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Abstract. Biogas can be produced by anaerobic digestion from many types of organic residues, in particular from food
wastes (FW). The variability of biomasses’ composition and biodigesters’ characteristics makes standardization
difficult. Thus, the use of artificial neural networks (ANN) to investigate the effects and their interactions allows
exploring several scenarios of biogas production. In the present work, a database was built with available values in 42
references in the literature in order to obtain mathematical models using reactor/feeding type, volatile solid (VS), OLR,
temperature and reactor volume as input variables, and the cumulated biogas production as output. Multiple ANN
configurations are considered and a statistical analysis of the model robustness is used to define the best topology. A
fairly accurate prediction capability is expected. The modeling results can be compared to a more generic model
already implemented by the authors for food wastes, fruits and vegetables wastes and codigestion in a former work. As
a result of this modelling work, response surfaces of the ANN model are useful tools to assess if the model is predicting
coherent behaviors and define optimal combination of conditions in order to maximize biogas production.
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1. INTRODUCTION

Considering the whole distribution chain from agricultural production up to consumption, a report published in 2011
estimated that around one-third of the food production (about 1.3 billion tons of food) was lost or wasted each year
(Food and Agriculture Organization of the United Nations, 2019). Among them, food wastes (FW), which are the
processed biomass from domestic and commercial Kitchens, eateries and restaurants, represent a significant amount of
them. Nowadays, this FW are disposed mainly in landfills or treated through incineration. Both alternatives negatively
impact the environment and human health and did not systematically use the energy content within them (Zhang, 2014;
Palaniswamy, 2017; Kuzcman, 2018).

Thus, waste-to-energy approaches are investigated and anaerobic digestion (AD) is a well-known process that can
be appropriate. AD converts solid or liquid organic materials through a multi-stage biochemical degradation process in
the absence of oxygen into a gaseous mixture named biogas containing mostly methane (CHy), carbon dioxide (COy)
and nitrogen (N2) (Scano, 2014). Applications are cooking for raw biogas and electricity, heat and steam generation in
household and industry, injection into the natural gas grid or use as vehicular fuel for upgraded biogas (Khan, 2017).
According to the International Renewable Energy Agency (IRENA, 2019), the global installed capacity for electricity
generation from biogas increased 105% between 2010 and 2019.

Four phases used to be considered during the anaerobic digestion process: hydrolysis, acidogenesis, acetogenesis
and methanogenesis. Firstly, long chain lipids, carbohydrates and protein are hydrolysed into smaller soluble organic
compounds, in a reaction considered as the kinetics-limiting step. Secondly, volatile fatty acids (VFA), such as acetate,
propionate and butyrate, and by-products, such as NHs, CO, and H,S, are observed after acidogenesis. Thirdly, acetate,
H, and CO; are produced from VFA in acetogenesis and then methane and CO, are obtained after the methanogenesis
(Zhang, 2014; Mao, 2015).

The FW present highly variable characteristics, because of different sources, processing and handling methods and
local eating habits, climate and seasons (Meng, 2015; Sun, 2015; Khan, 2017). The biogas yield and composition are
influenced by the used microorganisms in the inoculum, the biomass (particle size, structure, composition) and the
reactor geometry and characteristics. Two kind of reactors are widespread for anaerobic digestion of food wastes:
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anaerobic sequencing batch reactor (ASBR) with some type of agitation and continuous stirred tank reactor (CSTR),
with an intermittent (or semi-continuous) or continuous feeding. Temperature, hydraulic retention time (HRT), volatile
solids (VS), organic load rate (OLR), carbon to nitrogen (C/N) ratio, pH levels, ammonia and nutrients contents are key
parameters that can be optimized to appropriate levels (Grimberg, 2015; Palaniswamy, 2017; Kuzcman, 2018). Then,
quantifying the interacting effects of these parameters provides valuable information for prediction and optimization of
the anaerobic digestion process.

2. METHODS
2.1 Database

A database of 126 experimental conditions of anaerobic digestion of FW was built using the experimental results
from 42 formerly published works found in the literature (Ariunbaatar, 2015; Banks, 2011; Browne,2013; Chen, 2014;
Chu, 2008; De Gioannis, 2017; Deepanraj, 2017; El-Mashad, 2010; Gottardo, 2018; Grimberg, 2015; Hobbs, 2018;
Jabeen, 2015; Kawai, 2014; Kim, 2006; Kobayashi , 2012; Kuczman, 2018; Lee, 2010; Li, 2015; Li, 2018a; Li, 2018b;
Micolucci, 2014; Micolucci, 2018; Nagao, 2012; Paudel, 2017; Rico, 2020; Shamurad, 2020; Shen, 2013; Tampio,
2014; Ventura, 2014; Wang, 2009; Wang, 2014; Wu, 2015; Wu, 2016; Xiao, 2018a; Xiao, 2018b; Yong, 2015;.Zhang,
2013a; Zhang, 2013b; Zhang, 2019). These data are used in order to determine relations between cumulative biogas
production, (in I/g VS) and five characteristics (one discrete and four continuous) of the experiment listed below.

A discrete parameter provides a description of the type of reactor and feeding (ASBR, CTSR with semi-continuous
feeding and CTSR with continuous feeding) and the number of stages in the digesters (one, two or three). Then, the six
continuous factors are inlet biomass VS (in weight %), OLR (in g VS/(l.d), calculated for the mesophilic reactor if there
is more than one phase), temperature (in °C, for more than one phase, only the mesophilic temperature is considered)
and the volume of the AD reactor (in m3, for more than one phase, the volume is defined as the whole volume). It is
important to notice that, for ASBR, the OLR was defined alternatively as the ratio of the initial VS and the duration of
the considered AD processed (that means that ASBR is equivalent to a CSTR with constant OLR continuous feeding).
As the range of variation of pH was narrow, such parameter was not investigated here. All data was taken at the end of
the digestion process, when cumulated biogas volume is constant.

Among the 126 cases, a preliminary work was necessary to avoid discrepant values that will reduce the robustness
of the future models (9 cases, 7.1%) and remove cases for which all parameters are not clearly defined (79 cases,
62.7%). Then, 50 of them (39.7%) are used in the next step.

2.2 ANN design and training

The ANN model was a multilayered perceptron (MLP) with three layers (input, hidden and output). The input layer
represents the independent variables (Biodigester, VS, OLR, Temperature, Reactor volume) and the output layer is the
produced cumulated biogas volume. In the hidden layer, the quantity of neurons required was determined by the
minimum error criterion value and number of effective parameters. The model was developed using MATLAB R2018a.

The assessed activation functions in the hidden layer were logistic sigmoid (logsig) and hyperbolic tangent (tansig)
and in the output layer, it was used a linear transfer function (purelin). Besides, the number of neurons considered for
the hidden layer (HD) were limited from three to five, so that the quantity of parameters does not be higher than the
amount of data registers in the training dataset.

In order to optimize parameters (weights and bias), some algorithms backpropagation method were used, such as
traingdx based on gradient descent approach, which uses the negative gradient to minimize the error. The parameters
are adjusted with changes in the momentum coefficient and the adaptive learning rate. The trainlm and trainbr
algorithms are the Quasi-Newton method to minimize the error and both use Levenberg-Marquardt method in their
calculation.

In order to evaluate the quality of the model, the coefficient of determination (R?) and the sum of squared errors
(SSE) were used to compare experimental and calculated data, as shown in Equation 2 and 3.
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A statistical analysis of the database was performed, in order to determine which variables have more influence
over the cumulative biogas volume produced and, consequently, to indicate which combination of variables should be
investigated in the form of response surfaces charts using the predicted results of the ANN best model.

3. RESULTS
3.1 Data statistical analysis

The database screening resulted in a set of 50 different experimental conditions that were separated into three
datasets for the ANN: training, testing and validation. The full data distribution can be observed in the following
histograms.
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Figure 1. Data distribution for each of the system’s variable. For the biodigester, B means Batch, SC means Semi-
continuous, C means continuous and ¢ is the amount of phases.

As expected, Figure 1 shows how there is a lack of literature related to the biodigestion of FW for temperatures
between the mesophilic and thermophilic regions, as it is known that this type of systems tend to be optimized for
either. Besides, no research was found for reactor volumes between 0.0186 and 0.0367 m®. On the other hand, OLR data
seems to be more abundant for values around 5 (g.VS/(l.d)). For the other variables, data is reasonably distributed.

After the analysis of the histograms, a statistical study was conducted to evaluate the effect of each variable through
a polynomial approximation, resulting in the following Pareto chart.
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Figure 2. Pareto chart to evaluate the effect of each input variable. (1) Biodigester; (2) VS; (3) OLR;
(4) Temperature; (5) Reactor volume.
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From Figure 2, it is possible to observe that the only variable that does not present a considerable linear influence
over the biogas production is the temperature. This result could be justified by the lack of information already
commented. In contrast, the reactor volume was the only parameter to have a significant quadratic impact on the output.
Regarding the combined effects, biodigester/reactor volume (1x5), temperature/reactor volume (4x5) and OLR/reactor
volume (3x5) were the pairs that have shown considerable impact over the product synthesis, although OLR/reactor
volume is close to the relevance limit and, therefore, was also considered.

3.2 ANN development

The database division was performed randomly and resulted in training, testing and validation sets with 39, 8 and 3
entries, respectively. Training and testing results can be found in Table 1, for all training algorithms, activation
functions and number of neurons on the hidden layer (HD) considered, including the amount of parameters present in
each network (NP).

Table 1. ANN training and testing results for all considered topologies (In bold: identification of the best ANN
configuration)

ANN ID Traiqing Acti\_/ation Number of Training R? Traning | R? Testing NP
Algorithm | Function HD | Neurons HD | Dataset SSE Dataset Dataset
netl 3 10.004 0.328 0.907 22
net2 tansig 4 2.771 0.814 0.537 29
net3 traingdx 5 3.061 0.795 0.718 36
net4 3 7.984 0.463 0.464 22
net5 logsig 4 7.840 0.474 0.692 29
net6 5 5.304 0.644 0.729 36
net7 3 14.625 0.061 0.894 22
net8 tansig 4 14.794 0.062 0.886 29
net9 trainbr 5 14.644 0.059 0.887 36
net10 3 14.579 0.059 0.799 22
netll logsig 4 14.887 0.052 0.865 29
net12 5 14.042 0.074 0.000834 36
netl3 3 0.536 0.964 0.931 22
netl4 tansig 4 0.440 0.970 0.070 29
netl5 trainlm 5 0.217 0.985 0.290 36
net16 3 1.629 0.891 0.754 22
net17 logsig 4 3.511 0.764 0.761 29
net18 5 0.137 0.991 0.279 36
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As it can be seen in Table 1, trainbr algorithm presented the higher SSE during training, while trainlm presented the
best performances in relation to this parameter. On the other hand, no major tendencies could be observed when
comparing the different activation functions and the different number of neurons in the hidden layer. The trainbr
algorithm also presented more occurrences of the coefficient of determination (R?) of the training being greater than the
one from the testing dataset. This indicates a strong possibility of underfitting, where the performance of the ANN in
the test is better than in the training. In some instances, it was also possible to observe overfitting, as the model had high
performance in the training dataset, followed by a considerable decrease in the testing.

From all analyzed topologies, net13 presented the best results, as it had better performance when R? from both
training (0.964) and testing (0.931) datasets are considered. With this in mind, netl3 was evaluated through the
validation dataset, in which it also presented a considerably good R? (0.902). The application of net13 in each dataset
can be better observed in Figure 3, where the model and experiment are compared in relation to the cumulative biogas
volume through two different plots. In the first one, the output Y axis is relate to the model prediction, while the targets
T axis represents the experimental data. In addition, the linear fit equation is presented, where the aim would be Y = T.
The coefficient of correlation (R) was also included. The second plot shows the experimental and predicted cumulative
biogas volume for each sample of the datasets.
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Figure 3. Performance of the best ANN (net13) for the training, testing and validation datasets.

As indicated in the Figure 3, the predicted and experimental data are not dispersed, which indicates the model has a
good prediction capability for the analyzed system. In all three datasets, the best linear fit approximates the Y=T line, as
intended, the best case being the training, followed by the testing set, which is coherent, because these behaviors would
not be expected to happen for all datasets in an overfitting or underfitting scenario.

3.3 Investigation using the best ANN

The best ANN model was applied considering the previous statistical analysis. In each case, two different
parameters were evaluated through the whole database range while the remaining inputs were fixed according to Table
2. These values were calculated for the continuous variables through the average of the most populated groups observed
in the histograms. Particularly for the temperature, the mesophilic region was selected for the calculation.

Table 2. Fixed values for each input not being analyzed.

Input Variable Fixed Value
Reactor/feeding Batch
VS (%w) 10.09
OLR (g VS/(1.d)) 3.08
Temperature (°C) 36.36




J. G. Neto, B. F. dos Santos and F. Pradelle
Modelling and Optimization of Biogas Production from Food Wastes (FW) Using Artificial Neural Network (ANN)

The first investigation considered the variation of volume for each reactor/feeding type and can be observed in
Figure 4. The model indicates the volume has an almost linear influence over the biogas productions for every case. In
the considered conditions, the batch reactor presented a better performance than all other systems, being maximum for

lower reactor volumes. The linear behavior was not expected, as biodigester processes are usually known for their high
non-linearity.
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Figure 4. Performance of the best ANN (net13) for the training, testing and validation datasets.

Figure 5 expresses the variation of OLR and the reactor volume. Again, the behavior seems to be considerably
linear as the prediction seems to have resulted in a flat surface. Lower OLR and reactor volumes seem to maximize
production, being coherent with the previous figure.
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Figure 5. Response surface for OLR-Reactor volume.

The last analyzed case is related to the variation of temperature and reactor volume, which is presented in
Figure 6. The response surface indicates maximum production at mesophilic temperatures, also with smaller reactor
volumes. Unexpectedly, the increase in production at thermophilic temperatures is not present as the general behavior is
considerably flat. This can be due to the lack of data in this region for ANN training.
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Figure 6. Response surface for OLR-Reactor volume.

It was possible to observe more linear tendency for all analyzed variables that could be related to the investigated
conditions. It is also important to point out how little the cumulative biogas production changes (around 0.5 to 0.52 1/(g
VS)), especially in Figures 4 and 5. This indicates the influence of the chosen variables may not be as expressive as
expected from the statistical analysis. Besides, the size of the database is one of the major concerns in ANN modeling,
because relation between the amount of parameters present in the network and the total of entries in the database limits
the quantity of inputs that can be considered. As a result, the relatively small database used in this study constrained the
model to having the considered inputs, although variables such as pH, retention time, carbon to nitrogen ratio and others
are expected to also have a certain level of influence over the system. Therefore, the mostly flat behavior observed
could be due to a limitation of the model, even though it presented excellent results in the training, testing and
validation phases.

4. CONCLUSION

The biodigestion of food wastes has an important role in society, as it not only translates in an alternative energy
source, but also gives a productive destination to an otherwise discarded material. A characteristic of these processes is
the biological chemical reactions involved that are complex to model, which justifies the attempt to use artificial neural
networks. In this study, 126 experimental data were found in the literature, although only 50 were presented the
complete information needed for model implementation. This system was limited in terms of how many variables can
be included in the model, due to the total amount of entries in the database, so the reactor/feeding type, temperature,
OLR, VS and reactor volume were included. This final database was randomly separated between training, testing and
validation datasets in which the best ANN (netl3) had a determination coefficient of 0.964, 0.931 and 0.902,
respectively. Although netl3 has shown an excellent prediction capability for all datasets, the investigation performed
according to the most influential variables pointed out by the previous statistical analysis resulted in a more linear
behavior than expected. This could be justified by the size of the database, since other variables could not be included
without the number of ANN parameters surpassing the amount of data entries. Therefore, the ANN model presented an
excellent prediction capability for the given database and to better capture possible non linearity of the system, more
data would be needed to allow more variables to be investigated.

5. ACKNOWLEDGEMENTS

This study was financed in part by the Coordenacdo de Aperfeicoamento de Pessoal de Nivel Superior - Brasil
(CAPES) - Finance Code 001. The authors are also indebted to CNPq, FAPERJ and FINEP for the financial support to
the Department of Mechanical Engineering (DEM) and the Department of Chemical and Material Engineering (DEQM)
at the Pontifical Catholic University of Rio de Janeiro (PUC-Rio0).



J. G. Neto, B. F. dos Santos and F. Pradelle
Modelling and Optimization of Biogas Production from Food Wastes (FW) Using Artificial Neural Network (ANN)

6. REFERENCES

Ariunbaatar J, Panico A, Yeh D H, Pirozzi F, Lens P N L, Esposito G., 2015. “Enhanced mesophilic anaerobic
digestion of food waste by thermal pretreatment: Substrate versus digestate heating”. Waste Management, Vol. 46, pp.
176-81.

Banks C J, Chesshire M, Heaven S, Arnold R., 2011. “Anaerobic digestion of source segregated domestic food
waste: performance assessment by mass and energy balance”. Bioresource Technology, VVol. 102, No. 2, pp. 612—-20.

Browne J D, Murphy J D., 2013. “Assessment of the resource associated with biomethane from food waste”.
Applied Energy, Vol. 104, pp. 170-7.

Chen X, Yan W, Sheng K, Sanati M., 2014. “Comparison of high-solids to liquid anaerobic co-digestion of food
waste and green waste”. Bioresource Technology, Vol. 154, pp. 215-21.

Chu C-F, Li Y-Y, Xu K-Q, Ebie Y, Inamori Y, Kong H-N., 2008. “A pH- and temperature-phased two-stage
process for hydrogen and methane production from food waste”. International Journal of Hydrogen Energy, Vol. 33,
pp. 4739-46.

De Gioannis G, Muntoni A, Polettini A, Pomi R, Spiga D., 2017. “Energy Recovery from One- and Two-Stage
Anaerobic Digestion of Food Waste”. Waste Management, Vol. 68, pp. 595-602.

Deepanraj B, Sivasubramanian V, Jayaraj S., 2017. “Effect of Substrate Pretreatment on Biogas Production through
Anaerobic Digestion of Food Waste”. International Journal of Hydrogen Energy, Vol. 42, No. 42, pp. 26522-28.

El-Mashad H M, Zhang R., 2010. “Biogas production from co-digestion of dairy manure and food waste”.
Bioresource Technology, Vol. 101, No. 11, pp. 4021-8.

Food and Agriculture Organization of the United Nations (FAO), 2019. The state of food and agriculture. URL.:
http://www.fao.org/3/ca6030en/ca6030en.pdf (accessed on 04.07.2019).

Gottardo M, Micolucci F, Bolzonella D, Uellendahl H, Pavan P., 2017. “Pilot Scale Fermentation Coupled with
Anaerobic Digestion of Food Waste - Effect of Dynamic Digestate Recirculation”. Renewable Energy, Vol. 114, pp.
455-63.

Grimberg S J, Hilderbrandt D, Kinnunen M, Rogers S., 2015. “Anaerobic Digestion of Food Waste through the
Operation of a Mesophilic Two-Phase Pilot Scale Digester — Assessment of Variable Loadings on System
Performance”. Bioresource Technology, Vol. 178, pp. 226-9.

Hobbs S R, Landis A E, Rittmann B E, Young M N, Parameswaran P., 2018. “Enhancing Anaerobic Digestion of
Food Waste through Biochemical Methane Potential Assays at Different Substrate: Inoculum Ratios”. Waste
Management, Vol. 71, pp. 612-7.

International Renewable Energy Agency (IRENA), 2019. Bioenergy. URL: https://www.irena.org/bioenergy
(accessed on 04.07.2019).

Jabeen M, Zeshan, Yousaf S, Haider M R, Malik R N., 2015. “High-Solids Anaerobic Co-Digestion of Food Waste
and Rice Husk at Different Organic Loading Rates”. International Biodeterioration & Biodegradation, Vol. 102, pp.
149-53.

Kawai M, Nagao N, Tajima N, Niwa C, Matsuyama T, Toda T., 2014. “The effect of the labile organic fraction in
food waste and the substrate/inoculum ratio on anaerobic digestion for a reliable methane yield”. Bioresource
Technology, Vol. 157, pp. 174-80.

Khan | U, Othman M H D, Hashim H, Matsuura T, Isamail A F, Rezaei-Dashtarzhandi M, Azelee | W., 2017.
“Biogas as a renewable energy fuel — A review of biogas upgrading, utilisation and storage”. Energy Conversion and
Management Vol. 150, pp. 277-294.

Kim J K, Oh B B, Chun Y N, Kim S W., 2006. “Effects of Temperature and Hydraulic Retention Time on
Anaerobic Digestion of Food Waste”. Journal of Bioscience and Bioengineering, Vol. 102, No. 4, pp. 328-332.

Kobayashi T, Xu K-Q, Li Y-Y., Inamori Y., 2012. “Effect of sludge recirculation on characteristics of hydrogen
production in a two-stage hydrogen—methane fermentation process treating food wastes”. International Journal of
Hydrogen Energy, Vol. 37, pp. 5602-11.

Kuczman O, Gueri M V D, Souza S N M, Schirmer W N, Alves H J, Secco D, Buratto W G, Ribeiro C B,
Hernandes, F B., 2018. “Food Waste Anaerobic Digestion of a Popular Restaurant in Southern Brazil”. Journal of
Cleaner Production, Vol. 196, pp. 382-9.

Lee D-Y, Ebie Y, Xu K-Q, Li Y-Y, Inamori Y., 2010. “Continuous H, and CH, production from high-solid food
waste in the two-stage thermophilic fermentation process with the recirculation of digester sludge”. Bioresource
Technology, Vol. 101, No. 1, pp. S42-S47.

Li L, He Q, Ma Y, Wang X, Peng X., 2015. “Dynamics of Microbial Community in a Mesophilic Anaerobic
Digester Treating Food Waste: Relationship between Community Structure and Process Stability”. Bioresource
Technology, Vol. 189, pp. 113-20.

Li L, Peng X, Wang X, Wu D., 2018. “Anaerobic Digestion of Food Waste: A Review Focusing on Process
Stability”. Bioresource Technology, Vol. 248, No. A, pp. 20-8.

Li W, Loh K-C, Zhang J, Tong Y W, Dai Y., 2018. “Two-Stage Anaerobic Digestion of Food Waste and
Horticultural Waste in High-Solid System”. Applied Energy, Vol. 209, pp. 400-8.



18" Brazilian Congress of Thermal Sciences and Engineering
November 16-20, 2020 (Online)

Mao C, Feng Y, Wang X, Ren G., 2015. “Review on research achievements of biogas from anaerobic digestion”.
Renewable and Sustainable Energy Reviews, Vol. 45: pp. 540-55.

Meng Y, Li S, Yuan H, Zou D, Liu Y, Zhu B, Chufo A, Jaffar M, Li X., 2015. “Evaluating biomethane production
from anaerobic mono- and co-digestion of food waste and floatable oil (FO) skimmed from food waste”. Bioresource
Technology, Vol. 185, pp. 7-13.

Micolucci F, Gottardo M, Bolzonella D, Pavan P., 2014. “Automatic process control for stable bio-hythane
production in two-phase thermophilic anaerobic digestion of food waste”. International Journal of Hydrogen Energy,
Vol. 39, pp. 17563-72.

Micolucci F, Gottardo M, Pavan P, Cavinato C, Bolzonella D., 2018. “Pilot scale comparison of single and double-
stage thermophilic anaerobic digestion of food waste”. Journal of Cleaner Production, Vol. 171, pp. 1376-85.

Nagao N, Tajima N, Kawai M, Niwa C, Kurosawa N, Matsuyama T, Yusoff F M, Toda T., 2012. “Maximum
organic loading rate for the single-stage wet anaerobic digestion of food waste”. Bioresource Technology, Vol. 118, pp.
210-8.

Palaniswamy D, Ramseh G, Sivasankaran S, Kathiravan N., 2017. “Optimising biogas from food waste using a
neural network model”. Municipal Engineer, VVol. 170, No. ME4, pp. 221-9.

Paudel S, Kang Y, Yoo Y-S, Seo G-T., 2017. “Effect of Volumetric Organic Loading Rate (OLR) on H, and CH.
Production by Two-Stage Anaerobic Co-Digestion of Food Waste and Brown Water”. Waste Management, Vol. 61, pp.
484-93.

Rico C, Montes J A, Lobo A. A, 2020. “Dry batch anaerobic digestion of food waste in a box-type reactor system:
Inoculum preparation and reactor performance”. Journal of Cleaner Production, Vol. 251, pp. 119751.

Scano E A, Asquer C, Pistis A, Orfu L, Demontis V, Cocco D., 2014. “Biogas from anaerobic digestion of fruit and
vegetable wastes: Experimental results on pilot-scale and preliminary performance evaluation of a full-scale power
plant”. Energy Conversion and Management, Vol. 77, pp. 22-30.

Shamurad B, Sallis P, Petropoulos E, Tabraiz S, Ospina C, Leary, Dolfing J, Gray N., 2020. “Stable biogas
production from single-stage anaerobic digestion of food waste”. Applied Energy, Vol. 263, pp. 1146009.

Shen F, Yuan H, PangY, Chen S, Zhu B, Zou D, Liu Y, Ma J, Yu L, Li X., 2013. “Performances of anaerobic co-
digestion of fruit & vegetable waste (FVW) and food waste (FW): Single-phase vs. two-phase”. Bioresource
Technology, Vol. 144, pp. 80-5.

Shen J, Yan H, Zhang R, Liu G, Chen C., 2018. “Characterization and Methane Production of Different Nut
Residue Wastes in Anaerobic Digestion”. Renewable Energy, Vol. 116, pp. 835-41.

Sun Q, Li H, Yan J, Liu L, Yu Z, Yu X, 2015. “Selection of appropriate biogas upgrading technology-a review of
biogas cleaning, upgrading and utilization”. Renewable and Sustainable Energy Reviews, Vol. 51, pp. 521-32.

Tampio E, Ervasti S, Paavola T, Heaven S, Banks C, Rintala J., 2014. “Anaerobic digestion of autoclaved and
untreated food waste”. Waste Management, \VVol. 34, pp. 370-7.

VenturaJR S, Lee J, Jahn D., 2014. A comparative study on the alternating mesophilic and thermophilic two-stage
anaerobic digestion of food waste. Journal of Environmental Sciences, Vol. 26, pp. 1274-83.

Wang L, Shen F, Yuan H, Zou D, Liu Y, Zhu B, Li X,, 2014. “Anaerobic co-digestion of kitchen waste and
fruit/vegetable waste: Lab-scale and pilot-scale studies”. Waste Management, VVol. 34, pp. 2627-33.

Wang X, Zhao Y., 2009. “A bench scale study of fermentative hydrogen and methane production from food waste
in integrated two-stage process”. International Journal of Hydrogen Energy, Vol. 34, pp. 245-54.

Wu L-J, Kobayashi T, Kuramochi H, Li Y-Y, Xu K-Q., 2016. “Improved biogas production from food waste by co-
digestion with de-oiled grease trap waste”. Bioresource Technology, Vol. 201, pp. 237-44.

Wu L-J, Kobayashi T, Li Y-Y, Xu K-Q., 2015. “Comparison of single-stage and temperature-phased two-stage
anaerobic digestion of oily food waste”. Energy Conversion and Management, Vol. 106, pp. 1174-82.

Xiao B, Qin Y, Wu J, Chen H, Yu P, Liu J, Li, Y-Y., 2018. “Comparison of single-stage and two-stage
thermophilic anaerobic digestion of food waste: Performance, energy balance and reaction process”. Energy Conversion
and Management, Vol. 156, pp. 215-23.

Xiao B, Qin Y, Zhang W, Wu J, Qiang H, Liu J, Li, Y-Y., 2018. “Temperature-Phased Anaerobic Digestion of
Food Waste: A Comparison with Single-Stage Digestions Based on Performance and Energy Balance”. Bioresource
Technology, Vol. 249, pp. 826-34.

Yong Z, Dong Y, Zhang X, Tan T., 2015. « Anaerobic co-digestion of food waste and straw for biogas production”.
Renewable Energy, Vol. 78, pp. 527-30.

Zhang C, Su H, Baeyens J, Tan T., 2014. “Reviewing the anaerobic digestion of food waste for biogas production”.
Renewable and Sustainable Energy Reviews, Vol. 38, pp. 383-92.

Zhang C, Su H, Tan T., 2013. “Batch and semi-continuous anaerobic digestion of food waste in a dual solid-liquid
system”. Bioresource Technology, Vol. 145, pp. 10-6.

Zhang C, Xiao G, Peng L, Su H, Tan T., 2013. “The anaerobic co-digestion of food waste and cattle manure”.
Bioresource Technology, Vol. 129: pp. 170-6.



J. G. Neto, B. F. dos Santos and F. Pradelle
Modelling and Optimization of Biogas Production from Food Wastes (FW) Using Artificial Neural Network (ANN)

Zhang J, Mao L, Nithya K, Loh K-C, Dai Y, He Y, Tong Y W., 2019. “Optimizing mixing strategy to improve the
performance of an anaerobic digestion waste-to-energy system for energy recovery from food waste”. Applied Energy,
Vol. 249, pp. 28-36.

7. RESPONSIBILITY NOTICE

The authors are the only responsible for the printed material included in this paper.



