 

standard methods. The concentration was 

determined by comparing the measured substrate 
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Function of Model Type of Models Specific Growth Rate 

Common use / typical model Monod  µ = µmax 
𝑆

𝐾𝑆 + 𝑆
 

Inhibition models Haldane µ =
µ max 𝑆

𝑆 + (
𝑆2

𝐾𝑖
) + 𝐾𝑆

 

 Aiba et al. 

𝑟 =
𝑟𝑚𝑎𝑥𝑆𝑒

−
𝑆

𝐾𝑖

𝐾𝑆 + 𝑆
 

 Tessier  
= 𝑟𝑚𝑎𝑥(𝑒

(
−𝑆

𝐾𝑖𝐸 
)

− 𝑒
(

−𝑆
𝐾𝑆

)
 

 Edwards  
𝑟 = 𝑟𝑚𝑎𝑥(𝑒

(
−𝑆

𝐾𝑖𝐸 
)

− 𝑒
(

−𝑆
𝐾𝑆

)
 

 Luong  

𝑟 =
𝑟𝑚𝑎𝑥𝑆 (1 −

𝑆
𝑆𝑚

)
𝑛

𝐾𝑆 + 𝑆
 

 Hans-Levenspiel  

𝑟 =
𝑟𝑚𝑎𝑥𝑆 (1 −

𝑆
𝑆𝑚

)
𝑛

𝐾𝑆 (1 −
𝑆

𝑆𝑚
)

𝑚

+ 𝑆

 

 Moser  
µ = µmax 

𝑆𝑛

𝐾𝑆 + 𝑆𝑛 

 Blackman  µ = µmax 
𝑆

2𝐾𝑆
 

 Monod-Nerst 
= 𝑞𝑚𝑎𝑥 𝜑𝑎 (

𝑆𝑑

𝑆𝑑 + 𝐾𝑆𝑑
) (

1

1 + 𝑒−
𝐹𝜂
𝑅𝑇

) 

Multiplicative Monod  𝑞 = 𝑞𝑚𝑎𝑥
𝑆

𝑆 + 𝐾𝑆

𝑆𝑀𝑜𝑥

𝐾𝑆𝑀𝑜𝑥 + 𝑆𝑀𝑜𝑥
 

with the concentration of pure glucose using 

spectrophotometric analysis (YOKE Uv1720 UV 

Vis Spectrophotometer, China). 

 

2.4   Electricity Measurement 

The output current was measured through an 

external resistor and measured with a digital 

multimeter (Tofuda DT830B, Japan). 

Measurements were taken daily during 

approximately 20 days of operation. The voltage 

and current were measured to show the amount of 

power generated. Power density can be calculated 

from the measured voltage and current. The 

power density (P) was calculated using the 

following equation: 

 

 P (mW/m2) = V (volts) × I (amps) / A (m2)  (2) 

 

where P was the power density, V was the voltage, 

I was the current, and A was the area of the active 

electrode. 

 

2.5   Kinetic Model 

Several kinetic analyses have been performed 

to describe the dynamics of microorganisms 

within the system. As shown in Table 1, each 

dynamical model analysis accounted for different 

systems and functions [15]. The haldane equation 

is most commonly used to describe the effects of 

inhibition on high and low substrate 

concentrations. The Haldane equation was 

developed by Aiba et al. simplified. Another 

biokinetic model was proposed by Tessier at 

higher substrate conditions [3]. 

 The Monod model equations are a widely 

utilized tool for the description of kinetic analyses 

pertaining to substrate and microbial growth in 

systems [16,17] . In this study, experimental data 

based on Shewanella oneidensis MR-1 and glucose 

as substrate concentrations during the growth 

phase of electrogenic bacteria were obtained from 

mixed cultures in microbial fuel cells (MFC). The 

experimental data may be subjected to curve 

fitting analysis in order to ascertain certain 

parameters. The determination of reaction rate 

parameters necessitates the identification of the 

requisite substrate concentration in the batch 

process. The reaction kinetic parameters can be 

calculated by recording the substrate 

concentration and time during the MFC process. 

Reaction rates are typically represented as a 

graph, with the highest asymptotes representing 

Vmax and KM. KM is the substrate concentration at 

which the reaction rate is half of Vmax. However, 

accurately determining the values of Vmax and KM 

is often challenging. To address this, Michaelis 

Menten was arranged in a line [14,18] : 

 

Table 1. Kinetic analysis models 
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Variables Max Min 

Substrate concentration 0.8 0 

Cobalt concentration 10 1 

Biomass concentration 0.48 0.1 

𝐿𝑎𝑛𝑔𝑚𝑢𝑖𝑟 𝑃𝑙𝑜𝑡 ∶  
𝐶𝑆

µ
=

𝐾𝑀

µ𝑚𝑎𝑥 
+

𝐶𝑆

µ𝑚𝑎𝑥
  (3) 

𝐿𝑖𝑛𝑒𝑤𝑒𝑎𝑣𝑒𝑟 − 𝐵𝑢𝑟𝑘 𝑃𝑙𝑜𝑡 =   
1

µ
=

1

µ𝑚𝑎𝑥
+

𝐾𝑀

µ𝑚𝑎𝑥

1

𝐶𝑆
  (4) 

𝐸𝑎𝑑𝑖𝑒 − 𝐻𝑜𝑓𝑠𝑡𝑒𝑒 𝑃𝑙𝑜𝑡 ∶   µ = µ𝑚𝑎𝑥 − 𝐾𝑀
µ

𝐶𝑆
  (5) 

A Langmuir diagram was constructed by 

plotting Cs/µ to Cs. The resulting graph is a 

straight line with a slope of 1/µmax and an intercept 

of KM/µmax. A Lineweaver-Burk plot of 1/µ versus 

1/CS gives the impression that a Langmuir 

diagram would yield a linear relationship. 

Lineweaver-Burk plot yields a slope of KM/µmax 

and an intercept of 1/µmax. Subsequently, the 

Eadie-Hofstee plot was employed by plotting µ 

versus µ/CS, resulting in the generation of a linear 

relationship with a slope of -KM and an intercept 

of µmax. The three kinetic approaches, namely the 

Lineweaver-Burk, were frequently utilized since 

this graph depicts the independent variable of CS 

and the dependent variable of µ [19]. However, the 

Lineweaver-Burk diagram becomes less precise at 

lower substrate concentrations. 

 

2.6  Analysis of Variance (ANOVA) and Response 

Surface Method (RSM) Analysis 

Response variables were determined using 

the Minitab 14 and Stat-Ease programs to identify 

dependent and independent variables. The 

variables include substrate concentration (X1), 

cobalt concentration (X2), and biomass 

concentration (X3), as shown in Table 2. The 

independent variables are identified using the 

power density data harvested from the MFC 

system. 

Before evaluating the response surface 

methodology, ANOVA analysis was applied to 

determine the response variable (Y).  Minitab 14 

statistical software was used to create linear 

models and evaluate the significance (p-value) 

and fit (lack of fit) of the regression model. 

Residual evaluation and normality assessment 

were also conducted to determine the utility of the 

model [20,21]. The data was analyzed using 

multiple linear regression  to create an 

optimization model specified using the following 

Equation (6) [21] : 

 

𝑌 =  𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 +  𝛽11𝑋21 +  𝛽22𝑋22 +
 𝛽12𝑋1𝑋2 + 𝜀         (6) 

 

Y is the estimated response variable, β0 is the 

constant parameter, β1, and β2 are the linear 

parameters, β11, and β22 are the quadratic 

parameters, β12 is the interaction, and ε is the 

random error. When using Minitab, the ideal 

surface response is a stationary point, and the 

optimal response values are determined by 

contour and surface plots. The stationary point is 

determined from the values of the regression 

coefficients in the second-order model. 

 

3. Results and Discussion  

3.1  Preparation of Food Waste for Substrate on 

MFC Process 

In previous reports, food waste from several 

countries was found to consist of carbohydrates, 

proteins, and fats [22]. Wong reported that food 

waste is composed of 16.6–74.6% carbohydrates, 

10.4–42.2% protein, and 7–32% fat (dry basis). 

The organic compounds present in food waste can 

be employed as a fuel source to generate energy 

[23]. Consequently, food waste can be utilized as a 

fuel or substrate for MFC processes.  

However, food waste frequently retains the 

presence of fibers, including ash, cellulose, 

hemicellulose, and lignin [24]. The primary 

impediments to the microbial decomposition of 

these fibers and carbohydrates are their chemical 

composition and the presence of lignin and other 

complex carbohydrates. This property of food 

waste can be enhanced through the process of 

enzymatic hydrolysis, which facilitates the 

breakdown of lignin-carbohydrate, protein, and 

lipid bonds. Three fungal species were employed 

in an enzymatic hydrolysis process to convert food 

waste into monomers. Previous studies have 

demonstrated the efficacy of fungi in breaking 

down food waste into monomeric carbohydrates, 

proteins, and lipids. The fungus Aspergillus 

aculeatus, which produces the glucose monomer, 

was utilized to degrade carbohydrates and a range 

of fiber types [25]. Aspergillus oryzae uses proteins 

to break down into amino acid monomers, and 

Candida rugosa breaks down lipids into lipid 

monomers [26,27].  This facilitated the enzymatic 

hydrolysis of food waste used as a substrate for 

MFC [28]. Alternative hydrolysis methods, such 

as acidic hydrolysis, have been reported [29,30]. 

Table 2. Determination of independent variables and treatment codes in research 
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However, acidic hydrolysis proved to be a more 

efficient method than enzymatic hydrolysis. The 

latter also releases toxic compounds, including 

formic acid, acetic acid, and levulinic acid, which 

are known to inhibit cell proliferation during the 

MFC process [31]. In comparison, enzymatic 

hydrolysis using fungi is less toxic and represents 

the optimal treatment method for food waste.  

The hydrolysis process was carried out before 

the food waste was fed into the MFC process. The 

enzymatic hydrolysis process has broken down the 

polymers contained in food waste into monomers. 

The monomers can be glucose, amino acids, or 

fatty acids. In the MFC process, not only using 

Shewanella oneidensis MR-1 bacteria, but also 

using culture source bacteria from Sidoarjo 

sludge. In Sidoarjo sludge, there are Acetobacter 

and Gluconobacter that can convert glucose into 

low-molecular-weight organic acids, such as lactic 

acid, acetic acid, and pyruvic acid. Furthermore, 

these low molecular-weight organic acids are 

converted by Shewanella oneidensis MR-1 

bacteria into electrons and other ions. 

  

3.2  Effect of Concentration Substrate 

The process at the MFC began by injecting 

food waste, Shewanella oneidensis MR-1, Sidoarjo 

mud, and the micronutrient cobalt into the 

chamber of the MFC. The majority of food waste 

consist of carbohydrate. Furthermore, the 

carbohydrate was broken down into its 

constituent monomers, namely, glucose. 

Therefore, substrate concentration could be 

represented by glucose concentration. This 

experiment was performed in six independent 

MFC units with varying substrate concentrations. 

The purpose of varying the substrate 

concentration was to determine the reaction rate 

depending on the substrate concentration. Trace 

glucose concentrations were used to determine the 

electrochemical analysis and utilization of food 

waste in MFC reactions.  

The MFC process ran for approximately 20 

days. During the process, the effect of substrate 

concentration was taken into account by 

considering different substrate concentrations (0: 

5, 1: 4, 2: 3, 3: 2, 4: 1, and 5: 0 (w/v)) and bacteria 

kept constant at 6 billion cells/ml. The substrate 

concentration profile in the MFC process is shown 

in Figure 1. At the initial stage, the substrate 

concentration decreased rapidly after 12 days of 

operation. Although the initially released 

reducing glucose content increased with substrate 

concentration, the final sugar content was 

achieved at all substrate concentrations. The 

effect of substrate concentration on the MFC 

process varies from substrate to substrate [32]. 

Ineffective reduction of substrate concentration in 

the MFC process is due to the lack of electrogenic 

bacteria to oxidize organic compounds to electrons 

and cations  [32]. 

 

3.3  MFC Batch Process Kinetics of Substrate and 

Biomass Utilization 

Kinetic studies were of paramount 

importance in interpreting the potential MFC 

process, necessitating a comprehensive 

understanding of the interrelationship between 

substrate utilization, microbial growth, and 

biomass formation. The calculation of biological 

parameters may be achieved using kinetic 

equations, which can be applied to Michaelis-

Menten diagrams or Gates-Marlar analysis. The 

parameters obtained using the Michaelis-Menten 

diagram were constructed using methods such as 

the Langmuir, Lineweaver-Burk, and Eadie-

Hofstee models. In this study, kinetic parameters 

were determined and compared using the models. 

The results of the kinetic parameters obtained 

using different methods are shown in Table 1, 

where, µ0 was the maximum cell growth rate and 

KM was substrate concentration when the reaction 

rate was half of rmax, respectively. Table 1 shows 

that different plotting methods produced different 

values of µ0 and KM, for every different substrate 

load.  

The effect of concentration substrate was also 

analyzed using  MATLAB software through the 

Gates-Marlar Equation. By using the ODE 

equation in MATLAB, the graph is shown in 

Figure 2. Figure 2 illustrates the decline in 

glucose concentration and the corresponding 

increase in biomass concentration over time in the 

MFC process. Figure 2 illustrates a decline in 

substrate concentration concomitant with an 

increase in biomass concentration. This outcome 

demonstrates effective substrate utilization as 

fuel for the MFC process. The observed increase in 

biomass concentration provides further evidence 

that the MFC process was performed correctly.  Figure 1. Substrate degradation in the MFC Process  
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Kinetic 

Parameter 

Plot Method Various Substrate Loads (w/v) 

0:5 1:4 2:3 3:2 4:1 5:0 

µmax (1/days) Langmuir 1.36 2.43 0.018 0.28 1.067 1,1 

Lineweaver-Burk 0.45 0.37 0.019 0.1 0.48 0.28 

Eadie-Hofstee 0.81 3.16 0.02 0.15 1.51 0.4 

Gates-Marlar 0.012 0.02 0.02 0.007 0.37 0.002 

KM (g/L.days) Langmuir 1.67 4.77 0.19 1,50 2.54 5.11 

Lineweaver-Burk 0.08 0.074 0.81 0.045 1.41 0.15 

Eadie-Hofstee 0.45 3.8 0.04 0.42 3.3 2.6 

Gates-Marlar 1.3 0.32 0.48 0.26 11.21 0.85 

Figure 2 illustrates the correlation between 

substrate flow rate and substrate concentration. 

It was determined that an increase in flow rate 

resulted in a corresponding decrease in substrate 

concentration. Consequently, the correlation 

between substrate flux and substrate 

concentration was inverse. 

This condition corresponds to the following 

equation: 

 

𝑣0 =  
𝐹𝑠0

𝐶𝑠0
     (7) 

 

Where v0 is the volumetric flow rate with respect 

to the MFC process. FS0 is the feed rate. 

 

3.4 The Correlation between Electricity 

Generation and Substrate Concentration 

The power generation of MFC is contingent 

upon the oxidation substrate and electron transfer 

capacities [13]. The graph between power 

generation and substrate concentration 

demonstrated the performance of the MFC [33]. 

Figure 3 illustrates the impact of substrate 

concentration on power generation. It was 

discovered that the highest power generation was 

not consistently achieved at elevated substrate 

concentrations. This is due to the amount of 

electricity generated as a result of substrate 

inhibition. At the time, there was no kinetic 

theory available to explain this phenomenon. 

However, based on the kinetic analysis of 

substrate inhibition on electricity generation, a 

biodynamic rationale was applied to the nonlinear 

parameter fitting of the experimental data [3]. 

However, the experimental fitting expresses 

values that differ from those predicted by the 

kinetic inhibition theory. 

As illustrated in Figure 3, food waste has been 

demonstrated to exert a more pronounced 

inhibitory effect.  Figure 3 also demonstrates that 

the high concentration decreased at a faster rate 

than that of another substrate. The generation of 

power in the MFC commenced with the utilisation 

of food waste, which served to reduce the 

concentration of glucose and stimulate the 

consumption of nutrients by microorganisms. The 

organisms were in a state of mortality until the 

concentration of the substrate decreased. 

 

3.5  Power Generation in the MFC 

The maximum power generation in Figure 3 

was employed to ascertain the electrochemical 

kinetic parameters [33]. In this investigation, the 

Butler-Volmer and Tafel equations were utilized 

to determine the kinetics of electrochemical 

reactions within the MFC. There are multiple 

methodologies for solving the Butler-Volmer and 

Tafel equations from an MFC performance 

standpoint. Theophilos presented a solution 

involving the combination of the Butler-Volmer 

equation with the Monod equation.  

 

µ =
𝑘0.𝐶𝑠

𝐾𝑚+𝐶𝑠
     (8) 

 

and Buttler-Volmer equation : 

 

𝑖 = 𝑖0[exp (𝛼𝑎
𝑛𝐹

𝑅𝑇
(𝐸 − 𝐸𝑒𝑞))]   (9) 

     

Table 3. The result of the kinetic parameters 

Figure 2. Correlation of substrate and biomass 

result from MATLAB.  
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When 𝐸 − 𝐸𝑒𝑞 = 𝜂𝑎 , then Equations (8) and (9) 

were combined resulting in Equation (10). 

  

𝑅1 = 𝑘1
𝐶𝑠

𝐾𝑠+𝐶𝑠
𝑒𝑥𝑝 (

ɑ𝑎𝐹

𝑅𝑇
𝜂𝑎)             (10) 

 

𝑘1 = µ𝑚𝑎𝑥𝐶𝑥               (11) 

 

Where k1 was the maximum specific growth rate 

with correlation biomass concentration 

(mol/(m2.h)), Cs was the substrate concentration 

(mol/m3), Ks was the constant a half rate for 

substrate, ɑɑ transfer coefficient in anode, F was 

Faraday constant (C/mol), R was the ideal gas 

constant (J/(mol. K)), T was temperature (Kelvin), 

and ηa was anode overpotential. 

The correlation between reaction and rate 

was obtained by using Faraday’s law : 

 

𝑅1 =
𝑉 𝐼

𝑛 𝐹
                (12) 

 

where V was the voltage of electricity (Volt), I was 

the current density (A/m2), n was the amount of 

electrons inside the reaction process, and F was 

the Faraday constant (C/mol). 

The results obtained by calculating with 0 

and parameters and the experimental current 

density are presented in Figure 4. The calculated 

current density yielded results that were found to 

be analogous to those observed in the 

experimental current density. Figure 4(a), (d), and 

(f) illustrate the following: For substrate 

Figure 4. Comparison of calculated and experimental current density versus substrate concentration 

(a). 0: 5, (b). 1: 4, (c). 2: 3, (d). 3: 2, (e). 4: 1, (f). 5: 0 (w/v) 

Figure 3. Effect of substrate on power density 

production  
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concentrations of 0.5, 3.2, and 5.0 (w/v), the 

calculated current density is observed to be lower 

than the experimentally determined current 

density. Therefore, the calculated current density 

was found to be lower than the current density 

obtained from the experiment. This can be 

attributed to the fact that the processes occurring 

within the experimental setup were operating at 

an optimal level. However, in Figures 4(b), (c), and 

(e), for substrates 1:4, 2:3, and 4:1 (w/v), the 

calculated current density is comparable to the 

current density obtained from the experiment. 

This discrepancy may be attributed to the 

utilization of batch operations in the present 

study. 

 

3.6  Factor Influence Power Density 

The RSM is an appropriate model, as 

evidenced by the strong correlation between 

experimental data and the prediction model [34–

36]. To calculate the linear quadratic formula, 

three variables (X1, X2, and X3) were analyzed 

using the Minitab software [37,38]. Prior to 

conducting the Analysis of Variance (ANOVA) 

test, a normality test was performed [39]. The 

normality test on the substrate concentration data 

yielded a p-value of 0.134 (p>0.05), thereby 

indicating that the data were normally 

distributed (Figure S1). The p-values for the 

normality tests on cobalt concentration, biomass 

concentration, and power density were 0.075, 

0.377, and 0.155, respectively (p> 0.05) (Figure S2, 

S3, and S4), indicating that all data were normally 

distributed. The response of power density to 

changes in substrate, cobalt, and biomass 

concentrations was analyzed using an ANOVA 

test, yielding p-values of 0 (p < 0.05) for each 

variable (Table S1). It can therefore be concluded 

that this substrate can be derived. It can be 

concluded from these results that substrate 

concentration, cobalt concentration, and biomass 

concentration all have a significant influence on 

the power density response. The interaction 

between substrate concentration and cobalt 

concentration has a p-value of 0.044 (p < 0.05), 

indicating a significant difference. However, the 

interaction between substrate concentration and 

biomass concentration produces a p-value of 0.999 

(p > 0.05), indicating no significant differences 

(Table S2). 

The optimal conditions for achieving the 

maximum power density (35.9757 mW/m²) were 

determined through the estimation of substrate, 

cobalt, and biomass concentrations (1.34 mg/L, 

9.7045 mg/L, and 13.0681 mg/L, respectively) 

(Figure S5). Figure S6 depicts a three-

dimensional response surface for a fixed variable 

(cobalt concentration = 5.5 µg/L) with two 

independent variables (substrate concentration 

and biomass) analyzed with Minitab. As 

illustrated in the response surface plot, the 

stationary point in power density appears to be a 

saddle point, with the optimal power density 

response value attained at the maximum 

concentrations of both biomass and substrate. 

Figure S7 appears to illustrate the three-

dimensional response surface for the variables 

substrate and cobalt concentration (with a fixed 

biomass concentration of 5.5 mg/L), showing that 

the stationary point is achieved at the greatest 

substrate and cobalt concentrations. Similarly, 

Figure S8 illustrates the optimal cobalt and 

biomass concentrations (at a substrate 

concentration of 0.5 mg/L), which yield the highest 

power density value. As illustrated in Figures S9-

S11, the observed increase in power density is 

deemed appropriate, thus concluding the study 

and paving the way for further investigation, 

specifically the contour response. 

Figure S12 illustrates the same concept as the 

surface diagram response analysis, indicating 

that the highest power density response can be 

achieved by utilizing the highest substrate, cobalt, 

and biomass concentrations. Additionally, a three-

dimensional response surface analysis was 

conducted using Stat-Ease software, as depicted 

in Figure S12. This image presents the identical 

results as the Minitab analysis, but for enhanced 

clarity. 

 

4. Conclusions 

The findings of this study indicate that 

substrate and current production are correlated 

and enhance the performance of MFC. Across 

varying substrate concentrations, the highest 

output was observed with substrate 4:1, which 

achieved a power density exceeding 10,000 W/m². 

Model predictions based on the theoretical 

approach exhibited a high degree of correlation 

with experimental predictions. Theoretical 

models demonstrated a comparable trend in 

current density to that observed experimentally. 

Substrate concentration, cobalt concentration, 

and biomass concentration also exerted a 

significant influence on power density. 
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