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ABSTRACT

In this paper, multi-layer feed forward neural networks are used to predict the chemical exergy,
hydrogen mole fraction, carbon monoxide mole fraction, and methane mole fraction during gasification
of Brazilian wastes biomasses during gasification in a bubbling fluidized bed reactor. These artificial
neural networks (ANNs) with different architectures are trained using the Adam back-propagation
algorithm and a cross validation is also performed to ensure that the results generalize to other unseen
datasets. A rigorous study is carried out on optimally choosing the number of hidden layers, number of
neurons in the hidden layer and activation function in a network. Ten input and four output parameters
are used to train and test various neural network architectures in single output prediction paradigms
using the available experimental datasets. The model selection procedure is carried out to ascertain the
best network architecture in terms of predictive accuracy. The simulation results show that the ANN
based methodology is a viable alternative which can be used to predict the performance of a bubbling
fluidized bed gasifier.

1 INTRODUCTION

Biomass is a significant source of sustainable energy, holding the potential to reduce dependence on
fossil fuels and cut down CO, emissions. In Brazil, biomass plays a vital role, contributing 25.5% to
the nation's internal energy supply (Thraen and Shaubach, 2017; Habib et al., 2023). The abundant
biomass resources in Brazil provide an opportunity to convert biomass wastes into valuable energy
commodities like hydrogen, ammonia, and power, offering a way to decrease greenhouse gas emissions,
energy consumption, waste disposal costs, and environmental impacts. Diverse materials such as
sugarcane bagasse, orange bagasse, corn, and coffee residues are available for bioenergy production.
Thermochemical routes, particularly the synergy between air separation and biomass gasification
techniques, have been explored to harness biomass conversion and valorization technologies (Sapali S,
2013).

Vargas, Florez-Orrego and de Oliveira Junior, 2023 argue the shift towards renewable energies in
chemical sectors to reduce fossil fuel dependency. This paper emphasizes the potential of residual
biomass, like sugar cane and sewage sludge, for environmentally friendly fuel production. The study
optimizes biomass-based biochemical routes, aiming for negative emissions and increased circular
economy efficiency. Achieving an overall negative emission balance, the hydrogen and ammonia
production routes remove substantial CO, from the atmosphere.

Recent developments have explored alternative modeling techniques to optimize biomass conversion
processes, with ANNs being widely employed. ANNs offer shorter processing times for system output
prediction and optimization, effectively capturing non-linear relationships between input and output
parameters. Several studies have utilized ANNSs to predict gasification parameters, such as Mikulandric
et al. (Mikulandri¢ et al., 2014) and Serrano et al. (Serrano, Golpour and Sanchez-Delgado, 2020),
showcasing robust correlations with experimental studies.

Vargas and Oliveira Jr, 2023 developed an ANN prediction model for a green electric energy generation
process through the gasification of Brazilian biomass residues. Utilizing various biomass sources,
including sugarcane and orange bagasse, sewage sludge, corn residues, coffee residues, eucalyptus
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residues, and municipal waste. The three-layer feed-forward neural network demonstrated high
accuracy (R*>0.993).

In light of this information, the objective of this study is to use Brazilian waste biomass for prediction
of chemical exergy and H,, CO, and CH4 mole fractions, particularly in gasification plants. Aspen Plus®
simulator (ASPENTECH, 2011) replicated the bubbling fluidized bed gasifier, providing data on
gasification. This information was used to formulate a comprehensive ANN model, introducing an
innovative approach to evaluating properties through machine learning techniques on simulation data
and computing pivotal parameters as performance indicators. In this research, computational
frameworks originating from methods of artificial intelligence are utilized to comprehend the non-linear
mapping challenge. These varieties of frameworks have the capability to forecast the efficiency of
intricate systems (encompassing gasification). As a result, this investigation is concentrated on
leveraging the potential of the ANN methodology to assess the performance of Brazilian biomass waste
gasification in a fluidized bed reactor.

2 Material and Methods
2.1 Biomass characterization

Evaluating biomass samples significantly improves gasification system efficiency and enhances
synthesis gas quality. Biomass characteristics, including fixed carbon (FC), ash content, volatile matter
(VM), and moisture (M), are determined through Proximate and Ultimate analyses measuring carbon
(C), hydrogen (H), oxygen (O), nitrogen (N), and sulfur (S) levels. In this study, ten biomass samples
from existing literature (see Table 1) were chosen as primary raw materials, with results summarized in
Table 1.

Table 1: Proximate (%) and Ultimate (%) analysis results of selected biomass samples for training of

the ANN model.

Biomass M FCs VMa, Ashw C€C H N S C O REF.,
Sugar cane bagasse 50.00 14.32 83.54 2.14 4670 6.02 0.17 0.02 0 4495 (Ardilaeral.,2012)
Sewage sludge 1840 7.60 64.90 27.50 33.90 6.30 5.88 0.67 021 2550 (Languer et al.,2020)
Sugar cane straw 5 30 1580 2060 13.00 49.00 5.60 0.80 030 0 4400 rancoJacome,
waste 2014)
Coffee waste 8.88 1448 7585 0.79 4933 586 066 004 0 4324 (Ma“;ggg)e’ al,
Eucalyptus waste 773 1638 7491 098 48.65 6.16 028 0 0 4491 (G“egg{)‘;)e’ al.,
Urban municipal 1o ¢ 1304 7183 1423 4204 590 066 010 0 2987 (Cutierrez-Gomezet
waste al.,2021)
Orange bagasse 923 13.20 30.60 620 4640 554 170 0 0  40.15 (Alves et al, 2020)
Corn waste 6029 12.62 8422 0 4754 633 132 008 0  42.22 (Pan'lngg‘i%“kasem’
Banana stem 1256 996 8027 800 39.00 7.30 082 0 0 5484 (Rambo,Schmidtand

Ferreira, 2015)
Coconut shell 15.98 19.40 72.90 0.80 46.60 7.10 032 0 0  41.80 (Akogun and

Waheed, 2019)

M, moisture content; VM, volatile matter content; FC, fixed carbon content; db, dry basis.

2.2 Modeling and simulation of the gasification systems

Figure 1 presents the configurations for biomass waste gasification, as based on (Florez-Orrego,
Maréchal and de Oliveira Junior, 2019; Domingos ef al., 2021; Vargas, Florez-Orrego and de Oliveira
Junior, 2023). The simulations are conducted using Aspen Plus® software (ASPENTECH, 2011), with
the equation of state being the Peng-Robinson EoS with Boston-Mathias modifications. The model for
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waste biomass gasification employs the Battelle Columbus Laboratory (BCL) indirect gasifier, which
operates at atmospheric pressure with steam serving as the gasification medium. This arrangement
prevents nitrogen dilution in the produced syngas by using a separate double-column system for the
combustion and gasification processes (Kinchin and Bain, 2009). Subsequent to the gasifier, thermal
catalytic cracking of the produced tar takes place. For more detailed information on the model and
simulation see (Vargas, Florez-Orrego and de Oliveira Junior, 2023).
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Figure 1: Syngas production from biomass gasification—process modeling approach for ANN
analysis.

2.3 Artificial neural network design

The ANN mimics biological processes, simulating the human brain's behavior and learning. As univer-
sal approximators, ANNs make predictions based on existing data, finding use in data-driven research
where predictive accuracy is vital. Despite widespread application, there is limited literature on using
ANN:Ss for Brazilian biomass gasification modeling. The multilayer feed-forward neural network in Fig-
ure 1 illustrates its structure with multiple inputs and one output variable. It uses non-linear transfer
functions and the Adam enhancement algorithm for optimization (Kingma and Ba, 2014). This algo-
rithm combines RMSProp and Momentum, managing both adaptable learning rates and momentum
effectively. Adam is computationally efficient, requiring minimal memory, crucial for extensive-scale
scenarios. It remains unaffected by diagonal rescaling of gradients, addressing challenges like saddle
points or meager gradients. Adam has shown commendable outcomes in diverse neural network sce-
narios. The ANN model incorporates ten process parameters: carbon, hydrogen, nitrogen, sulfur, oxy-
gen, moisture content, ash, fixed carbon, volatile materials, and gasifier temperature. To manipulate the
data it was used the library Pandas (Team, 2020), and the TensorFlow package available within the
Python environment was employed (Abadi et al., 2022). This package facilitates the training of an Ar-
tificial Neural Network by estimating the weights between neurons in consecutive layers, effectively
simulating synapses.
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Figure 2: Architecture of Feedforward Neural Network employed in this work.

2.4 Proposed approach of ANN based methodology and optimization of the model
parameters

The methodology in Figure 3 proposes an optimal neural network architecture by varying hidden layers,
transfer functions, neuron quantities, and learning rates. Each configuration undergoes 50 runs to
minimize training error and avoid local minima during weight/bias tuning. Model performance is
assessed using metrics like mean absolute error (MAE) and root mean squared error (RMSE). Mean
squared error (MSE), a common metric for training ANNSs, represents the average squared difference
between predicted and experimental values.
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Figure 3: Flowchart of the proposed methodology.
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In the scenario, four ANNs cater to chemical exergy, and the mole fractions of H», CO, and CH4. An
exploration of internal network parameters, including hidden layer characteristics, neuron quantity, and
transfer function, is conducted. Determining the optimal number of neurons in the hidden layer is
crucial, impacting the balance between predictive accuracy on training data and generalization to
untrained data. This study challenges the traditional trial-and-error method, employing a rigorous cross-
validated accuracy check. Addressing inconsistencies and premature convergence during weight and
bias optimization, the study adopts multiple randomizations of the optimizer and data shuffling in
training, validation, and testing sets. This ensures accurate error estimates and aids in determining the
best-suited ANN architecture. The balance challenge between predictive accuracy and generalization
capability is carefully considered.

In summary, the study explores training ANNs for biomass gasification modeling complexities and
advances the traditional supervised learning data analysis workflow. The approach in Figure 3 serves
as a guideline for deciding optimal hidden layers, neuron quantities, and activation functions in ANN-
based models. Multiple runs and robust error estimation contribute to the reliability and accuracy,
marking a significant advancement in this field.

3 RESULTS AND DISCUSSIONS

The models were trained and tested using a combination of the non-linear sigmoid and linear ReLu
activation functions in the hidden layer. The dataset used to develop the ANN model contains 12,000
records of which 70% are used for training, 15% for testing, and 15% for validating the ANN model.
Additionally, the input datasets are normalized by maximum and minimum values, and they are
randomized for each iteration, meaning that for each step of the optimization of the hidden layer, 10-
fold cross-validation was employed.

The networks are trained with various numbers of hidden neurons in a hidden layer with different
combinations of transfer functions. The performance of the network is evaluated based on MSE. The
ANN architecture with the lowest MSE indicates a better model (the best model is represented in the
figures below by a red 'x' for different by-products and properties) in terms of predictive accuracy.
The graphs in Figure 4 provide a three-dimensional view of the best prediction accuracy for the double-
layer model. These graphs are useful for identifying optimal combinations when tuning an ANN
regression model. They serve as a graphical visualization as the number of neurons in the layers varies.
The color of the point, determined by MSE, is presented on the side scale axis, where the x and y axes
represent the number of neurons in hidden layer (HL) 1 and 2, respectively, while the z axis presents
the model's learning rate (LR). The optimal number of neurons in the hidden layers for the models is
shown in Table 2 based on the reported minimum MSE, in percent.

Thus, the models that exhibit better predictive accuracy when the sigmoid transfer function are used in
both layers. However, it is noteworthy that the model for predicting the mass fraction of carbon
monoxide showed very close MSE values for the combination of sigmoid/sigmoid activation functions
(HL; = 19 and HL, = 6 with LR = 0.01) and ReLu/sigmoid (HL; = 19 and HL, = 9 with LR = 0.001)
with MSE equal to 0.0124% and 0.0128%, respectively.
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Figure 4: Combination plot of MSE for double layer models (a) Chemical Exergy, (b) y CHs, (c) y_CO
and (d) y_Ho.

Figure 5 displays training graphs for different products. The ANN model's accuracy for chemical exergy
conversion in the training set has a high R? value of 99.81%, indicating a great match. The mean square
error (MSE) is low, 0.0112%, attributing to the effective ANN weight estimation using 70% of the
dataset for training. The residues histogram in Figure 5b supports the agreement between observed and
predicted values, displaying an average near zero. For carbon monoxide modeling (Figure 5¢), the R?
value is lower at 99.12%, but still considered excellent. The corresponding histogram (Figure 5f) shows

values close to zero, reinforcing the model's reliability.
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Table 2: Training performance of the best ANN configuration.

Property Activator MSE (%) E;igfq S;ggfrzl Le;gt:;ng
Exergy  Sigmoid/Sigmoid® 0.0112 20 4 0.01
Exergy  Relu/Sigmoid 0.0320 19 9 0.001
Exergy  Sigmoid/Relu 0.0408 17 9 0.001
y CHs;  Sigmoid/Sigmoid® 0.0436 16 8 0.01
y CHs  Relu/Sigmoid 0.1036 20 4 0.01
y_CHs4 Sigmoid/Relu 0.6953 17 5 0.01
y_CO Sigmoid/Sigmoid® 0.0124 19 6 0.01
y CO Relu/Sigmoid 0.0128 19 9 0.001
y_CO Sigmoid/Relu 0.0287 20 8 0.01
y_H, Sigmoid/Sigmoid® 0.0268 17 9 0.01
y_H, Relu/Sigmoid 0.0850 20 10 0.001
y H, Sigmoid/Relu 0.3187 18 2 0.01

*Corresponds to the optimum NN model for the prediction of gasifier performance.
y: molar fraction

On the other hand, Figure 6 illustrates testing graphs, with Figure 6¢ showcasing the ANN model's
accuracy for hydrogen mole fraction prediction on the training set, displaying a remarkable fit with a
high R? of 99.31% and a low MSE of 0.0256%. The testing set, representing 15% of the dataset, was
used for ANN weight estimation. The residual histogram in Figure 6b supports the strong agreement
between observed and predicted values, with an average close to zero. Again, despite the lowest R? at
98.92% for carbon monoxide (Figure 6¢), the model is still considered excellent, confirmed by the

close-to-zero values in its residual histogram (Figure 6f).
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Figure 5: Comparison between training set for: (a) predicted and observed chemical exergy (b),
histogram of residues for the chemical exergy, (c) predicted and observed hydrogen mole fraction
(d), histogram of residues for the hydrogen mole fraction, (e) predicted and observed carbon
monoxide mole fraction, (f) histogram of residues for the carbon monoxide mole fraction, (g)
predicted and observed methane mole fraction and (h) histogram of residues for methane mole
fraction.

Finally, Figure 7 presents graphs illustrating the validation phase of the ANN model. In Figure 7c,
focusing on predicting hydrogen mole fraction, the model exhibits an exceptional fit with a high R? of
99.11% and a low MSE of 0.0476. This testing set, representing 15% of the dataset, played a crucial
role in estimating ANN weights, providing insights into the model's generalization. The residual
histogram (Figure 7b) supports robust agreement between observed and predicted values.
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The analysis extends to predicting carbon monoxide levels (Figure 7¢), registering the lowest R? during
testing at 98.58%, still within the excellent range. The residual histogram (Figure 7f) underscores the
model's consistency in producing residuals close to zero, affirming its reliability in predicting carbon
monoxide concentrations.
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Figure 6: Comparison between tasting set for: (a) predicted and observed chemical exergy (b),
histogram of residues for the chemical exergy, (c) predicted and observed hydrogen mole fraction
(d), histogram of residues for the hydrogen mole fraction, (e) predicted and observed carbon
monoxide mole fraction, (f) histogram of residues for the carbon monoxide mole fraction, (g)
predicted and observed methane mole fraction and (h) histogram of residues for methane mole
fraction.
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Figure 7: Comparison between validation set for: (a) predicted and observed chemical exergy (b),
histogram of residues for the chemical exergy, (c) predicted and observed hydrogen mole fraction
(d), histogram of residues for the hydrogen mole fraction, (e) predicted and observed carbon
monoxide mole fraction, (f) histogram of residues for the carbon monoxide mole fraction, (g)
predicted and observed methane mole fraction and (h) histogram of residues for methane mole
fraction.

As illustrated in Figure 8, the training and validation curves exhibit consistent patterns, attaining their
lowest error values at different epochs. The ANN model underwent specific iterations for each target
variable, with chemical exergy reaching 100 epochs in Figure 8a, hydrogen at 110 epochs in Figure 8b,
carbon monoxide at 200 epochs in Figure ¢, and methane at 290 epochs in Figure d. Throughout these
iterations, the MSE consistently decreased, ultimately converging to a minimum plateau. This visual
representation not only aligns with previous findings in literature (Yoru, Karakoc and Hepbasli, 2009;
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Ozonoh et al., 2020) but also indicates the absence of overfitting in the well-trained model. Thus, the
ANN model demonstrates robust generalization capabilities.

It is noteworthy that, during the validation phase, methane exhibited higher instability in MSE compared
to other variables, signifying potential challenges in accurately predicting methane concentrations.
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Figure 8. Mean square error value during the training and validation of ANN model: (a) chemical
exergy model, (b) H> Model, (¢) CO Model and (d) CH4 Model.

In Table 3, the predicted and calculated values of synthesis gas properties from gasification are listed
with the relative error (%) for selected biomass samples used in the validation set.

As observed in Table 3, the developed ANN model in this study exhibited high proficiency in estimating
the values of synthesis gas properties at the point with the best architectures suggested by the
optimization process. The error values were found to be between 23% and 2.6% for biomass samples
used in the training, testing, and validation sections of the ANN model.

The gasification temperature is another critical parameter influencing the composition of synthesis gas,
particularly the H» content (AlNouss et al., 2020). Due to the complex interplay of exothermic and
endothermic reactions, the chemical equilibrium state is directly influenced by the gasification
temperature. Higher temperatures favor the chemical equilibrium towards the reactant side for
exothermic reactions, while endothermic reactions shift towards the product side following Le
Chatelier's principle.

The error values indicate that the ANN model accurately predicted the values of properties in synthesis
gas originating from gasification for biomass samples in both training and additional validation studies.
Even for biomass with different physicochemical characteristics, such as orange bagasse and sugar cane
bagasse, the error values are very small. These results support the validity of the model, emphasizing
that there is no overfitting in the ANN model.
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Table 3: The relative error value (%) in syngas and exergy for different gasification temperature

(biomass samples for training).

Gasification

Biomass Temg&:(l;;lture Iz;;:g) lz;['l;/lif;) Error (%)
Sugar cane bagasse 850 19.43 20.23 4.2
Sewage sludge 900 18.13 17.02 6.1
Coffee waste 870 15.46 17.21 10.1
Eucalyptus waste 850 15.76 16.35 3.7
Urban municipal waste 970 17.34 18.87 8.8
Orange bagasse 820 15.54 17.26 11.1
Banana stem 830 16.13 18.21 12.8
Gasification CO
Biomass Temperature y—%\(z g)a lc. }Il’_red. Error (%)
O ) (M.F)
Sugar cane bagasse 850 0.2543 0.2343 7.8
Sewage sludge 900 0.2243 0.1743 22.2
Coffee waste 870 0.2165 0.2665 23.0
Eucalyptus waste 850 0.2398 0.2188 8.7
Urban municipal waste 970 0.2476 0.2616 5.6
Orange bagasse 820 0.2387 0.2044 14.3
Banana stem 830 0.2287 0.2687 17.4
Gasification H,
Biomass Temperature y—gf[(lij)llc' g;ed. Error (%)
(§(®) ) (MLF)
Sugar cane bagasse 850 0.5598 0.5398 3.5
Sewage sludge 900 0.5972 0.5472 8.3
Coffee waste 870 0.5238 0.5738 9.5
Eucalyptus waste 950 0.5786 0.5576 3.6
Urban municipal waste 870 0.5196 0.5336 2.6
Orange bagasse 820 0.5458 0.5115 6.2
Banana stem 830 0.5519 0.6319 14.4
Gasification CH
Biomass Temperature y_C(I;[‘; Fq)alc. yl_’ed. ’ Error (%)
(§(®) ) (M.F)
Sugar cane bagasse 850 0.0254 0.0234 7.8
Sewage sludge 900 0.0328 0.0278 15.2
Coffee waste 870 0.0298 0.0348 16.8
Eucalyptus waste 850 0.0197 0.0176 10.6
Urban municipal waste 970 0.0222 0.0236 6.2
Orange bagasse 820 0.0265 0.0231 12.9
Banana stem 830 0.0231 0.0271 17.2

b : specific chemical exergy (MJ/kg)

4 CONCLUSIONS
This study presents a neural network (ANN) model trained using the Adam algorithm, incorporating a
combination of activation functions such as Sigmoid and ReLU. This model was utilized to predict the
exergy yield and molar fractions of H,, CH4, and CO. The input data comprised residues from Brazilian
biomass utilized in a double-column BCL gasifier, encompassing process parameters and elemental
composition. Furthermore, it introduces an optimization method for selecting the hyperparameters of
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the ANN. The obtained results demonstrate that the predictive performance of the explored ANN
models aligns well with simulated datasets, suggesting that ANNs can serve as an alternative method
for modeling complex thermochemical processes. The trained ANN models exhibited high precision
and performance, achieving R? values above 98% in all cases, with the MSE considered sufficiently
low. While the initial application of this new approach provided valuable insights into equilibrium
modeling, it is advisable to calibrate the ANN model with more data due to its self-adaptive nature and
reliance on data, without significant prior assumptions about the model's structure. The trained ANN
model can effectively predict the performance of similar gasifiers operating under comparable
experimental conditions. However, it is crucial to retrain the model if there are changes in the physical
parameters at the input of the regression problem. Additionally, caution is warranted when applying the
same ANN prediction model to heterogeneous data originating partially or entirely from different
experimental protocols. This may necessitate dividing the prediction problem into smaller subproblems,
sharing common points to enhance prediction accuracy.

REFERENCES

Abadi, M. et al. (no date) ‘TensorFlow: Large-Scale Machine Learning on Heterogeneous Distributed
Systems’. Available at: www.tensorflow.org. (Accessed: 28 October 2023).

Akogun, O. A. and Waheed, M. A. (2019) ‘Property Upgrades of Some Raw Nigerian Biomass through
Torrefaction Pre-Treatment- A Review’, Journal of Physics: Conference Series, 1378(3), p. 032026.
doi: 10.1088/1742-6596/1378/3/032026.

AlNouss, A. et al. (2020) ‘Techno-economic and sensitivity analysis of coconut coir pith-biomass
gasification  using  ASPEN  PLUS’,  Applied  Energy, 261, p. 114350. doi:
10.1016/J.APENERGY.2019.114350.

Alves, J. L. F. et al. (2020) ‘Lignocellulosic Residues from the Brazilian Juice Processing Industry as
Novel Sustainable Sources for Bioenergy Production: Preliminary Assessment Using Physicochemical
Characteristics’, Article J. Braz. Chem. Soc, 31(9). doi: 10.21577/0103-5053.20200094.

Ardila, Y. C. et al. (2012) ‘Syngas production from sugar cane bagasse in a circulating fluidized bed
gasifier using Aspen Plus™: Modelling and Simulation’, Computer Aided Chemical Engineering, 30,
pp- 1093-1097. doi: 10.1016/B978-0-444-59520-1.50077-4.

ASPENTECH (2011) ‘Aspen Plus V8.8’.

Domingos, M. E. G. R. et al. (2021) ‘Exergy and environmental analysis of black liquor upgrading
gasification in an integrated kraft pulp and ammonia production plant’, International Journal of Exergy,
35(1), pp. 35-65. doi: 10.1504/1JEX.2021.115083.

Florez-Orrego, D., Maréchal, F. and de Oliveira Junior, S. (2019) ‘Comparative exergy and economic
assessment of fossil and biomass-based routes for ammonia production’, Energy Conversion and
Management, 194, pp. 22-36. doi: https://doi.org/10.1016/j.enconman.2019.04.072.

Franco Jacome, D. L. 1986- (2014) ‘Caracterizacdo fisico-quimica das cinzas da palha de cana-de-
aclcar através de analises térmicas simultanecas (STA)’ (In Portuguese). Available at:
https://repositorio.unicamp.br/acervo/detalhe/928206 (Accessed: 17 August 2021).

Guerrero, M. et al. (2005) ‘Pyrolysis of eucalyptus at different heating rates: studies of char
characterization and oxidative reactivity’, Journal of Analytical and Applied Pyrolysis, 74(1-2), pp.
307-314. doi: 10.1016/J.JAAP.2004.12.008.

Gutierrez-Gomez, A. C. et al. (2021) ‘Energy recovery potential from Brazilian municipal solid waste
via combustion process based on its thermochemical characterization’, Journal of Cleaner Production,
293, p. 126145. doi: 10.1016/J.JCLEPRO.2021.126145.

Habib, M. A. et al. (2023) ‘Potential of Integrating Solar Energy into Systems of Thermal Power
Generation, Cooling-Refrigeration, Hydrogen Production, and Carbon Capture’, Journal of Energy
Resources Technology, 145(11). doi: 10.1115/1.4062381/1163035.

Kinchin, C. M. and Bain, R. L. (2009) ‘Hydrogen Production from Biomass via Indirect Gasification:
The Impact of NREL Process Development Unit Gasifier Correlations’. doi: 10.2172/956891.
Kingma, D. P. and Ba, J. L. (2014) ‘Adam: A Method for Stochastic Optimization’, 3rd International
Conference on Learning Representations, ICLR 2015 - Conference Track Proceedings. Available at:
https://arxiv.org/abs/1412.6980v9 (Accessed: 21 November 2023).

37" INTERNATIONAL CONFERENCE ON EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND
ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS, 30 JUNE - 4 JULY, 2024, RHODES, GREECE

https://doi.org/10.52202/077185-0173 2028



Paper ID: 53, Page 12

Languer, M. P. ez al. (2020) ‘Insights into pyrolysis characteristics of Brazilian high-ash sewage sludges
using thermogravimetric analysis and bench-scale experiments with GC-MS to evaluate their bioenergy
potential’, Biomass and Bioenergy, 138, p. 105614. doi: 10.1016/J.BIOMBIOE.2020.105614.
Manrique, R. ef al. (2020) ‘Energy analysis of a proposed hybrid solar—biomass coffee bean drying
system’, Energy, 202, pp. 1-8. doi: 10.1016/j.energy.2020.117720.

Mikulandri¢, R. et al. (2014) Artificial neural network modelling approach for a biomass gasification
process in fixed bed gasifiers’, Energy Conversion and Management, 87, pp. 1210-1223. doi:
10.1016/J.ENCONMAN.2014.03.036.

Ozonoh, M. et al. (2020) ‘Dataset from estimation of gasification system efficiency using artificial
neural network  technique’,  Chemical Data  Collections, 25, p. 100321. doi:
10.1016/J.CDC.2019.100321.

Pan-In, S. and Sukasem, N. (2017) ‘Methane production potential from anaerobic co-digestions of
different animal dungs and sweet corn residuals’, Energy Procedia, 138, pp. 943-948. doi:
10.1016/j.egypro.2017.10.062.

Rambo, M. K. D., Schmidt, F. L. and Ferreira, M. M. C. (2015) ‘Analysis of the lignocellulosic
components of biomass residues for biorefinery opportunities’, Talanta, 144, pp. 696—703. doi:
10.1016/J.TALANTA.2015.06.045.

Safarian, S. et al. (2020) ‘Artificial neural network integrated with thermodynamic equilibrium
modeling of downdraft biomass gasification-power production plant’, Energy, 213, p. 118800. doi:
10.1016/J.LENERGY.2020.118800.

Sapali S, R. V. (2013) ‘Exergy analysis of cryogenic air separation unit integrated with biomass
gasifier.’, Proceedings of the World Congress on Engineering and Computer Science 2013 Vol Il
WCECS 2013, 23-25 October, 2013, San Francisco, USA

Serrano, D., Golpour, I. and Sanchez-Delgado, S. (2020) ‘Predicting the effect of bed materials in
bubbling fluidized bed gasification using artificial neural networks (ANNs) modeling approach’, Fuel,
266, p. 117021. doi: 10.1016/J.FUEL.2020.117021.

Sozen, A. and Arcaklioglu, E. (2007) ‘Exergy analysis of an ejector-absorption heat transformer using
artificial neural network approach’, Applied Thermal Engineering, 27(2-3), pp. 481-491. doi:
10.1016/J. APPLTHERMALENG.2006.06.012.

Team, T. pandas development (2020) ‘pandas-dev/pandas: Pandas’. Zenodo. doi:
10.5281/zenodo.3509134.

Thraen, D. and Shaubach, kay (2017) ‘Global Wood Pellet Industry and Trade Study 2017°, /[EA
Bioenergia.

Vargas, G. G., Florez-Orrego, D. A. and de Oliveira Junior, S. (2023) ‘Comparative Exergy and
Environmental Assessment of the Residual Biomass Gasification Routes for Hydrogen and Ammonia
Production’, Entropy, 25(7), p. 1098. doi: 10.3390/E25071098/S1.

VARGAS, G. and OLIVEIRA JR, S. (2023) ‘Assessment of Electricity Generation via Biomass
Gasification by Neural Network Algorithm’, in 36th International Conference on Efficiency, Cost,
Optimization, Simulation and Environmental Impact of Energy Systems - ECOS 2023. Las Palmas De
Gran Canaria, Spain, p. 25th to 30th June.

Yoru, Y., Karakoc, T. H. and Hepbasli, A. (2009) ‘Application of Artificial Neural Network (ANN)
method to exergy analysis of thermodynamic systems’, 8th International Conference on Machine
Learning and Applications, ICMLA 2009, pp. 715-718. doi: 10.1109/ICMLA.2009.70.

ACKNOWLEDGEMENT

This study was financed in part by the Coordenagdo de Aperfeicoamento de Pessoal de Nivel Superior
- Brasil (CAPES) - Finance Code 001. The first author acknowledges CAPES for his Ph.D. grant. The
second author acknowledges Brazilian National Council for Scientific and Technological Development
(CNPq) for the grant 306484/2020-0.

37" INTERNATIONAL CONFERENCE ON EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND
ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS, 30 JUNE - 4 JULY, 2024, RHODES, GREECE

2029 https://doi.org/10.52202/077185-0173





