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Abstract
This study used two different approaches to model changes in 
biomass composition during microwavebased pretreatment 
of switchgrass: kinetic modeling using a time-dependent rate 
coefficient, and a Mamdani-type fuzzy inference system. In 
both modeling approaches, the dielectric loss tangent of the 
alkali reagent and pretreatment time were used as predictors 
for changes in amounts of lignin, cellulose, and xylan during 
the pretreatment. Training and testing data sets for develop-
ment and validation of the models were obtained from pre-
treatment experiments conducted using 1–3% w/v NaOH (so-
dium hydroxide) and pretreatment times ranging from 5 to 20 
min. The kinetic modeling approach for lignin and xylan gave 
comparable results for training and testing data sets, and the 
differences between the predictions and experimental values 
were within 2%. The kinetic modeling approach for cellulose 
was not as effective, and the differences were within 5– 7%. 
The time-dependent rate coefficients of the kinetic models es-
timated from experimental data were consistent with the het-
erogeneity of individual biomass components. The Mamdani-
type fuzzy inference was shown to be an effective approach to 
model the pretreatment process and yielded predictions with 
less than 2% deviation from the experimental values for lig-
nin and with less than 3% deviation from the experimental 
values for cellulose and xylan. The entropies of the fuzzy out-
puts from the Mamdani-type fuzzy inference system were cal-
culated to quantify the uncertainty associated with the pre-
dictions. Results indicate that there is no significant difference 
between the entropies associated with the predictions for lig-
nin, cellulose, and xylan. It is anticipated that these models 
could be used in process simulations of bioethanol production 
from lignocellulosic materials. 

Keywords: kinetic modeling; fuzzy modeling; microwave pre-
treatment; switchgrass; bioethanol

Introduction

Lignocellulosic materials such as agricultural residues, 
forestry residues, herbaceous energy crops, and woody 
biomass are regarded as potential long-term alternative 
feedstock for bioethanol production. Switchgrass (Pani-
cum virgatum L.), a promising lignocellulosic feedstock, is 
a warm-season perennial grass native to North America. 
It exhibits high biomass yields across a wide geographic 
range, has low water and nutritional requirements and 
is suitable for marginal quality land (McLaughlin, 1993). 
Yields of 7–15 dry tons per acre have been reported in the 
literature (Parrish and Fike, 2005; Sanderson et al., 1996; 
Thomason et al., 2004). The environmental benefits as-
sociated with switchgrass include the potential for car-
bon sequestration, nutrient recovery from run-off, soil re-
mediation, and provision of habitats for grassland birds 
(Dunn et al., 1993; Keshwani and Cheng, 2009). 

As is the case with corn and other starch-containing 
materials, bioethanol production from lignocellulosic ma-
terials involves hydrolysis of carbohydrates in the bio-
mass into simple sugars that are fermented into ethanol. 
However, the nature of lignocellulosic materials reduces 
the efficiency of hydrolysis of structural carbohydrates 
in the raw biomass. Lignocellulosic materials consist of 
cellulose, hemicellulose, and lignin in a complex crystal-
line structure. This complex structure reduces accessibil-
ity of hydrolytic enzymes to the carbohydrates. As a re-
sult, a pretreatment step is required to improve efficiency 
of hydrolytic enzymes. The goals of pretreatment are to 
remove lignin and/or hemicellulose, reduce crystallinity 
of cellulose, and increase overall porosity of the biomass. 
A range of biological, chemical, physical, and physico-
chemical pretreatment methods have been explored. Sun 
and Cheng (2002) and Mosier et al. (2005) have summa-
rized the modes of actions, and the advantages and disad-
vantages associated with different pretreatment methods. 
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The use of microwave radiation is a promising approach 
to pretreatment that utilizes thermal and non-thermal ef-
fects caused by microwaves in aqueous environments. 
Several studies have reported enhanced sugar yields as a 
result of microwave-based alkali pretreatment of lignocel-
lulosic materials. For example, Zhu et al. (2005) reported a 
glucose yield of 65% and total carbohydrate conversion of 
78% from rice straw, Hu and Wen (2008) reported 70–90% 
sugar yields from switchgrass, and Keshwani et al. (2007) 
reported 80–85% sugar yields from switchgrass. 

The vibration of polar molecules and movement of 
ions in response to microwave radiation results in the 
generation of heat and extensive collisions. These thermal 
and non-thermal effects can accelerate chemical, biologi-
cal, and physical processes (Sridar, 1998). The interaction 
of microwaves with any material depends on its dielec-
tric properties: dielectric constant and dielectric loss fac-
tor. The dielectric constant is a measure of the ability of a 
material to store electromagnetic energy and the dielec-
tric loss factor is a measure of the ability of a material to 
convert electromagnetic energy into heat (Kumar et al., 
2007). Loss tangent, which is a ratio of the dielectric loss 
factor to the dielectric constant, is a parameter used to de-
scribe the overall efficiency of a material to utilize energy 
from microwave radiation (Nelson and Datta, 2001). 

Lignin acts as a barrier to the enzymes and is known 
to irreversibly adsorb cellulase enzyme molecules (Con-
verse et al., 1990; Lee et al., 1994). Therefore, the removal 
of lignin during alkali pretreatment helps to improve the 
efficiency of enzymatic hydrolysis. The separated lignin 
can be recovered from the pretreatment liquor and used 
as boiler-fuel for energy production. In the process of re-
moving lignin, carbohydrate degradation into the pre-
treatment liquor can also occur. This can significantly 
reduce the amount of fermentable sugars available for 
ethanol production. Hence, the ability to predict changes 
in biomass composition during pretreatment is an impor-
tant component of overall process simulations to evalu-
ate the economics of bioethanol production from ligno-
cellulosic feedstock. However, modeling the effects of 
pretreatment processes can be challenging because of the 
inherent variability and heterogeneity in the structure of 
lignocellulosic biomass. To date, there has been no pub-
lished work that attempts to model the effects of micro-
wave-based pretreatment. 

A review of the literature indicates that most efforts 
to model pretreatment processes have focused on dilute 
acid pretreatment. Jacobsen and Wyman (2000) reviewed 
the different approaches to model the hydrolysis of carbo-
hydrates during dilute acid pretreatment. Saeman (1945) 
described the acid hydrolysis of cellulose into glucose 
monomers and eventual degradation products using two 
consecutive first-order reactions. This model was subse-
quently improved to account for amorphous and crystal-
line regions in cellulose and potential reversible reactions 
between monomers and oligomers (Conner et al., 1985). A 
biphasic approach is commonly used to describe the dis-

solution kinetics of fast reacting and slow reacting compo-
nents of xylan during dilute acid pretreatment (Conner, 
1984). A common theme among all these kinetic models is 
a first-order dependence on the biomass component. 

Another approach to modeling the effects of pretreat-
ments was proposed by Overend and Chornet (1987) who 
developed a severity factor to predict xylan solubilization 
as a function of time and temperature in hydrothermal 
processes. Chum et al. (1990) incorporated the effect of 
chemical concentration and proposed a modified sever-
ity factor. However, this modified severity factor has seen 
only limited applications in dilute acid pretreatment (Ra-
mos, 2003). A notable exception is Silverstein et al. (2007) 
who used this factor to predict delignification during al-
kali pretreatment of lignocelluloses. Most models of del-
ignification have been in the context of pulping processes 
and include a generalized severity parameter (Montane 
et al., 1994), single phase kinetics (Kerr, 1970), multiple 
phase kinetics (Bogren et al., 2007), combined diffusion 
and kinetics (Gustafson et al., 1983), and the superposi-
tion of three first-order sub-processes representing dis-
tinct fractions of lignin (Chiang et al., 1990). 

The objective of this study was to develop models to 
predict changes in biomass composition during micro-
wavebased alkali pretreatment of switchgrass. Two dif-
ferent modeling approaches were used: kinetic modeling 
using a time-dependent rate coefficient and a Mamdani-
type fuzzy inference system. These approaches were cho-
sen as they represent two different ways of dealing with 
the inherent variability and heterogeneity in the struc-
ture of lignocellulosic biomass. While the kinetic mod-
eling approach was adapted from previously published 
work on pulping kinetics by Dang and Nguyen (2006, 
2007), the fuzzy-logic-based Mamdani inference system 
was applied for the first time to model a pretreatment 
process. In both approaches, the dielectric loss tangent 
of the alkali reagent and pretreatment time were used 
to predict the amount of biomass components remain-
ing in pretreated switchgrass relative to amounts present 
in untreated switchgrass. The inputs for the models are 
expressed as D (loss tangent) and t (pretreatment time). 
The outputs for the models are expressed as L/Li (for lig-
nin), C/Ci (for cellulose), and X/ Xi (for xylan), where L, C, 
and X represent the amount of the biomass components 
present in switchgrass during the course of the pretreat-
ment and Li, Ci, and Xi represent the amounts present ini-
tially in untreated switchgrass. While most pretreatment 
models typically use concentration of the chemical re-
agent as a predictor, in this study the dielectric loss tan-
gent was chosen as a substitute for alkali concentration 
to model microwave-based pretreatment. Prior work has 
established that the dielectric loss tangent has a strong 
correlation with alkali concentration and pretreatment 
severity (Keshwani and Cheng, 2008). It is anticipated 
that the use of dielectric properties instead of concentra-
tion would enable the models to be easily adapted for a 
different alkali reagent. 
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Modeling Aspects

Kinetic Modeling Approach 

The general form of the kinetic model used in this 
study is based on previously published work by Dang 
and Nguyen (2006, 2007), who proposed fractal-like ki-
netics to describe delignification and carbohydrate losses 
of lignocellulosic materials. Based on heterogeneous mass 
transfer considerations (Avrami, 1940) and the power 
law of the growth of reactive sites in solid-state decom-
position reactions (Bamford and Tipper, 1980), Dang and 
Nguyen (2006, 2007) derived the following expression re-
lating the amount of a component (B) in lignocellulosic 
biomass to a time-dependent rate coefficient via a first-or-
der-differential equation: 

–  dB  = (kntn–1)B                                          (1) 
                              dt

B is the amount of the component (lignin, cellulose, or xy-
lan) present in the untreated biomass, and k and n are con-
stants that are based on the nature of the heterogeneous 
material and the reaction involved. Equation (1) differs 
from commonly used first-order-kinetic models for del-
ignification and carbohydrate solubilization in the fact 
that the rate coefficient (kntn–1) is time dependent to re-
flect the heterogeneity in lignocellulosic materials (Mon-
tane et al., 1994). Previous studies typically introduce the 
effect of concentration into Equation (1). However, in this 
instance, the dimensionless dielectric loss tangent of the 
alkali reagent (D) is introduced in Equation (1) to obtain 
the general form of the model: 

– dB  = (kntn–1)DbB                               (2)
                                     dt    

At this point, an assumption is made that the alkali con-
centration remains relatively constant during the course 
of the short pretreatment times (≤ 20 min) and conse-
quently the rate of change of the dielectric constant with 
respect to time is assumed to be zero. This assumption is 
commonly used to determine pulping kinetics and is con-
sidered valid when the initial effective alkali loading (per 
gram of biomass) is high. If the dielectric loss tangent is 
assumed constant during the course of the pretreatment, 
Equation (2) can be integrated and linearized as shown 
in Equation (3). The linearization enabled the use of a re-
gression routine with experimental data to determine the 
model parameters (k, n, and b). 

ln [ –ln ( B  )] =  ln(k) + b ln(D) + n ln(t)               (3) 
                              

Bi

Mamdani-Type Fuzzy Inference System 

The second modeling approach used is a Mamdani-
type fuzzy inference system, in which a set of user-de-
fined rules maps the input space to the output space. The 

inference system was developed using the fuzzy logic 
toolbox in MATLAB (Version 2007a, Mathworks, Cam-
bridge, MA). The Mamdani-type inference system is an 
example of a fuzzy relational model where each rule is 
represented by an IF– THEN relationship between in-
puts and outputs. It is also called a linguistic model be-
cause the antecedents (inputs) and the consequents (out-
puts) are represented by fuzzy sets called membership 
functions (Babuska, 1998). As a result, it is common to see 
membership function in such models labeled in linguis-
tic terms such as low, medium, and high that represent spe-
cific regions in each dimension of the input and output 
data space. 

In general, fuzzy-logic-based models are used to deal 
with non-random uncertainty in complex systems and ex-
perimental data (Ross, 1995). This uncertainty is typically 
reflected by overlapping the membership functions in 
each dimension of the input and output space. The com-
plex structure of lignocellulosic materials and the inher-
ent variability in biomass characteristics prompted the 
use of such an approach. Examples of recent applications 
of fuzzylogic- based modeling in different areas include 
prediction of surface properties of gum and proteins 
(Samhouri et al., 2009), soil quality assessment (Torbert et 
al., 2008), and modeling of skin permeability (Keshwani 
et al., 2005, 2008; Pannier et al., 2003). To date, this ap-
proach has not been applied to model the pretreatment of 
lignocellulosic biomass. 

There are three components to a Mamdani-type fuzzy 
inference system: input membership functions, output 
membership functions, and the rule-base. The rule-base is 
used to predict outputs as a fuzzy set, which can be con-
verted into a crisp estimate via defuzzification routines. 
Depending on the values of the inputs, multiple rules 
can be activated and the outputs from each rule are ag-
gregated to form a fuzzy set representing the predicted 
output. The output fuzzy set is then defuzzified to yield 
a crisp value which can be compared to experimental val-
ues. An example of a simple Mamdani-type inference sys-
tem is shown in Figure 1, where a rule-base consisting of 
four rules is used to predict one output from two inputs. 
The inputs and output space are each defined by two 
membership functions (low and high) and the rules map 
the inputs to the output. For example, Rule 2 states that if 
Input 1 is low and Input 2 is high, then the corresponding 
output is low (Figure 1). 

Babuska (1998) and Ross (1995) provide a detailed 
description of different types of membership functions 
and defuzzification routines that are commonly used. 
In a Mamdani-type inference system, these membership 
functions and rules are defined by the modeler based on 
knowledge of the system or process being modeled. The 
knowledge is typically gained from expert opinion and/
or observations from experimental data. In this study, the 
number of membership functions for the model’s inputs 
and their location in the respective data space were based 
on the levels of these factors in the experimental design 
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used to generate the training data set. The number of 
membership functions for the outputs and their location 
were determined by clustering experimental data. First, 
subtractive clustering was used to estimate the number 
of membership functions for each output. These estimates 
were then used to cluster the output data using the Fuzzy 
C-means algorithm (FCM). Compared to subtractive clus-
tering, FCM is a relatively more sophisticated clustering 
routine that maximizes distances between cluster centers 
and minimizes distance between each point and the clus-
ter centers while maintaining the possibility that a data 
point can belong to more than one cluster. 

Once the membership functions were determined, the 
rule-base was developed manually using observations 
from the training data set. Hence, the Mamdani-type in-
ference system developed in this study can be considered 
a pseudodata driven model since experimental data was 
only used to identify the location of membership func-
tions and as a knowledge source in the manual devel-
opment of rules. Modeling using a Mamdani-type infer-
ence system has several advantages. Multiple outputs can 
be predicted using the same inference system, rules with 
same input conditions can infer different outputs with 
varying weights to reflect uncertainty in the system, and 
membership functions and rules can be easily modified to 
reflect changes in the system. 

Materials and Methods 

Biomass

Switchgrass (Performer cultivar) was obtained from 
North Carolina State University’s Central Crops Re-

search Station in Clayton, North Carolina. The feed-
stock was oven-dried, ground to pass a 2mm sieve in 
a Thomas Wiley Laboratory Mill (Model No. 4) and 
stored in sealed plastic bags at room temperature until 
use for pretreatment. 

Pretreatment

Microwave-based alkali pretreatment of switchgrass 
using NaOH as an alkali reagent was carried out in a 
general-purpose laboratory microwave oven (Panasonic 
Corporation, model NN-S954). All pretreatments in this 
study were carried out at a power level of 250Wthat was 
identified from preliminary experiments. For each pre-
treatment, slurry consisting of 5 g (dry basis) of the bio-
mass immersed in dilute NaOH solutions (solid to liquid 
ratio of 1:10) was exposed to microwave radiation for the 
desired pretreatment time. Following the pretreatment, 
the resulting biomass was washed with 200 mL of de-
ionized water to remove excess chemicals and/or other 
pretreatment byproducts. Moisture contents of the pre-
treated biomass were measured after washing and sam-
ples were stored in a sealed plastic bag at 4°C for compo-
sition analysis. Experiments were conducted in triplicate 
at NaOH concentrations ranging from 1 to 3% and pre-
treatment times ranging from 5 to 20 min. Two-thirds of 
the experimental data (12 experimental conditions) was 
used as a training data set for model development and 
the remaining one-third (6 experimental conditions) was 
used as a testing data set for model validation. 

Biomass Composition Analysis

Structural carbohydrates and lignin content in un-
treated and pretreated switchgrass were measured by a 

Figure 1. Example of a simple Mamdani-type fuzzy inference system that uses four rules to predict a single output from two inputs. 
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two-step acid hydrolysis procedure as per a standard 
protocol from the National Renewable Energy Labora-
tory (Sluiter et al., 2007). Cellulose and xylan content was 
calculated from glucose and xylose using anhydro cor-
rections of 0.90 and 0.88, respectively. Monomeric sug-
ars were measured with an HPLC using a refractive index 
detector and a Bio-Rad Aminex HPX-87P column tailored 
for separation of monosaccharides derived from lignocel-
lulosic materials. The column was operated at a flow rate 
of 0.6 mL/min and at a temperature of 80°C using HPLC 
grade water as the mobile phase. The injection volume for 
the HPLC samples was 10 mL and the sample-run time 
was 35 min with a postrun time of 25 min. 

Measurement of Dielectric Properties 

Dielectric properties of NaOH were measured using an 
open-ended coaxial dielectric probe (Model HP 85070B, 
Agilent Technologies, Palo Alto, CA) connected to a net-
work analyzer (Model HP 8753C, Agilent Technologies) 
based on a previously reported procedure (Kumar et al., 
2007). All measurements were made in triplicate. The so-
lutions were placed in a cylindrical vessel fitted with a di-
electric probe and temperature probe and sealed using a 
tri-clamp fitting. The vessel was heated to desired tem-
peratures using an oil bath (Model RTE111, Neslan In-
struments Inc., Newington, NH). The network analyzer 
was programmed to record dielectric properties for fre-
quencies ranging from 200 to 3,000 MHz when a desired 
temperature was reached. 

Analysis of Models 

The performance of the models was evaluated using R2
 

values from the regression line fitting experimental val-
ues from training and testing data to values predicted by 
the model, and root mean square errors (RMSE) associ-
ated with the predictions of training and testing data. The 
Shapiro–Wilk test of normality was applied to predic-
tion residuals obtained when the models were applied to 
training and testing data. This was done to confirm that 
the models are not significantly over or under-predicting 
the outputs and that the residuals are samples from a nor-
mal distribution. This test has been determined to be ro-
bust for small datasets (Shapiro and Wilk, 1965). The null 
hypothesis that the residuals are normally distributed is 
not rejected if the Shapiro–Wilk test statistic is close to 1 
and the associated P-value is greater than a predefined al-
pha level (0.05). 

A sensitivity analysis on the parameters of the kinetic 
models was conducted by calculating absolute value of 
the relative sensitivity index at 10 randomly chosen data 
points. The relative sensitivity index (RS) is defined as the 
ratio of the relative normalized change in a model’s out-
put to the relative normalized change of a specific param-
eter (Turanyi and Rabitz, 2000). RS can be calculated using 
Equation (4), in which O refers to the model output and P 

refers to the parameter of interest. 

RS =  P  ΔO                                                  (4) 
                                     O  ΔP

While the predicted output of the Mamdani-type infer-
ence system can be defuzzified to yield a crisp value for 
comparison with experimental data, the uncertainty asso-
ciated with the aggregate fuzzy output can be quantified 
by calculating its entropy. The entropy of a fuzzy set (E) 
can be quantified in terms of a lack of distinction between 
a fuzzy set and its complement (Hung, 2003) and is calcu-
lated as follows: 

                                                             N
E = 1 – 1  ∑ |2μi – 1|                                   (5) 

                                     N i=1

In Equation (5), N is the number of points that define the 
set and μi is the membership value of each point that de-
fines the set. The entropy value can range from 0 to 1 de-
pending on the degree of fuzziness associated with the 
set. A crisp value (not a fuzzy set) will have an entropy of 
0 and a fuzzy set in which all points have the same mem-
bership value will have an entropy of 1. The entropies of 
the fuzzy outputs from the Mamdani-type inference sys-
tem was calculated using Equation (5) to compare the 
level of uncertainty associated with the predictions for 
lignin, cellulose, and xylan. 

Results and Discussion

Kinetic Model

The parameters (k, n, and b) of the models for lignin, 
cellulose, and xylan estimated from the training data set 
are shown in Table I. The P-values in each case were very 
low (< 10–4) indicating a high degree of confidence in the 
estimates of these parameters. The results of the sensitiv-
ity analysis (Table II) indicate that the models for all bio-
mass components were most sensitive to changes in the 
values of k and n. These findings are consistent with those 
of Dang and Nguyen (2006) who used this modeling ap-
proach to predict changes in lignin content during alka-
line pulping and reported that model predictions were 
highly sensitive to a change in the value of n but not to a 
change in the value of b. 

Of particular interest is the value of n, which dictates 
the time dependency of the overall rate coefficient for 
each biomass component. Figure 2 shows the behavior 
of the overall rate coefficients (kntn–1) over the course of 
the pretreatment. If the value of n is close to 1 (observed 
for cellulose), then the rate coefficient does not vary sig-
nificantly over time. As the value of n moves away from 
1 (xylan followed by lignin), the rate coefficient will ex-
hibit significant variability over time. According to Mon-
tane et al. (1994), the use of time-dependent rate coeffi-
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cients reflects a physical situation in which the reacting 
substrate is composed of many chemical species of simi-
lar nature but with different reaction rates. Hence, the es-
timated values of n should be consistent with the nature 
of the biomass components. Cellulose is a homopolymer, 
consisting of only glucose and hence the rate coefficient 
for cellulose loss should not vary over time. Although xy-
lan is primarily made up of xylose, it is associated with 
other minor carbohydrates and acetyl groups resulting in 
a random interlinked structure. Therefore, the variability 
in its rate coefficient shown in Figure 2 is reasonable. Lig-
nin is a complex polymer consisting of numerous types of 
phenolic sub-structures that are interlinked via random 
ether and carbon–carbon linkages. Hence, it is reasonable 
to expect that the rate coefficient would vary significantly 
over time. 

The R2
 and RMSE values for the training and testing 

data sets for the kinetic models for lignin, cellulose, and 
xylan are shown in Table III. The training- R2

 values for 
lignin, cellulose, and xylan were 0.95, 0.87, and 0.98, re-
spectively, and the corresponding training-RMSE values 
were 0.016, 0.051, and 0.019. Note that the RMSE values 
for cellulose are significantly higher than those for lig-
nin and xylan. The testing- R2

 and testing-RMSE values 
for lignin and xylan obtained for the testing data set are 
comparable to those obtained for the training data set. 
However, for cellulose, the R2

 reduces to 0.81 and RMSE 
increases to 0.067 for the testing data set. For all biomass 
components, the Shapiro–Wilk test statistic for the predic-
tion residuals was > 0.9 and was significant at an alpha 
level of 0.05. 

These results indicate that the kinetic modeling ap-
proach provides a good representation of the changes in 
lignin and xylan content with predictions that had less 
than 2% deviations from the experimental values. How-
ever, the modeling approach is less accurate for cellu-
lose. Dang and Nguyen (2006) reported similar findings  

 
 
 
 
 
 
 
 
 
 
when this modeling approach was used to model the ki-
netics of alkaline pulping of hemp wood core. The study 
reported R2

 values of 0.95 for delignification, 0.97 for xy-
lan loss, and 0.80 for cellulose loss and noted that vari-
ation in the ratio of crystalline and non-crystalline cellu-
lose components in test samples could affect the accuracy 
of the model. 

Mamdani-Type Fuzzy Inference System 

The Mamdani-type fuzzy inference system was de-
veloped using the fuzzy logic toolbox in MATLAB. The 
membership functions for the inputs (shown in Figure 
3) were based on their levels in the experimental design 
used to collect the training data set. The membership 
functions for the outputs (shown in Figure 4) were de-
rived using subtractive and FCM clustering of the train-
ing data set. Using information from the training data set, 
a rule-base consisting of 32 rules was developed to define 
the relationships between the input and output member-
ship functions. A verbal representation of these rules is 
shown in Table IV. 

The inference system was applied to the training and 
testing data sets and the corresponding R2

 and RMSE val-
ues are shown in Table III. The training- R2

 values for lig-
nin, cellulose, and xylan were 0.95, 0.96, and 0.98, respec-
tively, and the corresponding training-RMSE values were 
0.014, 0.021, and 0.018. For all biomass components, the 

Table I. Parameter values for the kinetic modeling approach 
(Equation 1) for each biomass component. 

Model  k  n  b 

Lignin (L/Li)  0.499  0.188  0.31 
Cellulose (C/Ci)  0.011  0.874  1.03 
Xylan (X/Xi)  0.073  0.815  0.49 

Table II. Absolute values of relative sensitivity indices (RS) for 
± 10% change in estimated values for kinetic model parame-
ters shown in Table I. 

                                               k                        n                       b 
Model   +10%  –10%  +10%  –10%  +10%  –10% 

Lignin (L/Li)  0.413  0.428  0.497  0.469  0.074  0.074 
Cellulose (C/Ci)  0.342  0.326  0.387  0.473  0.056  0.059 
Xylan (X/Xi)  0.315  0.304  0.337  0.365  0.106  0.107 

Table III. R2 and RMSE values for the kinetic and fuzzy mod-
els applied to training and testing data sets. 

                                               Training data set    Testing data set 
Modeling approach         R2       RMSE          R2    RMSE 

Kinetic modeling 
   Lignin (L/Li)  0.95  0.016  0.95  0.018 
   Cellulose (C/Ci)  0.87  0.051  0.81  0.067 
   Xylan (X/Xi)  0.98  0.019  0.98  0.022 
Fuzzy inference system 
   Lignin (L/Li)  0.95  0.014  0.94  0.013 
   Cellulose (C/Ci)  0.96  0.021  0.87  0.028 
   Xylan (X/Xi)  0.98  0.018  0.95  0.022 

Figure 2. Behavior of rate coefficients for the kinetic models over the 
course of the pretreatment. 
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RMSE values for the testing data set are comparable to 
those obtained for the training data set and the Shapiro–
Wilk test statistic for the prediction residuals was > 0.9 
and was significant at an alpha level of 0.05. 

From Table III, it should be noted that the RMSE 
value for the prediction of cellulose content for the test-
ing data set using the fuzzy inference system is consider-
ably lower than that obtained for the kinetic model (0.028 
vs. 0.067). It could be inferred that the uncertainty associ-
ated with the crystalline/amorphous nature of cellulose 
is being captured by using overlapping fuzzy sets to de-
fine the input and output space. The overall consistency 
in predictions with training and testing data sets for the 
Mamdani-type inference system is not surprising since 
the relationship between the outputs and inputs (i.e., the 
rule-base) was manually developed and is therefore not 
prone to overfitting caused by data regression. It should 
be noted that the development of the inference system 
can be an iterative process based on the extent of familiar-
ity with the system being modeled. 

The entropy is indicative of the uncertainty associated 
with the predicted fuzzy output of a Mamdani-type fuzzy 
inference system. The significance of entropy values is ev-
ident from Figure 5 that shows the aggregate fuzzy out-
puts for the prediction of C/Ci at two data points. In case 
1, which has an entropy value of 0.25, the fuzzy output 
has a well-defined peak implying a lower degree of un-
certainty in the prediction. In contrast, case 2 has a higher 
entropy value (0.54) and the output does not have a well-
defined peak. The entropy values of the aggregate fuzzy 
outputs were calculated for predictions at all experimental  

 
 
 
 
 
 
 
 
 
 
data points and are reported in Table V along with their 
standard deviations. Statistical analysis did not point to 
any significant differences between the distributions of en-
tropy values for lignin, cellulose, and xylan. This result is 
reasonable given that the entropy values quantify the un-
certainty associated with the fuzzy outputs predicted by 
the inference system. The predictions have been made 
using the rule-base developed for the inference system. 
Hence, the entropy values represent the level of uncer-
tainty of the knowledge source used to develop the rule-
base. Given that the knowledge source for the rule-base 
is the same experimental data set for all three biomass 
components, it is reasonable that all three model outputs 
would have similar entropy values. 

Conclusions

This study examined two different approaches to 
model changes in biomass composition during micro-
wave-based alkali pretreatment of switchgrass: kinetic 
modeling using a time-dependent rate coefficient and a 

Figure 3. Membership functions for the inputs of the Mamdani-type 
fuzzy inference system. 

Figure 4. Membership functions for the outputs of the Mamdani-type 
fuzzy inference system. 
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Mamdani-type fuzzy inference system. The kinetic mod-
els for lignin and xylan yielded comparable R2

 and RMSE 
values for both training and testing data sets and predic-
tions had less than 2% deviations from the experimental  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

values. The kinetic model for cellulose was not as accu-
rate, and the results had 5–7% deviations from the exper-
imental values. The behavior of the time-dependent rate 
coefficients of the kinetic model estimated from experi-
mental data were consistent with the heterogeneity (or 
lack thereof) of individual biomass components. While 
the kinetic modeling approach is based on previously 
published work, the Mamdani-type fuzzy inference sys-
tem was applied for the first time to model the effects of a 
pretreatment process. Based on the results, a distinguish-
ing feature of the Mamdani-type inference system is the 
consistency in predictions using training and testing data 
sets for all biomass components. The predictions for lignin  
 
 
 
 
 
 
 
 

Table IV. Rule-base for the Mamdani-type fuzzy inference system. 

                  Input conditions                                                         Corresponding outputs

D  t  L/Li  C/Ci  X/Xi  Rule weight

Low  Low  Very high  Very high  Very high  1.0
Low  Medium  —  High  Very high  1.0
Low  Medium  High  —  —  0.4
Low  Medium  Very high  —  —  0.6
Low  High  High  Medium  —  1.0
Low  High  —  —  High  0.6
Low  High    Very high  0.4
Low  Very high  —  Low  —  1.0
Low  Very high  Low  —  Medium  0.5
Low  Very high  Medium  —  High  0.5
Medium  Low  —  —  High  1.0
Medium  Low  Very high  High  —  0.8
Medium  Low  High  Very high  —  0.2
Medium  Medium  High  High  —  1.0
Medium  Medium  —  —  Medium  0.7
Medium  Medium  —  —  High  0.3
Medium  High  Medium  Low  —  1.0
Medium  High  —  —  Low  0.3
Medium  High  —  —  Medium  0.7
Medium  Very high  Low  —  —  1.0
Medium  Very high  —  Very low  Low  0.8
Medium  Very high  —  Low  Medium  0.2
High  Low  High  —  Medium  1.0
High  Low  —  Low  —  0.5
High  Low  —  Medium  —  0.5
High  Medium  Medium  —  Low  1.0
High  Medium  —  Very low  —  0.8
High  Medium  —  Low —  0.2
High  High  Low  Very low  —  1.0
High  High  —  —  Very low  0.7
High  High  —  —  Low  0.3
High  High  Very low  Very low  Very low  1.0

Figure 5. Aggregate fuzzy outputs of C/Ci from the Mamdani-type in-
ference system evaluated at two different data points indicating the 
relevance of entropy values. 

Table V. Average entropy (E) values for aggregate fuzzy out-
puts from the Mamdani-type fuzzy inference system (stan-
dard deviations are in parentheses). 

Model output  Average entropy (E) 

Lignin (L/Li)  0.353  (0.101) 
Cellulose (C/Ci)  0.360  (0.126) 
Xylan (X/Xi)  0.370  (0.110) 
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were within 2% deviation from the experimental values 
and predictions for cellulose and xylan were within 3% 
deviation from the experimental values. 

While both modeling approaches were able to accu-
rately predict changes in lignin and xylan content during 
the pretreatment, only the fuzzy inference system accu-
rately predicted changes in cellulose content. It is con-
ceivable that first-order dependence in the kinetic model 
is not appropriate for cellulose since crystalline and 
amorphous regions could be reacting differently during 
the pretreatment as noted by Dang and Nguyen (2006). 
However, the constant rate coefficient for cellulose over 
the course of the pretreatment seems to indicate other-
wise. In addition to a better performance for cellulose, it 
would be easier to adapt the fuzzy inference system to ac-
count for changes in the process such as a different bio-
mass or different alkali or the addition of an output such 
as changes in cellulose crystallinity. As long as some 
qualitative knowledge about these changes is available, 
the membership functions and rule-base can be manually 
modified and limited experimental data would suffice for 
validation. However, adapting the kinetic model to such 
changes would necessitate new experimental data to esti-
mate the model parameters in addition to validation data.  

Changes in biomass composition have economic con-
sequences on bioethanol production from lignocellulosic 
materials as they directly impact the amount of lignin 
available for recovery as a boiler-fuel and the amount of 
carbohydrates available for hydrolysis and fermentation 
into ethanol. Hence, the ability of these models to predict 
changes in biomass composition makes them useful tools 
for process simulations and economic assessments of bio-
ethanol production from lignocellulosic materials. 
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