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Abstract 
Microbial electrochemical technologies, i.e. microbial fuel cells (MFCs), are attracting attention due to their dual functions of 

energy generation and waste removal from wastewaters. Microorganisms use microbial metabolism to convert biochemical 

metabolic energy into electricity using different substrates. This study was conducted on single-cell microbial fuel cells using 

domestic wastewater as a substrate. A steady state condition has been observed for performance of microbial fuel cell at 

laboratory scale; during this period the maximum voltage, current and power obtained were 210 mV, 24mA and 34.97 mW 

respectively. The experimental results were analyzed to determine the power density using four soft-computing techniques, i.e., 

an artificial neural network (ANN), an M5P model tree, a random forest (RF) and the Gaussian process (two kernel puk (Pearson 

universal kernel) and rbf (radial basis function)). 70% of the data was used for training and the remaining 30% for validation. The 

input parameters used were day, time, voltage and current, while power density was an output parameter for all modeling 

approaches. Better results were achieved with the artificial neural network, random forest and M5P model tree than the Gaussian 

process. The artificial neural network technique gave good results with correlation coefficient (R2), root-relative square error 

(RRSE), relative absolute error (RAE), and root mean square error (RMSE) of 1, 0.4482, 0.4377 and 0.0056, respectively. 
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1 Introduction
1
 

The energy requirements of developing countries like 

India, Pakistan, etc., for the domestic and industrial sectors, 

increases almost daily. The International Energy Agency 

(IEA) has predicted that by 2035 world’s power 

requirements are likely to have risen to 18,000 million 

metric tonnes of oil equivalent (MTOE) from the current 

12,000 (1). The growing energy requirements from non-

renewable sources have led to the need to find new, 

renewable and cost-effective resources (2). Fuel cells are 

renewable as well as a green option for electricity 

generation (3). Recently, researchers have used bacteria-

based microbial fuel cells (MFCs) to convert organic matter 

to electrical energy (4-5). Wastewater acts as a substrate for 

microbial growth (Daniel et al., 2009).  

Potter (6) was the first to generate electrical energy via 

microbes that oxidize organic matter in wastewater (7). 

MFCs help solves major concerns in wastewater treatment 

and energy production. The microbes present in the 

substrate degrade the organic matters and produce energy, 

simultaneously, purifies the wastewater (8). MFCs have 

two compartments, anode and cathode, separated by a 

membrane or a salt bridge. A biofilm develops in the anode 

compartment and acts as a catalyst, transforming the 

biochemical energy from the organic matter to hydrogen 

ions and electrons. The oxygen present in the cathode 
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compartment acts as an electron acceptor with electrons 

and hydrogen ions to forms water (9). 

Microbial growth and the efficiency of reactions within 

the cell are greatly affected by the material used. Different 

studies have used carbon-based materials such as carbon 

fiber and carbon nanotube-based composites (10-12), 

carbon paper (13), carbon felt (14-15), stainless steel mesh 

(16) and carbon cloth (17), as the MFC anode and cathode 

(18-21). 

Some researchers have successfully applied, various 

soft computing techniques like Gaussian process, support 

vector regression, M5P model tree, Random forest, and 

artificial neural network, in environmental engineering 

applications (22-24). However, the capacity of these 

techniques in predicting the power density of MFCs has not 

been investigated. In this study, a single chamber microbial 

fuel was fabricated for energy generation. Energy 

generating parameters were obtained i.e., voltage, current, 

and power. After the experiment work, four techniques – 

M5P, ANN, RF, and GP with rbf or puk kernel – were 

developed and used to predict power density of an MFC. 

All for soft computing techniques were compared for best 

suitable technique. 

 

2 MFC operation 
A single chamber microbial fuel cell (SCMFC) was 

used in this study. Its compartments comprised a 6.5 cm 

diameter acrylic pipe. A Nafion-117, PEM (proton 

exchange membrane) separating membrane (Sigma 

Aldrich) was used – i.e., a carbon cloth was used as the 

electrode material for both cathode and anode. 
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Figure 1: Constructed single-chamber MFC 

 

The cathode was left uncovered and placed after the 

PEM. The anode was kept 2 cm from the cathode and the 

anodic chamber’s working volume was taken to be 180 ml. 

The circuit was completed with copper wire. Throughout 

incubation, the chamber was kept airtight. The substrate 

was anaerobic digester sludge obtained from biogas 

treatment plant. The substrate was fed with 10ml on 

alternate days. The Chemical oxygen demand of the 

substrate was 34800mg/l initially. The cell voltage (V) and 

current (I) were recorded four times daily using a digital 

multimeter (HTC DM-97, India). Using the current and 

voltage values, the power and power density were 

calculated using equations 1 and 2, respectively: 

 

                                  (1) 

 

 PD 
 

                         (2) 

 

where, P = power, I = current; PD = power density, E =  

voltage, and A = electrode surface area. The voltage and 

current were measured for 22 days after which the fuel cell 

was exhausted. The pH of the substrate feed was 

maintained at between 6.5 and 8 using di-potassium 

hydrogen sulfate. The current and voltage continuously 

increase up-to first 5 days due to decomposition of organic 

matter in the anodic chamber. The maximum obtained 

values for current, voltage and power were 24 mA, 210 mV 

and 34.97mW respectively.  

 

2.1 Dataset 

Table 1 gives details of the training and testing 

datasets. Some 102 observations were made, of which 70% 

were used for training and 30% for validation. Input data 

comprised the day and time, and the voltage (V) and 

current (I). The output was the power density (PD).  

 

3 Predictive Modeling Techniques 
3.1 M5P Model Tree 

M5P model tree uses linear regression, where 

continuous numerical attributes are anticipated. The model 

tree is generated in two stages, i.e., splitting then removal 

of over fitting. Initially, the decision tree is generated by 

the split criteria method, wherein the SD of the class value 

is treated (25).  The child node has a smaller standard 

deviation than the parent because of the splitting criteria, 

which ensure that the errors are minimized. Over fitting 

may rises from data splitting due to excess tree growth and 

pruning are used in the final stages to deal with this. Excess 

tree growth is reduced by interchanging the sub-trees using 

linear regression (LR) function – see Equation 3: 

 

                  ( )   ∑
|  |

| |
    (   )               (3)           

 

where K illustrates a set of samples that reach the node, sd 

is the standard deviation, and Ki the ith result of a subset of 

samples of the potential set. 

 

3.2 Artificial Neural Network (ANN) 
ANN works on the concept of brain architecture and 

nervous system functioning. It consists of input and hidden 

layers, iteration, and an output layer. Every layer is 

subdivided into several nodes and links between nodes are 

represented by weighted connections between the layers.

 

 

Table 1: Model input parameters 

Input parameter 
Training Data Validation Data 

Min. Max. Mean SD Min. Max. Mean SD 

Day 1 21 11.90 7.19 1 20 9.22 5.87 

Time (Hours) 1 8 3.41 1.76 1 7 2.96 1.59 

V 97 207 154.21 30.10 88 209 146.32 27.64 

I 0.008 0.026 0.016 0.005 0.007 0.027 0.015 0.004 
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The nodes distribute the input data to the network and 

input layers do not interrupt the overall processing. Data 

processing is a function of the hidden layer and the final 

processing unit is the output layer. The input layer passes 

through the nodes and multiplied by an equivalent weight 

and net output is as following (26) – see Equation 4. 

 

   = ∑                                                                (4)               

    

where, Mab = weight of inter-connection from unit a to b, ya 

= input value, and zb = outcomes through activation 

function to generate an output for unit b. 

 

3.3 Random Forest (RF) 
A well-arranged collection of tree predictors generated 

from input vectors using random vector samples is termed 

an RF approach. Different variables are arranged at each 

node to develop a tree using arbitrarily chosen input 

parameters. A training data set is drawn from randomly 

selected parameters for constructing particular trees and a 

Gini index used to measure the impurity of parameters 

compared to the output (27). RF regression requires two 

pre-defined user variables, an input parameter (m) to be 

used at a separate node to produce a tree and the other the 

number of trees grown (k) (28). The approach is based on 

hit and trial, the variables being selected through the best 

split. 

 

3.4 Gaussian Process Regression (GPR) 

The primary objective of GPR is to develop systems 

that can predict variables on the basis of past experience. 

The technique is used widely in medicine, engineering, the 

physical sciences, chemistry, etc. The Gaussian process is 

based on the probability which makes predictions of input 

data and gives accuracy for probable variances. The 

statistical significance of the prediction is elevated 

extensively by these estimated variances. GP can extend in 

vast dimensionality. GP is followed by multivariate 

distribution system which produces data by using random 

domain of subset ranges.  

 

4 Results and discussion 
The correlation coefficient (R2), root-relative square 

error (RRSE), relative absolute error (RAE) and root mean 

square error (RMSE) values were used in the study’s 

modeling trails. In the ANN approach, four parameters – 

learning rate, momentum, iteration, and hidden layer – 

must be determined for a given dataset. Several trials 

showed that values of 0.2, 0.1, 4000 and 4 respectively 

were the best combination. The optimal values for user-

defined parameters were also identified by trial and error 

for the other techniques. Table 2 is a summary of the 

optimal values for user-defined parameters for the different 

algorithms tested. 

 

Table 2: Ideal input variable values for soft computing 

Data mining technique Variable values 

GP (puk kernel) Gaussian noise = 0,   = 1,   = 1 

GP (rbf kernel) Gaussian noise = 0,   = 0.01 

M5P M = 4 

ANN Learning rate = 0.2, momentum = 0.1, iteration = 4000, hidden layer = 4, 

RF K = 0, m = 2, I = 100 

  

Table 3: Performance evolution of training and validation datasets used in the soft computing techniques 

Techniques 
Testing dataset 

R2 RMSE RAE RRSE 

M5P 0.9984 0.0723 5.0795 5.8033 

ANN 1 0.0056 0.4377 0.4482 

RF 0.9925 0.1512 9.7668 12.1267 

GP (puk kernel) 0.989 0.3059 20.798 24.545 

GP (rbf kernel) 0.9548 1.0555 83.8541 84.6788 

 Training dataset 

M5P 0.9969 0.0839 6.4983 7.8771 

ANN 1 0.0063 0.5286 0.5949 

RF 0.9971 0.0885 6.0213 8.3133 

GP (puk kernel) 0.9897 0.2196 15.7615 20.6262 

GP (rbf kernel) 0.9254 0.9165 85.1817 86.0658 
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Table 3 shows the values of R2, RRSE, RAE, and 

RMSE with training and validation datasets. Higher values 

of R2 and lower values of RRSE, RAE & RMSE suggest 

that all models, except GP with rbf or puk kernels, work 

well with this dataset. ANN proved to be very accurate and 

can be used effectively to predict power density in an MFC. 

Table 3 shows that ANN had the highest value of R2, i.e. 1, 

and the lowest RRSE, RAE and RMSE – 0.4482, 0.4377 & 

0.0056, and 0.5949, 0.5286 & 0.0063 – in the training and 

validation datasets respectively.  

Figures 2 and 3 show graphs of the predicted versus the 

observed values of MFC power density for the different 

models. (The + 10 % error lines were also shown.) As can 

be seen, the points for M5P, RF and the two GP regressions 

all tend to plot further from the agreement line than those 

from ANN. A similar comparison – Figure 4 – of the 

different modeling techniques suggests that ANN methods 

perform well and can be used for the prediction of power 

density. 

 

4.1 Sensitivity Analysis 

Sensitivity analysis (SA) was carried out with the ANN 

model to determine the relative significance of each input 

parameter in predicting MFC power density. Many factors 

affect the magnitude of power density like day, time, V and 

I but V and I were the most important. The SA of ANN was 

shown in Table 4 which considered by eliminating one and 

two parameters in each case, and observing the impact on 

power density prediction by estimating it in terms of R2, 

RMSE, RAE, and RRSE.  

 

 
Figure 2: Observed vs predicted values of power density, using data mining with the training dataset 

 

 
Figure 3: Observed vs predicted values of power density, using data mining with the validation dataset 
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Figure 4: Comparison of predicted vs actual values 

 

Table 4: Sensitivity analysis of ANN 

Input 

combination 

Input variable 

Removed 

ANN 

R2 RMSE RAE RRSE 

Day, Time, V, I  1 0.0056 0.4377 0.4482 

Time, V, I Day 1 0.0111 0.7772 0.887 

Day, V, I Time 1 0.0043 0.3218 0.3427 

Day, Time, I V 0.9208 0.7326 42.7189 58.7751 

Day, Time, V I 0.9343 0.4334 33.7832 34.775 

V, I Day, Time 0.9997 0.0333 2.7119 2.6736 

Day, I Time, V 0.9738 0.287 23.9979 23.0219 

Day, Time V, I 0.8294 0.7182 56.304 57.6239 

Time, V Day, I 0.9368 0.445 38.1306 35.6981 

 

5 Conclusions 
The accurate prediction of power density in any MFC 

directly affects the substrate treatment efficiency and 

energy generation. In this study, ANN, M5P, RF, and GP 

with either rbf or puk kernel, were all used to predict MFC 

power density using the same four input variables. The 

results show that all models, except GP with either kernel, 

can predict MFC power density most accurately. The ANN 

model works better than the others (R2 = 1, RRSE = 

0.5949, RAE = 0.5286 and RMSE = 0.0063). The ANN 

approach can be applied to all datasets from different 

regions before power density prediction. Sensitivity 

analysis suggests that voltage (V) and current (I) was the 

important parameters for predicting MFC power density. 

The artificial neural network predicts better results from all 

other soft computing techniques, thus for prediction of 

power density ANN soft computing technique can be 

suggested.  
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