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Anaerobic Digestion 

Anaerobic digestion is a series of biological 

processes in which microorganisms break 

down biodegradable material in the absence of 

oxygen. This process produces a gas 

principally composed of methane (CH

carbon dioxide (CO2) otherwise known as 

biogas. 

The digestion process begins with bacterial 

hydrolysis of the input materials. Insoluble 

organic polymers, such as carbohydrates, are 

broken down to soluble derivatives that 

become available for other bacteria. 

Acidogenic bacteria then convert the 

and amino acids into carbon dioxide, 

hydrogen, ammonia, and organic acids

bacteria convert these resulting organic acids 

into acetic acid, along with additional ammonia, 

hydrogen, and carbon dioxide. Finally, 

methanogens convert these products to 

methane and carbon dioxide. The 

methanogenic archaea populations play an 

indispensable role in anaerobic wastewater 

treatments. 
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Multivariate Data Analysis

Multivariate data analysis (MVDA) consists in 

methods for extracting information from large 

or small tables of data. Tables of data are 

abundant in all parts of research and 

development, both in academia and industrial 

R&D, as well as in industrial manufacturing. 

Masses of data are produced by measuring 

many variables on ensembles of chemical 

samples, or by frequently recording many 

signals from an industrial process in order to 

track its behavior. 
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MVDA provides a toolbox of flexible and 

versatile data analytical tools. There are three 

basic problem types to which these 

multivariate tools can be applied: (i) overview 

of a data table, (ii) classification and/or 

discrimination among groups of observations, 

and (iii) regression modelling between two 

blocks of data (X and Y). 

Such an overview can be obtained with 

principal components analysis (PCA). PCA 

produces a summary showing how the 

observations are related and if there are any 

deviating observations or groups of 

observations in the data. In addition, with PCA 

we also gain an understanding of the 

relationships among the variables: which 

variables contribute similar information to the 

PCA model, and which provide unique 

information about the observations. PCA 

describes the correlation structure in X. 

The last stage of data analysis is regression 

modelling between two blocks of data, usually 

denoted X and Y, with the aim of predicting Y 

from X for new observations. This kind of 

modelling is accomplished with the partial least 

squares (PLS) method, which may be thought 

of as the regression extension of PCA. 

As in multiple linear regression, the main 

purpose of partial least squares regression is 

to build a linear model, Y=XB+E, where Y is an 

n cases by m variables response matrix, X is 

an n cases by p variables predictor matrix, B is 

a p by m regression coefficient matrix, and E is 

a noise term for the model which has the same 

dimensions as Y. Usually, the variables in X 

and Y are centered by subtracting their means 

and scaled by dividing by their standard 

deviations. 

Both principal components regression and 

partial least squares regression produce factor 

scores as linear combinations of the original 

predictor variables, so that there is no 

correlation between the factor score variables 

used in the predictive regression model. 

Principal components regression and partial 

least squares regression differ in the methods 

used in extracting factor scores. In short, 

principal components regression produces the 

weight matrix W reflecting the covariance 

structure between the predictor variables, while 

partial least squares regression produces the 

weight matrix W reflecting the covariance 

structure between the predictor and response 

variables. 

 

Artificial Neural Networks 

An artificial neuron network (ANN) is a 

computational model based on the structure 

and functions of biological neural networks. 

Information that flows through the network 

affects the structure of the ANN because a 

neural network changes - or learns, in a sense 

- based on that input and output. ANNs are 

considered nonlinear statistical data modeling 

tools where the complex relationships between 

inputs and outputs are modeled or patterns are 

found. 

An artificial neuron is a computational model 

inspired in the natural neurons. Natural 

neurons receive signals through synapses 

located on the dendrites or membrane of the 

neuron. When the signals received are strong 

enough (surpass a certain threshold), the 

neuron is activated and emits a signal though 

the axon. This signal might be sent to another 

synapse, and might activate other neurons. 

The complexity of real neurons is highly 

abstracted when modelling artificial neurons. 

These basically consist of inputs (like 

synapses), which are multiplied by weights 

(strength of the respective signals), and then 

computed by a mathematical function which 

determines the activation of the neuron.  

The higher a weight of an artificial neuron is, 

the stronger the input which is multiplied by it 

will be. Weights can also be negative, so we 

can say that the signal is inhibited by the 

negative weight. Depending on the weights, 

the computation of the neuron will be different. 

By adjusting the weights of an artificial neuron 

we can obtain the output we want for specific 

inputs. But when we have an ANN of hundreds 

or thousands of neurons, it would be quite 

complicated to find by hand all the necessary 

weights. But we can find algorithms which can 

adjust the weights of the ANN in order to 

obtain the desired output from the network. 

This process of adjusting the weights is called 

learning or training. 

The backpropagation algorithm is used in 

layered feed-forward ANNs. This means that 

the artificial neurons are organized in layers, 

and send their signals “forward”, and then the 

errors are propagated backwards. The network 
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receives inputs by neurons in the input layer, 

and the output of the network is given by the 

neurons on an output layer. There may be one 

or more intermediate hidden layers. The 

backpropagation algorithm uses supervised 

learning, which means that we provide the 

algorithm with examples of the inputs and 

outputs we want the network to compute, and 

then the error (difference between actual and 

expected results) is calculated. The idea of the 

backpropagation algorithm is to reduce this 

error, until the ANN learns the training data. 

The training begins with random weights, and 

the goal is to adjust them so that the error will 

be minimal. 

 

Case Study 

The recourse to the use of renewable energy is 

an ideal solution for reducing dependence on 

fossil fuels, in the case of wastewater 

treatment plant of Vila Franca de Xira, this 

concern has been directed at optimizing the 

operation of the anaerobic digestion and the 

management of the produced biogas. 

Therefore, this study was based on analysis 

and processing of data in Anaerobic Digestion 

of the wastewater treatment plant, with the aim 

of relate some independent variables with 

biogas production, to aid decision-making in 

the production process, in order to optimize the 

biogas production. 

The wastewater treatment plant of Vila Franca 

de Xira is dimensioned for a flow rate of 

576 L/s, and an average daily flow rate of 

15 936 m
3
/day. Has an activated sludge 

secondary treatment including a process of 

anaerobic digestion which allows producing 

electricity from the gas produced by the 

digester and reduce the energy costs of the 

installation. 

The anaerobic digester has a capacity of 

1800 m
3
 and it is a cylindrical tank with conical 

bottom and fixed cover. With this volume, it is 

possible to secure a storage volume equivalent 

to 2 days of normal production sludge, to meet 

possible emergencies when can’t occur 

dehydration. 

The mixture of sludge within the digester is one 

of the key points to ensure proper digestion of 

the sludge. In this case happens via a central 

gas supply, which has a high rate of circulation 

and avoids the formation of floating on the 

surface of the digester. 

Another feature also very important is the need 

to maintain sludge at a temperature of 35°C to 

ensure proper digestion. The heating system 

operates by recycling the sludge in the heat 

exchangers of the tubular type, an external 

circuit. 

 

Energy recovery from biogas produced 

from cogeneration 

From the biogas is produced the maximum 

electrical power and the thermal energy 

required to ensure the heating of the digester. 

And from the gasometer, the biogas can 

supply three units: (i) firstly, a motor-generator 

which produces approximately 161 kW. 

(ii) Then, there is a double boiler burner and 

(iii) finally, a torch with a nominal flow rate of 

150 m
3
/h which may, ultimately, be used. 

Since after the start-up period, the anaerobic 

digestion works steadily, no amount of biogas 

in the boiler circuit is required. It is also noted 

that since the start of digestion, are almost 

nonexistent the times when the use of the 

torch was required. Therefore, it is considered 

that all biogas is converted into electric energy, 

for which reason it was decided to model the 

production of energy in kWh/day to replace the 

amount of biogas. 

 

Methods  

To develop the mathematical model based on 

the data analysis, the samples were collected 

from January 2013 to February 2014, which 

corresponds to 56 data sets and thereafter to 

June 2014, making a total of 72 data sets. 

 

Available data 

The data available for this study were: total 

solids (g/L) and volatile solids (g/L), both the 

mixed sludge as the digested sludge, as well 

as the respective percentage of volatile solids 

on total solids; the average flow rate (m3/day) 

of mixed sludge; the amount of organic matter 

fed to the digester (MO kg/day) and the 

volumetric organic load (kg/day.m3) in the 

mixed sludge; pH, which is measured in the 

recirculation of sludge; the average flow rate 

(m3/day) of digested sludge; the amount of 
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organic matter removal of the digester (MO 

kg/day); the retention time (days); alkalinity 

(mg/L) and volatile fatty acids (mg/L) in the 

digested sludge as well as the respective ratio 

of volatile fatty acids on alkalinity. Lastly, the 

average power produced per day from biogas, 

which corresponds to the variable which is 

intended to predict. 

In the data analysis performed, mixed sludge 

appear with the LM abbreviation and digested 

sludge with the LD abbreviation. The total 

solids as ST and the volatile solids as SV. The 

alkalinity as ALC and volatile fatty acids as 

AGV. The average power produced appear as 

kWh/dia. 

It should also be noted that for the analysis of 

data initially were used only the variables 

measured directly, or that represent direct 

relationships, not those resulting from 

calculations. Therefore, the following variables 

were used: ST LM, SV LM, SV/ST LM, Q LM, 

pH, ALC, AGV, AGV/ALC, ST LD, SV LD, 

SV/ST LD, Q LD and kWh/dia. 

 

Methods of data analysis 

This study involves the construction and 

analysis of the histograms, correlation map, 

principal component analysis, partial least 

squares analysis and finally, the construction 

of the most appropriate neural network for the 

problem under investigation. 

Histograms 

It began by constructing histograms for each of 

the possible variables to introduce in the model 

in order to understand if the available data 

contain some apparent seasonality in relation 

to seasons (summer and winter). 

In this case study are used absolute frequency 

histograms with the respective function of the 

normal distribution. 

Correlation map 

The next step was to build a correlation map, 

initially without variables Carga ST and Carga 

SV and subsequently, at all variables. Aiming 

to better understand the relationships between 

each of the variables. 

The coefficient used was the Pearson 

coefficient, which is obtained by dividing the 

covariance of two variables by the product of 

their standard deviations. 

Multivariate data analysis 

Multivariate data analysis is the analysis 

corresponding to the PCA and PLS. These 

analyzes were performed in SIMCA software 

with a student version (DEMO). In PCA is 

analyzed the number of principal components 

to use in constructing the model, the score plot 

and the loading plot. In order to verify if there is 

a small number of principal components that 

capture the maximum total variability 

associated with the original data set, which 

preserves maximum information contained in 

the data as possible. 

In PLS, after selection the variables in the PCA 

model and correlation map, are analyzed the 

number of principal components, adjustment of 

calibration data and adjustment of validation 

data. Wherein the calibration data 

corresponding to two thirds, and the validation 

data to one third, of the total data. 

Neural Network Toolbox 

The type of network used was the multilayer 

perceptron with backpropagation algorithm. 

The first network characteristics were defined: 

the number of inputs and outputs, the transfer 

functions and the number of nodes in the 

hidden layer. 

Inputs and Outputs 

The choice of the number of inputs depends 

essentially on the characteristics of the 

problem being analyzed, as with the number of 

outputs. 

It is known that too many input variables 

introduce noise in modeling system. So, in this 

case, the number of inputs was studied and 

adjusted through multivariate data analysis and 

the variables that had a greater contribution to 

the model were selected. As for the number of 

outputs, this is well defined and corresponds 

only to the variable that is intended to predict, 

kWh/dia. 

Transfer functions 

Typically, in network type PMC, the transfer 

functions are chosen for each of the hidden 

layers and the output layer. It is known that the 

nonlinearity is important, and so it is essential 

to use nonlinear transfer functions in hidden 

layers. 

The options in this toolbox are the linear 

function and sigmoid functions: the logistic 

function and the hyperbolic tangent function. 

Therefore, this was one of the characteristics 
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under study. Two types of network, with the 

logistic function in the hidden layer and the 

linear function in the output layer and another 

with the hyperbolic tangent function in the 

hidden layer and the linear function in the 

output layer, were constructed. These two 

models were compared with function network 

performance (mse). 

In the output layer is always used the linear 

function, so there are no saturation effects of 

the sigmoid functions. 

Number of nodes in the hidden layer 

The number of nodes in the hidden layer is a 

decisive factor in constructing the model. It is 

known that the more neurons has an ANN, 

more has the potential to store the information 

contained in the data including the noise. 

Therefore, selection of the appropriate number 

of nodes to the problem must take into account 

that for too small a number, the function is not 

properly approximate and for too many it is 

possible that are lose the ability to generalize. 

Was decided to construct networks with 

different numbers of nodes and compare the 

results obtained through the network 

performance function (mse). It is important to 

note that for the same number of nodes was 

tested two network types, with the two transfer 

functions in the hidden layer. 

Choose of the training algorithm 

Because it be the most recommended for 

training feedforward neural networks of 

medium size, the Levenberg-Marquardt 

algorithm was the type chosen. The training of 

the network is performed according to the 

parameters of the training algorithm trainlm 

[Demuth, H et. al.], which have not changed 

during the study. 

Selection of training, validation and test 

groups 

The Neural Network Toolbox is pre-set for a 

combined 70% of the subset of training and 

15% for each of the other subsets, validation 

and test. Wherein the selection of data occurs 

randomly. 

Analyze neural network performance 

After construction of the model is necessary to 

assess whether this is the most appropriate. 

This analysis is done through the plot 

performance showing the value of the MSE 

versus the number of iteration and can be 

analyzed the performance of the validation, 

such as training and test. Another way to 

assess the network is developed through 

regression plot, which shows the relationship 

between the outputs of the network and the 

targets. Lastly, can be analyzed the residues of 

the predicted variable relative to the 

experimental values 

 

Results and Discussion  

Histograms 

Histograms were constructed, one for each 

variable, in order to understand if there are 

division in the data. In constructing histograms 

was considered the summer months from June 

to September and winter the months of 

October to May inclusive. A set of 56 data 

between January 2013 and February 2014 

were used. 

The conclusion drawn from the histograms was 

the fact that there is no marked separation 

between summer and winter for most 

variables, and as such, it was decided not 

divides the data set. 

Correlation map 

The map of correlations was initially 

constructed without the Carga ST and Carga 

SV variables. There are several relationships 

between variables that can highlight, as the 

relation AGV/ALC vs AGV which has a much 

stronger relationship than AGV/ALC vs ALC, 

suggesting that there is greater variability in 

AGV than in ALC. For pH variable, it does not 

varies significantly, which is consistent with the 

fact that maintain a fairly narrow range 

throughout the process, and the AGV and ALC 

are not having interference in this variable. So, 

can be concluded that this is a robust process. 

Regarding the flow rates, it is seen that both 

exhibit low correlation with variable kWh/dia 

and low correlation each other. This indicates 

that changes in Q LM will not influence Q LD. 

This is due to the fact that there is a high 

retention time (which varies between 13 and 

38 days), and when retention time is 

excessive, Q LD will not affect the production. 

It should also be mentioned that the variables 

that have a higher correlation each other are: 

ST LM vs SV LM, with a correlation of 0.952; 

Carga SV vs Carga ST, with a correlation of 

0.966; AGV vs AGV/ALC with a correlation of 
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0.920; and ST LD vs SV LD, with a correlation 

of 0.938. 

The strongest relationships with the kWh/dia 

variable correspond to ST LM, SV LM, Q LM, 

ALC, ST LD and SV LD variables. While these 

correlations are relatively low, namely less 

than 0.5. 

Although Q LM not have much influence in 

kWh/dia variable is one that has a stronger 

correlation and therefore has decided to 

introduce the Carga SV and Carga ST 

variables. Once the variables are grouped by 

linear combinations, the best way to create a 

correlation by multiplying, between Q LM and 

ST LM or Q LM and SV LM, was the 

introduction of these two new variables. With 

this, can be concluded that these two new 

variables, Carga SV and Carga ST, became 

the variables with the strongest relationship 

with the kWh/dia variable. However, the Carga 

SV variable has a stronger relationship with Q 

LM than with SV LM, while the Carga ST 

variable has a stronger relationship with ST LM 

than with Q LM. 

Conclusion, the variables with the highest 

correlation with kWh/dia variable are: ST LM, 

SV LM, Q LM, Carga SV, Carga ST, ALC, ST 

LD and SV LD. 

Principal Component Analysis 

The first step to begin this analysis is defining 

the number of principal components. The first 

principal component has the greatest possible 

variance, and so on for each of the following 

components. 

By analyzing the model fit, it was decided use 

three main components, since only from this 

number is that it can represent more than 50% 

of the original data. It is not convenient the use 

of more components for the model, because it 

would become increasingly complex. 

Score plot 

The scores represent the composition of the 

principal components relative to the samples. 

In this study were marked the data 

corresponding to the winter and the data 

corresponding to the summer, with distinct 

colors. 

The main conclusion to be drawn is that the 

seasonality is only associated with t[1] 

variable. In the other variables, t[2] and t[3], 

this seasonality is not checked. 

Loading plot 

The loadings represent the composition of the 

principal components relative to the variables. 

The aim is to select the variables that have a 

greater relationship with the kWh/dia variable 

and compare the results with those obtained in 

the correlation map. 

 

 

Figure 1 - Loading plot corresponding to the data analysis. 

In Figure 1, the main conclusion is that 

Carga SV and Carga ST are the variables that 

have a higher correlation with the kWh/dia 

variable. However, also the ST LM, SV LM, 

ALC, ST LD and SV LD variables are positively 

correlated with kWh/dia. The Q LM variable 

has a little more influence in kWh/dia than the 

Q LD variable, although the difference is not 

large. 

It was concluded that AGV/ALC and AGV had 

a strong relationship with each other and this is 

also observed in the score plot, because these 

two variables appear with very similar 

contributions. And weakly correlated with 

kWh/dia. 

Therefore, the principal component 1 is 

essentially constituted by SV, ST and ALC 

concentrations, while the principal 

component 2 is essentially constituted by Q 

LM, Q LD and AGV. 

Variables with higher weight are: Carga SV, 

Carga ST, SV LM, ST LM, SV LD, ST LD, ALC 

and Q LM. But, as had been seen in the 

correlation map, that the correlations between 

Carga SV vs Carga ST, SV LM vs ST LM and 

SV LD vs ST LD  are very close to 1. What is 

also true in the Loading Plot, because these 

variables appear with very similar contributions 

from each other. Since the total solids are 

easier to measure than the volatile solids, it 

was decided to forego the variables 

corresponding to the volatile solids. Therefore, 

the variables selected for modelling this 
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problem are: Carga ST, ST LM, ST LD, ALC 

and Q LM. 

Partial least squares analysis 

In partial least squares analysis is necessary to 

choose the X-variables and Y-variables. In this 

case, were used the X-variables the previously 

selected: Carga ST, ST LM, ST LD, ALC and 

Q LM. For Y-variable was selected the variable 

that is intended to model: kWh/dia. 

When analyzing the goodness of fit (R2X), one 

realizes that the first principal component is 

responsible for the highest representation of 

the original data, as expected. However, the 

remaining principal components have a very 

low representation and as such, the capacity of 

cumulative fit remains almost constant. About 

the goodness of prediction (Q2), contrary to 

what might be expected, it decreases with 

increasing number of components. 

A model was constructed with two principal 

components, since the goodness of prediction 

decreases, but slightly and the goodness of fit 

increases slightly with the introduction of the 

third principal component. Thus, with two 

principal components, the model becomes 

easier to interpret. 

Both, goodness of fit and goodness of 

prediction, have low values for a good model, 

so it is expected that the kWh/dia variable is 

not well predicted by these linear relationships. 

The next step is dividing the data into two sets: 

calibration and validation. The calibration 

corresponding to 2/3, and the validation to 1/3, 

of the total data set. 

Calibration 

The calibration model may be measured by the 

RMSEE (Root Mean Square Error) and in 

which case is 189 kWh/dia. As the scale of this 

variable varies approximately 800 to 1800 

kWh/dia, this error corresponds to 18.9%. 

 

 

Figure 2 - Calibration for the PLS model. 

Validation 

The validation model can be measured by 

RMSEP, as in calibration model. For this data 

set, this value is 158 kWh/dia. Which 

corresponds to an approximately error of 16% 

 

 

Figure 3 - Validation for the PLS model. 

By the results obtained, is observed that this 

model cannot predict well the variable kWh/dia, 

as would be expected from the low values of 

Q
2
. After this analysis, it is concluded that this 

model of PLS is not the best for this case 

study. To try understanding if this 

maladjustment is due to seasons are having 

interference in the model, are divided the data 

and constructed two different models, one for 

summer and another for winter, which have the 

disadvantage of contain very few data each. 

Was also constructed a univariate model, only 

the Carga ST vs kWh/dia in order to 

understand if this relation was better than the 

multivariable. These results are summarized in 

the Table 1.  

And, through multivariate relationships the 

results did not are very favorable although 

better than in the univariate correlation. 

Therefore explore the ANNs may be a good 

solution allowing explore nonlinear 

combinations. 

 

Artificial Neural Networks 

The type of network used was the multilayer 

perceptron with Levenberg-Marquardt training 

algorithm. The procedure described in 

Methods was followed. 

5 inputs and 56 data sets 

The network was constructed with 5 inputs: 

Carga ST, ST LM, ST LD, ALC and Q LM, 

which were selected in correlation map and 

PCA. To choose the best network, ie the 

network with the smallest mean squared error 

(mse) was varied the number of nodes in the 
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hidden layer and the transfer functions: logistic 

function and hyperbolic tangent function. 

For each number of nodes in the hidden layer, 

were constructed 10 networks and calculated 

the average of respective mean squared error 

and standard deviation. The best network 

consists for 25 nodes in the hidden layer and 

logistic sigmoid transfer function. Among the 

10 networks constructed with 25 nodes in the 

hidden layer is selected the network with 

smaller mean squared error. Which is 2266 

(kWh/dia)
2
 in this case. RMSE corresponding 

to 48 kWh/dia, or 4.5% error. 

With a new 16 data sets (March to June 2014), 

was tested this network now constructed. The 

results were not favorable, with an error of 

32%. 

One disadvantage of constructed artificial 

neural networks is the need of many data and 

perhaps that is why this model is still not ideal. 

As such, was decided construct a new network 

model, but with a data sets between January 

2013 to June 2014. 

5 inputs and 72 data sets 

In this part of study, the same analysis was 

done in the previous case, only has changed 

the number of available data set. 

 

 

Figure 4 - Variation of the mean squared error for each number 
of nodes in the hidden layer and for each transfer function for 
the case with 5 inputs and 72 data sets. 

Looking at the Figure 4, it is verified that the 

best network model is also comprised with 25 

nodes in the hidden layer and the logistic 

sigmoid transfer function. 

Among the 10 networks constructed with 25 

nodes in the hidden layer was selected the 

network with a mean square error of validation 

of 745 (kWh/dia)
2
 which corresponds to a 

RMSE of 27 kWh/dia, or 2.5% error. The result 

obtained by this network is depicted in Figure 5 

and Figure 6. 

 

 
Figure 5 - Correlation between the values of the variable 
kWh/dia experimental and predicted by the network for the 
case with 5 inputs and 72 data sets. 

 

Figure 6 - Comparison between the values of the variable 
kWh/dia experimental (blue) and predicted by the network 
(green), for the case with 5 inputs and 72 data sets. 

The fit relative to the constructed network can 

also be analyzed for each of the training, 

validation and test sets in Figure 7, Figure 8 

and Figure 9, respectively. And, in the case of 

the training set, the error was 10.1%. In the 

validation 3.0% and 5.5% in the test. 

 

 

Figure 7 - Comparison between the values of the variable 
kWh/dia experimental (black) and predicted by the network 
(blue) for the training set, for the case with 5 inputs and 72 
data sets. 

 

Figure 8 - Comparison between the values of the variable 
kWh/dia experimental (black) and predicted by the network 
(green) for the validation set, for the case with 5 inputs and 
72 data sets. 
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Figure 9 - Comparison between the values of the variable 
kWh/dia experimental (black) and predicted by the network 
(red) for the test set, for the case with 5 inputs and 72 data 

sets. 

The residuals related to the experimental data 

and to the predicted data by the constructed 

network model, can be analyzed in Figure 10. 

From this analysis it was concluded that the 

data are predicted in excess to lower values of 

variable kWh/dia and in default to higher 

values of variable kWh/dia.  

 

 
Figure 10 - Residues to the data obtained by the model 
network built for the case with 5 inputs and 72 data sets. 

3 inputs and 72 data sets 

Lastly, it was decided to also construct a 

network model with only 3 inputs. These three 

inputs are chosen because it's important to 

have only input data in the anaerobic digestion 

process, such as Carga ST, ST LM and Q LM 

variables. 

The choice of the best network for the data 

analysis was carried out in the same manner 

as for earlier models. 

As in the previous cases, the best network that 

fits to the data set is the network with 25 nodes 

in the hidden layer and logistic sigmoid transfer 

function. 

Among the 10 networks constructed with 25 

nodes in the hidden layer is selected the 

network with a mean square error of validation 

of 6039 (kWh/dia)
2
 which corresponds to a 

RMSE of 78 kWh/dia, ie, 6.6% error. 

Comparing with the network previously 

obtained by the same data set but with 5 

inputs, it appears that this network does not fit 

so well to the data set. It is concluded that 

withdrawals variables are important for the 

model construction. 

In this case, the fit relative to the training set, 

have 14.6% error. The validation set have 

4.3% error and the test set have 6.5% error. 

Thru the residuals related to the experimental 

data and to the predicted data by the 

constructed network model, it was found that 

also for this model the data are predicted in 

excess to lower values of variable kWh/dia and 

in default to higher values of variable kWh/dia. 

Finally, it is concluded that it is possible to 

construct a model with only three inputs, but it 

is important to note that the fit does not work 

optimally. 

 
Table 1 - Comparison between different prediction models. 

 

 

By analysis the Table 1, the best prediction 

method for this case study is thru the non-

linear models. Although it is more practical and 

effective, taking into account the process of 

anaerobic digestion, apply the model with 3 

inputs it is thru the model with 5 inputs that is 

obtained the best fit. 

 

Conclusions and Future Work  

The anaerobic digestion is a complex problem, 

is why artificial neural networks are proving to 

be a good tool for modelling this process, 

because they have the ability to distinguish the 

relationships existing in a particular data set. In 

this case study, was selected the use of 

networks multilayer perceptron type with the 

Levenberg-Marquardt training algorithm. 

Analyzing the results, are obtained a set of 

variables with the highest influence on the 

anaerobic digestion process, which were 

defined as inputs of the network. These 

variables are: Carga ST, ALC, Q LM, ST LM 

and ST LD. The step of selection of variables 

was very important in this study, because it 

was possible to simplify the process of 

constructing the several networks analyzed, 
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because too many variables input introduce 

noise in modelling system. 

Thru the proposed methodology for neural 

networks, it was possible obtain a good fit to 

the data set in the period between January 

2013 and June 2014, with a RMSE of 27 

kWh/dia for the best network. This network 

was obtained with 25 nodes in the hidden layer 

and logistic sigmoid transfer function. 

As can be seen in Table 1, with the linear 

method, the analysis of partial least squares 

(PLS), is not obtained a very favorable fit. 

However, with the method of neural networks, 

namely a non-linear method, the fit is 

significantly improved. It is important to retain 

the nonlinearity in this case study. 

It is also to consider that when is made the 

prediction of the new 16 data sets, thru the 

network constructed with 5 inputs and 56 data 

sets, the result is not very favorable. Hence the 

construction of a new model with 72 data sets. 

It is important, for future work, test this new 

network with a new set of data and, if the result 

is also not the desirable, construct a new 

model. Because neural networks are a method 

that requires a lot of data to obtain a model 

that adjusts tightly in each case study. 

As a suggestion for future developments, it is 

important, if feasible for the company, collect 

and analyze a larger number of samples of 

these variables. Because an increase in the 

number of available data, can help to achieve 

better results in the modelling anaerobic 

digestion process. 

With this study, may be considered that the 

use of artificial neural networks for modelling 

anaerobic digestion process is an 

advantageous model and that eventually can 

be adapted to other processes of the waste 

water treatment. 

 

 

References 

Baughman, D.R.; Liu, Y.A., Neural Networks 

in Bioprocessing and Chemical Engineering, 

Dissertation submitted to the Faculty of the 

Virginia Polytechnic Institute and State 

University in partial fulfillment of the 

requirements for the degree of Doctor of 

Philosophy in Chemical Engineering. 

Demuth, H.; Beale, M.; Hagan, M., (2014) 

Neural Network Toolbox
TM

 User’s Guide 

(R2014a). Natick, Massachusetts : The 

MathWorks, Inc., 2014. 

Eriksson, L.; Johansson, E.; Kettaneh-

Wold, N.; Trygg, J.; Wikström; Wold, S.; 

(2006) Multi- and Megavariate Data Analysis, 

Part I: Basic Principals and Applications, 2ª 

Edition, Umetrics Academy. 

Metcalf & Eddy, Inc. (1991) Wastewater 

Engineering: Treatment, Disposal and Reuse, 

3ª edição, McGraw-Hill, New York. 

Qdais,H.A.; Hani,K.B.; Shatnawi,N.; 2009 

Modeling and optimization of biogas production 

from a waste digester using artificial neural 

network and genetic algorithm, ELSEVIER, 

ScienceDirect, Resources, Conservation and 

Recycling. 

SIMTEJO, (2007), Empreitada de projecto e 

construção da estação de tratamento de águas 

residuais de Vila Franca de Xira, Memória 

justificativa e descritiva da ETAR de Vila 

Franca de Xira, Saneamento Integrado dos 

Municípios do Tejo e Trancão, S.A. 

Strik, D. P.B.T.B.; et. al.  2004 Prediction of 

trace compounds in biogas from anaerobic 

digestion using the MATLAB Neural Network 

Toolbox, ELSEVIER, ScienceDirect, 

Environmental Modelling & Software .     

Yegnanarayana, B.;  2006 Artificial Neural 

networks, New Delhi : Prentice-Hall of India. 

 


