523

A publication of

I
A

CHEl\/”CAL ENGINEERING TRANSACTIONS f
VOL. 43, 2015 The Italian Association

of Chemical Engineering
Online at www.aidic.it/cet

Chief Editors: Sauro Pierucci, Jifi J. Kleme$
Copyright © 2015, AIDIC Servizi S.r.l.,
I1SBN 978-88-95608-34-1; ISSN 2283-9216 DOI: 10.3303/CET1543088

Neural Network Modeling to Predict the Total Glucose Yield
after Enzymatic Saccharification of H,SO4-Catalyzed
Hydrothermally Pretreated Sugarcane Bagasse

Elmer Ccopa Rivera*?, Laura Plazas Tovar®, Maria Regina Wolf Maciel®, Antonio
Bonomi?®, Rubens Maciel Filho2P

2 Brazilian Bioethanol Science and Technology Laboratory, Brazilian Center for Research in Energy and Materials. P.O. Box
6170, Zipcode 13083-970, Campinas, SP, Brazil

® School of Chemical Engineering, University of Campinas, UNICAMP, Zipcode 13083-852, Campinas—SP, Brazil
elmer.rivera@bioetanol.org.br

In this work, sugarcane bagasse was processed by H2SOs-catalyzed hydrothermal pretreatment (CHP). CHP
was performed under various solid loadings (SP) 10, 20 and 25 %, acid concentrations (A) 1.0, 2.0 and 3.0 %
w/v and reaction times (t°) 30, 60, 90 and 150 min. The results showed that more than 60 % of the
hemicellulose was removed. Cellulignin material was processed by enzymatic hydrolysis using a solid loading
of 3.0 % w/v (on a dry basis) and by the action of cellulase from T. reesei and cellobiase from Aspergillus
niger. Based on this experimental dataset, three Multilayer Perceptron Neural Network-MLPN models were
developed (one for each level of acid concentration (A) in CHP) for predicting total glucose yield (Gyview) as a
function of solids loading (SP), pre-treatment reaction time (t°) and enzymatic hydrolysis time (f). The
prediction by the model using the test dataset gave acceptable performance measures (mean absolute error,
MAE, and residual standard deviation, RSD), equivalent to those obtained for the validation and training
datasets. The dynamic models developed can be used to predict Gyielw during enzymatic hydrolysis of H2SO4-
catalyzed hydrothermally (CHP) pre-treated sugarcane bagasse, which promote a successful hydrolysis
process control.

1. Introduction

Lignocellulosic biomass intended for production of biofuels may be pretreated in an acid thermochemical
process stage (i.e. H2SOs-catalyzed hydrothermal pretreatment carried out in either concentrated/diluted acid
system) in order to improve the susceptibility of the cellulose to enzymatic hydrolysis (Tovar et al., 2014). The
process produces a solid material named water-insoluble solid (WIS), which is characterized for presenting
amorphous and crystalline regions. WIS is constituted mainly by cellulose plus residual hemicellulosic and
lignin fractions, which is susceptible of conversion into fermentable sugars through enzymatic hydrolysis
(Canilha et al., 2012).

In recent years, advances have been made in cellulose and/or hemicellulose hydrolysis modeling, which can
give a support to provide cost-efficient second-generation processes. Difficulties on modeling the enzymatic
hydrolysis of lignocellulosic materials are related to the substrate complexity, mechanism of enzymes action,
and enzymes-substrate interaction (Carvalho et al., 2013). Thus, related to the substrate complexity, it is
important to include in the model, the effect of pretreatment operating conditions such as: pretreatment time,
chemical agent, solid content and temperature used in the pretreatment process. Regarding enzymatic
hydrolysis, several models have been reported, which can be grouped into: empirical models, quantifying the
effects of various substrate and enzyme properties on hydrolysis, Michaelis - Menten based models,
adsorption in cellulose hydrolysis model, using Langmuir adsorption isotherm or kinetic equations and kinetic
models for the hydrolysis of soluble cello-oligosaccharides (Bansal et al., 2009). Thus, it is difficult to define a
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mathematical model that considers the operational conditions of both pretreatment and enzymatic hydrolysis
as well as determine its kinetic parameters, mainly when deterministic mathematical model approach is used.
Artificial Neural Networks (ANN) has been used successfully for solving biotechnological complex problems
for modeling and optimization. Among them, ANN models to describe enzymatic kinetic of cellulose hydrolysis
(Rivera et al., 2010). Another study reports the use of ANN models to describe substrate and product
inhibition during enzymatic hydrolysis of cellobiose (Corazza et al., 2005). In this work, three Multilayer
Perceptron Neural Network-MLPN models (one for each level of acid concentration (A) in CHP) for predicting
total glucose yield (Gyieid) as a function of solids loading (S”), pre-treatment reaction time (f°) and enzymatic
hydrolysis time () were developed. This approach aimed to promote a more effective employment of operating
conditions during the enzymatic hydrolysis of sugarcane bagasse.

2. Materials and methods

2.1 Raw material

Sugarcane bagasse (SCB) was supplied from the sugar-alcohol-co-generation mill Sdo Jodo, Araras, Sao
Paulo - Brazil. It was air-dried to final moisture content of about 5.0% of dry weight, homogenized and stored
in plastic zipper bags. The chemical composition of SCB (on a dry basis, g/100gscs) was: cellulose 41.81 +
3.31, hemicellulose 31.00 + 2.54, lignin 17.08 £ 2.19, extractives 8.93 £ 1.16 and ash 2.53 + 0.13.

2.2 H2SOg4-catalyzed Hydrothermal Pre-treatment

Each experiment was submitted to an isothermal hold step at 40 £ 1 °C (during 15 min) in a water bath to
guarantee the same temperature distributions in the glass flask. In turn, glass flasks were loaded in a vertical
autoclave. The initial reaction time was defined when the programmed temperature was reached (121 + 1 °C).
The residence times for the reaction system were 30, 60, 90 and 150 min. After that, the vertical autoclave
was gradually depressurized to atmospheric pressure, and 99 + 1 °C, and the glass flasks were discharged in
sequence. The solid fraction was washed over a 400 mesh wire sieve with warm water at 60 °C to raise the
pH to ~6 and prepared to enzymatic digestibility. A portion of WIS fraction was used for subsequent chemical
analyses based on standard procedures (Sluiter et al., 2008, Gouveia et al., 2009).

2.3 Enzymatic digestibility

The hydrolysis of WIS fraction was carried out in 100 mL of 50 mM sodium acetate buffer (pH 4.8) at 3.0%,
consistency. Cellulase, from Trichoderma reesei ATCC 26921 (from Sigma-Aldrich, Brazil) loading was15.0
FPU cellulase/gsubstrate (wis) and the Cellobiase from Aspergillus niger Novozyme 188 (from Sigma-Aldrich,
Brazil) loading was 30.0 U B-glucosidase/gsubstrate (wis). Aliquots were taken from the reaction mixture (after O,
1, 3, 6, 12, 24, 36, 48, 60 and 72 h) and the samples were boiled during 15 min to deactivate the enzymes.
The samples were centrifuged to remove the residual insoluble materials. The sugar content was measured
by HPLC according to NREL standard method (Sluiter et al., 2006). The hydrolysis yield of the WIS fraction
was calculated using Eq(1) and (2).

total glucose in enzymatic hydrolysis><0.9><

Digestibility = 100
9 ty Total glucan in WIS M

Gy = total glucosein enzymatic hydrolysis><0.9><
ted Total glucan in SCB

100 )

2.4 MLPN model development

The main components of a MLPN are its architecture (model structure) and the training procedure. The MLPN
used in this work, consisted of three types of layers: an input layer, an output layer and one or more hidden
layers, whose numbers of neurons are N, M and K. Each layer may have a different number of neurons, which
are interconnected by adjustable parameters associated with them Eq(3).
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where w;i is the weight connecting the ith neuron in the input layer and the jth neuron in hidden layer; 6; is the
bias of the jth neuron in the hidden layer; W is the weight connecting the jth neuron in the hidden layer and
the kth neuron in the output layer. bk is the bias in the kth neuron in the output layer. f(-) and F(-) are the
activation functions of the jth neuron in the hidden layer and of the kth neuron in the output layer, respectively.

Selection of the input variables and training

In this work, after several tests, it was proposed the development of three MLPN models, one for each level of
acid concentration (A) in CHP for predicting total glucose yield (Gview) as a function of solids loading (SF), pre-
treatment reaction time (t°) and enzymatic hydrolysis time (f). In order to include the kinetic behavior in the
modeling, the MLPN training was processed using Gyies profiles. For that, an interpolation procedure was
used to fit the experimental data of Gyview With the purpose of increasing the dataset. Thus, each trial used for
training has provided 49 interpolated data points (from 10 observed points). Tests have shown that this
procedure led to good results when dynamic processes were modeled using MLPN (Rivera et al., 2010). A
representative training dataset containing 353 input/output samples was presented in a randomized sequence
to each MLPN model for the estimation of its parameters. The predictive capability of neural networks or
validation was assessed on a different sequence of experimental observations containing 176 samples.
Finally, three datasets, one for each acid concentration in CHP, were used to test the models. The standard
back propagation learning algorithm, based on a gradient descendent method implemented in FORTRAN is
employed to train each network describing Gyiers. Training was stopped after 10,000 epochs. The appropriate
number of neurons in the hidden layer was found by the cross-validation technique in order to avoid model
over-fitting and to achieve good generalization from the training dataset.

3. Results and discussion

3.1 Effects of pretreatment conditions

Figure 1 presents the cellulose, hemicellulose, lignin and ash mass yields based on solids recovery of WIS
after H2SO4-catalyzed hydrothermal pretreatment of SCB under different conditions of A, SP and t°. The
cellulose mass yield in the WIS fractions showed that a portion of the cellulose was dissolved. According to
Rocha et al. (2011), it is assumed that it corresponded to the amorphous or low-crystallinity fraction. At the
different reaction times, the amount of insoluble hemicellulose in the WIS fractions was shown to decrease as
the acid concentration rose from 1.0% w/v to 3.0% w/v, resulting in a lower percent of soluble hemicellulose
remaining in the WIS samples (lower than 12 g/100gscs). This behavior was due to degradation of the xylose
during the H2SOs-catalyzed hydrothermal pretreatment with the higher acid concentration, forming
degradation products such as furfural.
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Figure 1: Cellulose (CELL), hemicellulose (HEM), lignin (LIG) and ash mass yields based on solids recovery of

WIS after H.SO4-catalyzed hydrothermal pretreatment of SCB under different conditions of A, S” and t. The
data represent the means and standard deviations of experiments carried out in triplicate.
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3.2 Effect of high-solid loading used in the pre-treatment process on enzymatic digestibility

Previous studies have shown that high-solids loadings (>10 %) improved the efficiency of the enzymatic
hydrolysis process (Roche et al., 2009). However, in the present study it was not possible to confirm this
assumption since the efficiency of the pretreatment coupled to enzymatic hydrolysis was dependent on the
combined effect of the pretreatment conditions such as: reaction time, solids loading and acid concentration,
as well as the effect of the heterogeneous reaction catalyzed by cellulase.

In order to take these effects into account, Chen et al. (2012) studied the biomass acid loading (grams of
acid/grams of biomass) and found that this was the more dominant factor in determining biomass digestibility.
In this work, WIS fraction digestibility obtained with a solids loading of 20%, acid concentration of 1.0% w/v
and H2SO4 catalyzed hydrothermal pretreatment time of 150 min at 121 + 1°C was investigated. It was found
that the increases in grams of acid per gram of sugarcane bagasse (0.05; 0.10 and 0.15) associated with the
acid concentration used in the pretreatment (1.0, 2.0 and 3.0% w/v) significantly affected the cellulose in WIS,
reporting losses of 20.68 + 0.06 %, 33.94 + 2.48 % and 49.74 + 2.68 %.

Table 1: Effect of acid concentration (A / % w/v), solids loading (SP / %) and reaction time (t° / min) on glucan
digestibility, total glucose yield (Gyield) after 72 h of enzymatic hydrolysis. The data represent the means and
standard deviations of experiments (enzymatic hydrolysis, EH) carried out in duplicate

H2S04 acid-catalyzed hydrothermal pretreatment conditions Glucan digestibility after 72 h of EH
Al % wiv SP /% Qacid/Jdry matter 7 / min Digestibility / % Gvieid | %

Control (SCB) 1297 + 1.14 1297 + 113
1.0 10 0.10 30 4649 + 037 4424 + 0.35
1.0 20 0.05 30 50.08 + 018 4790 = 0.17
1.0 25 0.04 30 4720 £ 470 4468 + 444
1.0 10 0.10 60 6040 =+ 039 5475 =+ 0.35
1.0 20 0.05 60 5155 + 462 4707 = 422
1.0 25 0.04 60 4213 + 058 3781 + 0.52
1.0 10 0.10 90 55699 + 066 4839 z* 057
1.0 20 0.05 90 53.38 + 3.4 46.54 + 297
1.0 25 0.04 90 4490 + 3.03 3817 =+ 257
1.0 10 0.10 150 7287 + 019 5738 = 0.15
1.0 20 0.05 150 58.75 + 098 46.71 =+ 0.78
1.0 25 0.04 150 6332 + 188 4812 + 143
2.0 10 0.20 30 7204 + 055 63.75 * 049
2.0 20 0.10 30 5856 + 0.21 54.63 = 0.20
2.0 25 0.08 30 48.57 + 4.81 44.08 + 4.37
2.0 10 0.20 60 57.02 + 037 4771 £ 0.31
2.0 20 0.10 60 63.84 + 567 5549 + 493
20 25 0.08 60 61.24 =+ 0.81 5041 =+ 0.67
2.0 10 0.20 90 5042 + 0.60 3898 z+ 0.46
2.0 20 0.10 90 7056 + 445 5713 * 3.61
2.0 25 0.08 90 4791 + 322 3518 + 236
2.0 10 0.20 150 4463 + 012 2923 + 0.08
2.0 20 0.10 150 56.15 + 096 3956 =+ 0.68
2.0 25 0.08 150 5823 + 175 3563 = 1.07
3.0 10 0.30 30 5062 + 040 4460 =+ 0.35
3.0 20 0.15 30 5718 = 0.21 5019 + 0.18
3.0 25 0.12 30 4451 + 445 3858 + 3.86
3.0 10 0.30 60 56.88 + 0.37 4426 = 0.29
3.0 20 0.15 60 5135 + 463 3877 * 349
3.0 25 0.12 60 5737 = 077 4215 =+ 0.57
3.0 10 0.30 90 66.09 + 077 4505 = 0.53
3.0 20 0.15 90 59.04 + 376 3957 + 252
3.0 25 0.12 90 7204 + 472 4623 * 3.03
3.0 10 0.30 150 7400 + 019 3887 =+ 0.10
3.0 20 0.15 150 6955 + 116 35.02 = 0.59
3.0 25 0.12 150 7982 + 237 3681 * 1.09
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The WIS digestibility from sugarcane bagasse pretreated at 121 + 1°C with a solids loading of 20 % and 0.15
g of acid/g of sugarcane bagasse (69.55 + 1.16 %) was higher than those pretreated with 0.10 and 0.05 g of
acid/g of sugarcane bagasse (56.15 + 0.96 % and 58.75 + 0.98 %) as can be seen from Table 1. However, at
higher acid loading (0.15 g of acid per gram of sugarcane bagasse) the Gyieiw from enzymatic hydrolysis was
lower (35.02 + 0.59 %) than from those pretreated with 0.10 and 0.05 g of acid per g of sugarcane bagasse,
which gave values of 39.56 + 0.68% and 46.71 + 0.78 %. The increase in digestibility from 0.05 to 0.15 g of
acid per g of sugarcane bagasse was over 60 %. Nevertheless, this rise was governed by the decrease in
Gyield to below 35 %, clearly indicating that pretreatment using relatively high acid concentrations had a
significant effect on the losses of cellulose from the WIS, which is the principal supplier of the release of C6
fermentable sugars for ethanol production. The Gyview of the WIS fraction was highly dependent on the
biomass acid loading (grams of biomass per gram of sulfuric acid). Thus, the combination of acid
concentration 1.0 % w/v and solids loadings 20 — 25 % governed the effectiveness of the H2SOas-catalyzed
hydrothermal pretreatment coupled to enzymatic hydrolysis to attain a Gyiers of nearly 50 %.

3.3 MLPN model prediction

The potential of different MLPN structures with a single hidden layer for estimation of Gview was assessed for
all three models, one for each level of acid concentration (A) in CHP. The validation dataset was assembled to
evaluate the performance of the trained MLPN structures. During the validation process, the number of hidden
neurons was varied from two to twenty four, and the optimal number chosen by the cross-validation criterion
with the number of epochs fixed at 10,000 for all the structures studied.
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Figure 2: Cross-validation technique to achieve good generalization for the MLPN model, one for each level of
acid concentration.
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Figure 3: Experimental data (solid symbols) and performance of the MLPN models (solid symbols and lines)
using the test datasets.
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From Figure 2 it can be seen that the neural network with six hidden neurons for Gyiers prediction was found to
give the lowest RSD and MAE for the validation dataset, before both criteria start to oscillate. The Gyies
prediction as a function of S”, © and t was then modeled using three MLPN with 31 scalar parameters each.
The performance of the optimal MLPN models in describing the Gyier for the test datasets are depicted in
Figure 3. The models described the experimental observations accurately, as judged by the RSD and MAE.

4. Conclusions

The complex relationship between the Gyieiw and operational parameters of enzymatic hydrolysis of H2SO4-
catalyzed hydrothermally (CHP) pretreated sugarcane bagasse is not easy to identify and difficult to model
accurately by deterministic approach. However, the methodology developed in this work, based on MLPN, can
convert the correlation of these variables into a predictive mathematical model, while maximizing the amount
of experimental data that can be obtained from the process. Based on this methodology, the models
performance in describing the dynamic behavior of Gyiew during hydrolysis was assessed. The prediction by
the model using the test datasets gave acceptable performance, equivalent to those obtained for the training
and validation datasets. These models can be used to facilitate the implementation of suitable operating
strategies to achieve high operational performance of enzymatic hydrolysis.
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