
ABSTRACT 

REDDING, ARTHUR.  An Assessment of the Dilute Acid Pretreatment of Coastal 
Bermudagrass for Bioethanol Production. (Under the direction of Jay J. Cheng). 
 

          There is a clear interest domestically to examine alternative liquid fuels which are 

more sustainable and environmentally friendly than gasoline.  Bioethanol is a leading 

candidate for this replacement, but limitations exist on current starch based production.  As a 

result, lignocellulosics are being examined.  Lignocellulosics require a pretreatment step to 

degrade the biomass enough to allow enzymes to access to the carbohydrates.  Dilute acid 

pretreatment has been demonstrated across many lignocellulosic feedstocks as a leading 

method compared to other pretreatment options.   

          Coastal bermudagrass was identified as a promising lignocellulosic feedstock for 

bioethanol production. It is well suited for the Southeastern United States where it is 

currently grown for nutrient management in concentrated animal farming operations and as a 

source of hay.  In a full factorial experimental design, dilute sulfuric acid pretreatment was 

used to pretreat coastal bermudagrass at 120, 140, 160, and 180ºC using 0.3, 0.6, 0.9, and 

1.2% w/w sulfuric acid over residence times of 5, 15, 30, and 60 minutes.  After enzymatic 

hydrolysis, the highest yield of total sugars (combined xylose and glucose) was 97%, which 

was shared by the pretreatment condition combinations of 0.9% acid at 160ºC for 15 minutes 

and 1.2% acid at 160ºC for 5 minutes.  The prehydrolyzate liquor was analyzed for inhibitory 

compounds (furfural, hydroxymethylfurfural (HMF)) in order to assess potential risk for 

inhibition during fermentation.  Accounting for the inhibitory compounds, a pretreatment 

with 1.2% acid at 140ºC for 30 minutes with a total sugar yield of 94% o r0.9% acid at 160 

ºC for five minutes with a total sugar yield of 91%  may be more favorable for fermentation 



because furfural levels remain under the inhibitory threshold concentration of 1 g/L.  

Additionally, due to significant interactions between factors, there are likely optimal 

pretreatment condition combinations possible other than those found experimentally. 

         Both kinetic and multiple linear regression (MLR) models have been developed in 

other studies to describe dilute acid pretreatment, however no study has yet applied an 

artificial neural network (ANN).  In this study, the utility of an ANN was assessed for 

modeling the dilute acid pretreatment of coastal bermudagrass using statistics that quantified 

the error between the predicted data and actual data and through a comparison with an MLR 

model.  The statistics used were the coefficient of determination (R2), the root mean squared 

error (RMSE), and the root percent deviation (RPD).  A standard 2nd-order polynomial 

multiple linear regression (MLR) model was developed for comparison with the ANN model.  

Time (minutes), acid concentration (% w/w), and temperature (ºC) were input into the 

models to generate xylose in the prehydrolyzate (PreH), glucose in the PreH, furfural in the 

PreH, HMF in the PreH, xylose in the enzymatic hydrolyzate (EH), and glucose in the EH.  It 

was found that the two types of models predicted most of the outputs closely with the 

exception of the xylose in the PreH, which the ANN predicted more accurately.  An ANN 

model with six hidden layer neurons was found to be the best overall model and confirmed 

the utility of utilizing ANN modeling in the area of biomass pretreatment. 
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CHAPTER 1 

  
THE DILUTE ACID PRETREATMENT OF LIGNOCELLULOSIC BIOMASS  

FOR THE PRODUCTION OF BIOETHANOL: A REVIEW 
 

1.1 ABSTRACT 

          There is a clear interest domestically to examine alternative liquid fuels which are 

more sustainable and environmentally friendly than gasoline.  Bioethanol is a leading 

candidate for this replacement, but limitations exist on current starch based production.  As a 

result, lignocellulosics are being examined.  Lignocellulosics require a pretreatment step to 

degrade the biomass enough to allow enzymes to access to the carbohydrates.  Dilute acid 

pretreatment alone and combined with steam explosion has been demonstrated across many 

lignocellulosic feedstocks as a leading method compared to other pretreatment options.  

However, because dilute acid has a tendency to generate compounds inhibitory to 

fermentation, care in analysis and process design must be taken to limit the creation and 

effects of those compounds.  Although kinetic and regression models have been used in the 

past to assist in finding optimal process conditions, it is possible that neural networks could 

offer even further and easier generalization and prediction across unit operations and even 

feedstocks. 

 

1.2 BACKGROUND 

          Liquid fuels made up 40 quadrillion Btu (40%) of the total energy consumed in the 

United States (U.S.) in 2007.  Consumption of liquid fuel for the transportation sector in 

2007 was 27.5 quadrillion Btu, 68% of the total liquid fuel consumption in the U.S., and is 
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projected to increase to 30.3 quadrillion Btu (73%) by 2030.  During the same period of time, 

it is projected that domestic oil production will increase from 5.1 to about 7 million barrels a 

day while the consumption of liquid fuel for transportation will increase from 14.3 to 15.8 

million barrels a day (EIA, 2009).  In 2007, gasoline made up 65% of liquid transportation 

fuel use and for every 100 barrels of crude oil only about 47 barrels of gasoline are produced.  

If all 5.1 million barrels a day produced domestically were used to make gasoline it would 

only result in 2.4 million barrels a day of gasoline leaving a shortfall of 6.9 million barrels a 

day in demand.  This gap between the domestic oil available for refinement into liquid fuels 

and the domestic demand for liquid fuels in the transportation sector is left to be filled by 

imported oil.  Unfortunately, world demand for oil has grown over the last 20 years and is 

projected to continue to grow through the next 20 years.  This is causing the price of oil to 

climb at increasing rate.  It is projected that the price will increase by 25% from January 

2009 to January 2011 (EIA, 2009).  Given that oil production has already peaked 

domestically and is expected to peak worldwide within the next one to five decades, it is 

understood that the supply is limited.  The price is only expected to increase further as a 

result of limited supply. 

          There are also environmental implications to using petroleum derived fuels.  Oil is the 

result of natural processes converting organic matter (sequestered carbon) deposited millions 

of years ago and therefore burning oil releases carbon into the atmosphere which had been 

removed from the contemporary carbon cycle.  Without a counterbalance, this carbon in the 

form of gasses builds up and has been linked to a variety of environmental impacts including 

increasing acidity in the oceans, melting of polar ice, and higher average temperatures 
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globally (IPCC, 2001).  In 2007, 23% of the total carbon dioxide emitted by the US came 

from burning liquid fuels in the transportation sector (EIA, 2009).  Using biological sources 

to produce fuels minimizes the global warming impact by creating a cycle where the carbon 

released while burning the fuel is equal to the carbon taken in by the next generation of 

biofuel crop (Difiglio, 1997).   

 

1.3 POTENTIAL GASOLINE REPLACEMENTS           

          The liquid transportation fuel replacement candidates with the most potential include 

biomethanol, biobutanol, and bioethanol where the 'bio' prefix establishes these fuels are 

produced from a biomass source.   

 

1.3.1 Biomethanol   

          Biomethanol is a one carbon alcohol historically generated as a byproduct of the 

conversion of wood into charcoal, earning it the nickname 'wood alcohol'.  Currently, 

biomethanol is produced from biomass through a gasification process to generate synthesis 

gas followed by a reaction in the presence of a catalyst to produce methanol, however this 

process is not economically feasible.  Additionally, methanol mixes well with water, is toxic 

to humans through ingestion and skin absorption, and it burns with an invisible flame making 

it potentially hazardous in comparison to other bio-alcohols (Demirbas, 2007).   
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1.3.2 Biobutanol  

          Biobutanol is a four carbon alcohol that is a metabolic product a number of 

microorganisms.  Historically, industrial production has utilized Clostridium acetobutylicum 

because a starch feedstock could be used to produce acetone, butanol, and ethanol in a ratio 

of 3:6:1 with acetone being the primary product of interest initially (Antoni, 2007).  

Biobutanol has a number of advantages that make it an ideal gasoline replacement including 

energy content similar to gasoline, it can be used pure or as a mixture with gasoline in 

unmodified engines, and it separates from water (Durre, 2007).  Some disadvantages 

researchers are currently trying to address are low limits of butanol tolerance in the 

production organisms, expensive downstream processing to separate the butanol from 

metabolic co-products, and the ability to use cellulosic feedstocks instead of starches (Ezeji 

et al., 2005; Antoni et al., 2007).   

 

1.3.3 Bioethanol  

          Bioethanol is two carbon alcohol most notably generated from the six carbon sugar 

glucose by the yeast Saccharomyces cerevisiae as metabolic product.  Five carbon sugars, 

like xylose, can also be converted to ethanol by genetically modified yeast strains and certain 

bacteria (Krishnan et al., 1999; van Maris, 2007; Zhang et al., 1995).  Additionally, synthesis 

gas (syngas), a mixture of hydrogen, carbon monoxide, and carbon dioxide, generated from 

gasifying biomass can be converted to ethanol either through fermentation using bacteria or 

by chemical reaction using a catalyst (Henstra et al., 2007; Galvita et al., 2001).  As a 

combustion fuel, ethanol burns cleaner than gasoline and when blended with gasoline it 
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provides oxygen, which aids in a more complete combustion.  Because of these aspects, 

ethanol has been used as a gasoline additive (10% ethanol v/v) in the U.S. rather than the 

more toxic chemical fossil fuel derived methyl tertiary butyl ether (MTBE) (Browner, 2000).  

The main disadvantages to using ethanol are that it is hygroscopic and has about 66% of the 

energy as the same volume of gasoline.  Despite this lack of comparable energy density, 

ethanol can still transport a vehicle 80% of the distance an equal volume of gasoline would 

be able to transport thanks to efficiency gains from more complete combustion (Lynd et al. 

1991).  In the end, the combination of a large scale production technology that is more 

mature than the alternative bio-alcohols, surmountable disadvantages, and the current use in 

domestic gasoline blends  makes bioethanol the ideal candidate for a near term gasoline 

replacement.  

 

1.4 FEEDSTOCK OPTIONS FOR BIOETHANOL PRODUCTION 

          As described above, bioethanol can be generated from syngas or from sugars.  While 

syngas production provides the luxury of being nearly feedstock independent, the process 

currently has many issues keeping it from economic production with current technology 

(Lewis et al., 2008).  This leaves bioethanol production from sugars.  In general, there are 

three major sources of sugars which each require different process steps to first convert them 

into fermentable sugars and then into bioethanol.   
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1.4.1 Sugar Feedstocks 

          The simplest option is to just use sugar.  Example feedstocks are sugar cane, sweet 

sorgum, and sugar beets.  Sugars from these sources are already available in a fermentable 

state and as a result only mechanical processing is necessary to extract the sugars for 

fermentation by yeast.  Brazil uses this platform very successfully and by coupling this 

technology with the appropriate infrastructure, Brazil is able to offer up to 100% ethanol 

fuels as a gasoline replacement inexpensively.  There are some parts of the U.S. that can use 

sugar feedstocks for ethanol production, but the wider adoption of this sugar source is largely 

limited by climate constraints.  Because of this, sugar feedstocks will not be able to meet the 

full requirements of gasoline replacement by bioethanol domestically. 

 

1.4.2 Starch Feedstocks 

          Starch is a polymer of glucose molecules connected by α-1-4 and α -1-6 glycosidic 

bonds.  This configuration makes the polymer appear like a set of stairs with each step a 

glucose molecule.  This type of bonding between glucose molecules makes it easier for 

enzymes (amylases) to access and break these bonds.  Therefore, starches are an ideal 

feedstock because after mechanical processing starches can be saccharified in a mixture of 

hot water and amylases.  Examples of major starch feedstocks include food crops like barley, 

corn, potatoes, rice and wheat depending on locale.  In the U.S. corn is currently the leading 

source for producing bioethanol (Solomon et al., 2007).   

          Although corn is easy to convert into bioethanol, there are limitations associated with 

using it that will keep it from being able to supply enough bioethanol to replace gasoline.  
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One of the most obvious problems with corn and many other starch sources is that they 

compete as food.  This can negatively impact corresponding markets with inflated prices of 

the feedstock (Cohen, 2008).  Another issue concerns the central locations where feedstocks 

are produced.  In the case of corn in the U.S., the majority of production occurs in the central 

part of the country requiring transportation of the fuel to the coasts.  Since ethanol is 

hygroscopic, it cannot be transported by pipeline like oil and must be transported by a more 

costly method in tankers (Wakeley et al., 2008).  Corn also requires arable land and a 

significant amount of nitrogen to grow.  Nitrogen fertilizer is produced using large amounts 

of natural gas and often much of the nitrogen in fertilizer is lost through run-off and 

volatilization nullifying much of the environmental benefit (Balkcom, 2003; Randall, 2003).  

Overall, corn is a good short-term source for bioethanol production, but it barely addresses 

environmental concerns and it will not be able to meet the supply requirements to replace 

gasoline alone.   

 

1.4.3 Lignocellulosic Feedstocks 

          Lignocellulosic feedstocks offer a possible solution to the constraints faced with the 

sugar and starch feedstocks.  Lignocellulose is the shorthand term for any biomass containing 

the three polymers hemicellulose, cellulose, and lignin.  Hemicellulose is mostly made up by 

a backbone of the five carbon sugar xylose with side chains of other five and six carbon 

sugars like arabinose, glucose, and galactose.  Cellulose is, like starch, a polymer of glucose 

molecules except that in cellulose the glucose bonds are β-1-4 glycosidic bonds.  This means 

that instead of stairs, cellulose appears to be a straight line making it much more stable 
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(crystalline) and more difficult to degrade into glucose monomers.  Lignin is a polymer made 

up of a variety of aromatic subunits and in a plant the general purpose of lignin is to prevent 

access to the structural carbohydrates (cellulose and hemicellulose) of the plant.  Figure 1.1 

below contains a simplified schematic of how lignin, hemicellulose, and cellulose are 

organized in lignocellulosic biomass.  Example lignocellulosic feedstocks include 

agricultural, food processing and municipal wastes, perennial grasses, and woody biomass 

(Tan et al., 2008).   

 

 

Figure 1.1  Organization of lignocellulosic biomass adapted from Mosier et al. (2005) 

 

          Most of the benefits attributed to lignocellulosic biomass are a result of the feedstock 

options.  Lignocellulosic biomass is nearly ubiquitous on earth.  This opens the possibility of 

local bioethanol production, which could keep costs to transport the fuel low.  Additionally, 

many of the potential feedstocks are wastes or low-input crops that can be grown on marginal 
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lands.  This keeps the feedstock prices much lower than corn and avoids fertilizer related 

environmental impacts.  Since lignocellulosic feedstocks are not food resources nor do they 

require land used to grow food, there is no risk that either food or lignocellulosic feedstock 

prices will increase from competition.   

          The reason that lignocellulosic materials are not being widely used currently is because 

there are few barriers to using these feedstocks for bioethanol production.  One barrier is that 

the enzymes (cellulases) needed to break down cellulose into glucose monomers are much 

more expensive than the amylases used to break down starches.  The Department of Energy 

(DOE) funded four private companies in 2008 as part of a project to lower the price of 

cellulases per gallon of ethanol.  While some decrease in the price was achieved previously, 

research into further lowering the price as well as alternative cellulase sources is still being 

pursued (DOE, 2008; Kumar et al., 2008).  Another barrier is that the xylose component of 

the biomass is not fermentable using the same microorganism (Saccharomyces cerevisiae) 

used in current starch based ethanol production.  Because hemicellulose can make up as 

much as 80% (w/w) of the biomass, fermenting the xylose can be important for making 

bioethanol production from lignocellulosic biomass economically feasible (Sun and Cheng, 

2002).  Research has yielded some gains in this area through the development of yeast and 

bacteria genetically altered to ferment xylose in addition to the application of some naturally 

occurring strains (Krishnan et al., 1999; van Maris, 2007; Zhang et al., 1995).  The largest 

barrier keeping lignocellulosic biomass from being a feasible bioethanol feedstock is the 

recalcitrant nature of the biomass to grant access to the cellulose and hemicellulose 

components.  A process step referred to as 'pretreatment' is required to disrupt the biomass 
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structure to make it accessible to hydrolysis by cellulases in order to release fermentable 

monomeric sugars the yeast or bacteria can use. 

 

1.5 PRETREATMENT OPTIONS FOR LIGNOCELLULOSIC BIOMASS 

          Pretreatment, enzymatic hydrolysis, and fermentation are the three areas receiving the 

most attention through research as alluded to above.  Of these, pretreatment is of significant 

importance because as a process step, it is upstream of both enzymatic hydrolysis and 

fermentation.  A good pretreatment will disrupt the biomass enough to allow for the 

maximum hydrolysis of both the hemicellulose and cellulose components into monomeric 

sugars with minimal generation of enzymatic hydrolysis and fermentation inhibitors (Hu et 

al., 2008).  The most often studied pretreatment technologies fall into four main categories 

which include physical pretreatments, chemical pretreatments, physio-chemical 

(combination) pretreatments, and biological pretreatments (Sun and Cheng, 2002).   

 

1.5.1 Physical Pretreatments 

          Physical pretreatments include various methods of mechanical alteration like hammer 

and ball mills (Millet et al., 1976).  Mechanical alteration is the action of grinding or 

chipping materials into smaller pieces which, in the case of lignocellulosic biomass, disrupts 

the biomass structure and increases surface area.  The smallest particles are the most 

susceptible to enzymatic hydrolysis and although small particle sizes are achievable, the 

amount of energy increases greatly as the size of particles decreases.  As a result, physical 

pretreatment alone is not economically feasible at larger scales (Galbe and Zacchi, 2007).   
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1.5.2 Chemical Pretreatments 

          Chemical pretreatments involve using alkali reagents, dilute acids, peroxide, organic 

solvents, or ozone to disrupt the structure of lignocellulosic biomass (Sun and Cheng, 2002).  

The alkaline reagents most often used in pretreatment applications are sodium hydroxide and 

calcium hydroxide (lime).  The major mechanism of alkaline pretreatments is the 

saponification of the ester bonds between lignin and hemicellulose leading to the 

delignification of the biomass (Tarkow and Feist, 1969).  Lime pretreatments can potentially 

lower costs because disruption of biomass structure can occur at or near ambient 

temperatures, however these reactions require residence times on the order of hours to days 

(Mosier et al., 2005; Playne, 1984).  Dilute acid acts to hydrolyze hemicellulose out of the 

solid biomass.  Although dilute acid pretreatment greatly increases the success of enzymatic 

hydrolysis, disadvantages include the formation of inhibitory compounds, expensive 

equipment made from stainless steel to resist corrosion and downstream neutralization of the 

acid prior to fermentation because a low pH is inhibitory to the growth of yeast and other 

microorganisms (Mosier et al., 2005; Sun and Cheng, 2002).  Dilute peroxide can be used to 

disrupt lignin and hemicellulose bonds resulting in the removal of hemicellulose from the 

solid biomass at near ambient conditions.  This improves resulting glucose yields from 

enzymatic hydrolysis to above 90%, but only after at least 8 hours of pretreatment time at 

30ºC  (Azzam, 1989).  Organic solvents, like methanol, ethanol, or acetone can be coupled 

with an acid to disrupt the lignin and hemicellulose bonding in biomass.  These solvents and 

acids need to be removed to allow for further downstream processing and should be 

recovered for economical benefit (Galbe and Zacchi, 2007).  Ozone, like lime, can also be 

 11



used to affect lignin and hemicellulose bonding at ambient conditions.  However, the amount 

of ozone required to significantly treat the biomass is not cost effective (Sun and Cheng, 

2002).   

 

1.5.3 Physio-Chemical Pretreatments 

          Combinations of physical and chemical pretreatments have also been investigated with 

typical examples being steam explosion, ammonia fiber explosion (AFEX), and carbon 

dioxide explosion.  The general idea shared by each of these variations is a pressurization and 

heating of the biomass, forcing an intermediate into the structure, followed by a rapid 

depressurization to ambient pressure, which causes the biomass structure to explode (Sun and 

Cheng, 2002; Galbe and Zacchi, 2007).  Steam has the added effect of heat which promotes 

autohydrolysis, or the formation of organic acids from the biomass, which then help to break 

up the structure of the biomass through the removal of hemicellulose.  Dilute acid has also 

been coupled with steam explosion to improve the hydrolysis of hemicellulose (Hu et al., 

2008; Tucker et al., 2003).  AFEX is done at lower temperature and pressure than steam 

explosion, but takes advantage of ammonia which acts like an alkali reagent and removes 

lignin from the biomass structure without degrading the carbohydrates (Hu et al., 2008).  

Carbon dioxide explosion is a similar notion steam explosion and AFEX, except with lower 

yields (Sun and Cheng, 2002; Dale and Moreira, 1982).  Zheng et al. (1998) reported lower 

inhibitor levels for carbon dioxide explosion compared to steam explosion and AFEX. 
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1.5.4 Biological Pretreatments 

          Organisms which naturally break down lignocellulosic biomass have been researched 

to identify if they could be applied as a pretreatment in large scale bioethanol production.  

Varieties of white-rot fungus have been the most popular organism investigated for this 

application because of effective and preferential lignin degradation that has been observed.  

The main benefits of biological pretreatments include low energy requirements, lower 

equipment costs, and lower water requirements.  Unfortunately, the fungi may also 

metabolize a portion of the carbohydrates and pretreatment times are on the order of days to 

weeks which makes this type of pretreatment unsuitable for industrial scale production 

(Taniguchi et al., 2005; Hatakka, 1983).   

 

1.6 DILUTE ACID PRETREATMENT: BENEFITS AND APPLICATIONS 

          Dilute acid pretreatment has a number of benefits that currently make it a better choice 

compared to the other pretreatment options outlined above and as a result, dilute acid 

pretreatment is first in line for commercial application in the production of bioethanol from 

lignocellulosics (Taherzadeh and Karimi, 2008).  One benefit from a process standpoint is 

that dilute acid generates separable streams.  There is a liquid pre-enzymatic hydrolysis 

stream containing a majority of xylose, a liquid post-enzymatic hydrolysis stream containing 

a majority of glucose, and a solid stream containing a majority of lignin.  This removes the 

need for complex or costly unit processes for separation and allows for product specific unit 

processes.  Additionally, acids, like sulfuric acid and acetic acid, are less expensive 

compared to other chemicals, most specifically alkalis (Mosier et al., 2005; Hu et al., 2008).  
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Eggeman (2005) reported dilute sulfuric acid pretreatment as cheaper per gallon of ethanol 

produced than sodium hydroxide, lime, or AFEX.  The last major benefit, as outlined in the 

examples below, is that researchers have shown that using dilute acid and dilute acid 

combined with steam explosion are effective pretreatments prior to enzymatic hydrolysis 

across many types of lignocellulosic feedstocks resulting in high yields of monomers from 

both the hemicellulose and cellulose components.    

 

1.6.1 Agricultural Residues 

          Agricultural residues are ideal feedstocks because they are already associated with a 

cropping system and being wastes keeps the costs low.  Corn stover is one of the most 

researched feedstocks in this category.  In a summary of studies using different pretreatment 

technologies on corn stover, dilute acid stands out as the only pretreatment yielding great 

than 90% of both xylose and glucose (Galbe and Zacchi, 2007).  The dilute acid pretreatment 

referenced is from a study done by Lloyd and Wyman (2005) where at solid loading of 10%, 

91% of theoretical glucose and xylose were recovered after a pretreatment of the corn stover 

at 160ºC  and 0.49% sulfuric acid over a residence time of 20 minutes and an enzymatic 

hydrolysis step.  Tucker et al. (2003) showed that combining dilute sulfuric acid with steam 

explosion to pretreat corn stover at a solid loading of 46% yielded greater than 90% xylose 

and glucose for a pretreatment at 190ºC  and 1.1% (w/w) acid for a residence time of 90 

seconds.  Another agricultural residue example, wheat straw, was pretreated with 0.75% 

sulfuric acid (v/v) at 121ºC  for 60 minutes at about a 7% solid loading and was shown to 

yield 74% of total sugars after enzymatic hydrolysis (Saha et al. 2005).  Saha et al. (2008) 
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improved the yield of total sugars from wheat straw to 84% using a microwave for heating to 

160ºC with a sulfuric acid concentration of 0.5% (w/v) for 10 minutes. 

 

1.6.2 Woody Biomass 

          The main sources of woody biomass can broadly be grouped as forest residuals and 

wood chips.  In general, woody biomass tends to respond better to the combination of dilute 

acid pretreatment with steam explosion than just dilute acid alone (Hu et al., 2008).  In an 

example of this dilute acid pretreatment coupled with steam explosion, Emmel et al. (2003) 

was able to recover 70% of hemicellulose sugars using 0.175% acid at 210ºC  for a two 

minute pretreatment time.  In the same study, a 90% cellulose conversion was achieved at 

200ºC under similar pretreatment conditions.  Examining only xylose recovery, Esteghlalian 

et al. (1997) were able to achieve close to 90% of the theoretical yield from poplar under 

pretreatment conditions between 170-180ºC using in excess of 0.9% sulfuric acid and 

residence times of minutes.   

 

1.6.3 Herbaceous Biomass 

          Generally, switchgrass stands out as a popular choice of research because of a high 

yield of biomass per hectare (5.2 - 11.1 Mg/ha dry), the option to cultivate it on marginal 

land, and a potentially favorable net energy gain (Schmer et al., 2007).  Young switchgrass 

pretreated with 1.5% acid at 120ºC for 60 minutes was shown to yield close to 80% glucose 

and above 90% non-glucose (xylose and arabinose) sugars.  At 1.5% acid and 150ºC for 20 

minutes (with 10 minute preheat) young switchgrass yielded about 85% glucose and 80% 
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non-glucose sugars (Dien et al., 2006).  Switchgrass was also pretrated at 180ºC and 1.2% 

(w/w) sulfuric acid to yield 90% glucose from cellulose after enzymatic hydrolysis.   

          However, switchgrass is not the only possibility of an herbaceous energy crop and 

therefore other options more specific to certain locales have been investigated as well.  

Vegetative stage reed canary grass was pretreated with 1.5% acid at 120ºC for 60 minutes to 

yield above 80% glucose and 90% non-glucose sugars (Dien et al., 2006).  Sun and Cheng 

(2005) were able to show the enzymatic glucose conversion of about 82% for coastal 

bermudagrass, a grass grown for hog waste nutrient management in the southeastern U.S., 

after pretreatments at 1.5% sulfuric acid (w/w) at 121ºC  for 60 and 90 minutes.  

Corresponding xylose conversion, however, was only about 60%.    

 

1.7 DEGRADATION PRODUCTS 

          Dilute acid, especially when coupled with high temperatures, unfortunately has a 

propensity to degrade biomass compounds into products which are inhibitory to downstream 

processes like enzymatic hydrolysis and fermentation.  Inhibitory levels of these compounds, 

which will be discussed further below, are generally not very high and therefore restrict the 

severity of pretreatment conditions feasible for successful downstream process.  A balance 

between severity and yield can be difficult to reach and some researchers have generated 

greater higher yields for monomeric sugars from hemicellulose and cellulose, only to find 

that the yeast are inhibited and those pretreatment conditions cannot be used to make 

bioethanol (Laser et al., 2002).  The inhibitory levels of each of these compounds and the 

 16



corresponding degrees of inhibition are not as clear because of interaction effects between 

inhibitors and other factors like yeast concentration (Palmqvist and Hahn-Hagerdahl, 2000). 

 

1.7.1 Sugar Degradation Products 

          During high severity pretreatment, as pentose polymers are hydrolyzed into monomers, 

those monomers can be further degraded into furfural.  After continued exposure to severe 

conditions, furfural can be degraded into levulinic acid.  The same process occurs with 

hexoses as well, generating hydroxymethylfurfural (HMF) and formic acid respective of 

exposure to pretreatment conditions.  Equations 1 and 2 below outline the path of sugar 

degradation.  Generally, furfural and HMF have been reported as causing a lag phase in 

           

Hemicellulose → Pentose → Furfural → Levulinic Acid (1) 

Cellulose and Hemicellulose → Hexose → HMF → Formic Acid (2) 

 

yeast growth before sugar consumption begins because the yeast take up the two degradation 

compounds first (furfual faster than HMF) before moving on to converting sugars to ethanol.  

Levulinic and formic acids are generally shown as helpful at levels up to 100 mmol and 

inhibitory after levels from 100-200 mmol.  This has been confirmed by experiments done by 

Larsson et al. (1998) which showed furfural and HMF as not inhibitory to ethanol yield, 

while weak acids (formic, levulinic, and acetic) at a combined concentration greater than 100 

mmol did inhibit ethanol yield.  Navarro (1994) showed the increased inhibition of yeast 

productivity and growth rate corresponding to higher levels of furfural.  He also reported on 
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how increasing the initial yeast concentration could decrease the inhibitory effects of 

furfural.  In a review of furfural and HMF inhibition studies, Almeida et al. (2009) shows 

that the pooled research on this topic confirms some level of inhibition to yeast and ethanol 

production at a variety of furfural, HMF, and initial yeast concentrations.   

 

1.7.2 Lignin Degradation Products 

          Just as lignin molecules can include a variety of different chemical compounds, the 

resulting degradation compounds possible are just as varied.  In general, lignin degrades into 

phenolic compounds with a variety of molecular weights (Klinke et al., 2004).  Details 

regarding phenolic inhibition are limited due to a lack of accurate investigation, but it is 

suspected that low molecular weight phenolic compounds are more inhibitory to 

fermentation and that there are interaction effects with furfural and HMF which increase 

overall inhibitory effects of both compounds (Palmqvist and Hahn-Hagerdahl, 2000).      

 

1.8 MODELING 

          Multiple linear regression models and kinetic models have been developed across 

many types of biomass and pretreatment condition ranges (temperatures, acid concentrations, 

and residence times).  Kinetic models have been shown to accurately portray the relationship 

between inputs to pretreatment and enzymatic hydrolysis and corresponding product outputs 

(xylose, furfural, glucose).  Artificial neural networks (ANN), which hold the potential of 

generalization beyond across these models as well as predictive application, have been 

neglected.  Only one study, by O’Dwyer et al. (2008), has addressed the conversion of 
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lignocellulosic biomass into ethanol.  This study uses an ANN to correlate biomass 

composition with enzymatic digestibility and with a successful generalization, makes a 

recommendation to use ANNs in further applications.  In the conclusion of the review by 

Mosier et al. (2005) a recommendation is made for further development of predictive 

modeling.  

 

1.9 CONCLUSION 

          Bioethanol appears to be a good gasoline replacement to start with until a better liquid 

alternative becomes more feasible.  Research using dilute acid pretreatment, especially when 

coupled with steam explosion, across all types of lignocellulosic feedstocks should continue 

in order to refine optimal pretreatment conditions that maximize sugars and minimize 

inhibitory compounds.  Commercial scale adoptions of dilute acid pretreatment should also 

be used to further refine process conditions for the benefit of process economics.  It is 

possible that artificial neural networks (or other mathematical models underused in this field) 

can be used to assist with modeling and optimizing the complex relationships and should be 

further pursued in research. 
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CHAPTER 2 

 
HIGH TEMPERATURE DILUTE ACID PRETREATMENT OF COASTAL 

BERMUDAGRASS 
 

2.1 ABSTRACT 

          Dilute sulfuric acid pretreatment was used to pretreat coastal bermudagrass prior to 

enzymatic hydrolysis.  After both steps, the highest yield of total sugars (combined xylose 

and glucose) was 97%, which was shared by the pretreatment condition combinations of 

0.9% acid at 160ºC for 15 minutes and 1.2% acid at 160ºC for 5 minutes.  The 

prehydrolyzate liquor was analyzed for inhibitory compounds (furfural, 

hydroxymethylfurfural (HMF)) in order to assess potential risk for inhibition during 

fermentation.  Accounting for the inhibitory compounds, a pretreatment with 1.2% acid at 

140ºC for 30 minutes with a total sugar yield of 94% or 0.9% acid at 160 ºC for five minutes 

with a total sugar yield of 91% may be more favorable for fermentation because furfural 

levels remain under the inhibitory threshold concentration of 1 g/L.  From this study, it can 

be concluded that dilute sulfuric acid pretreatment can be successfully applied to coastal 

bermudagrass to achieve high yields of monomeric glucose and xylose with acceptable levels 

of inhibitory compound formation.      

 

2.2 INTRODUCTION 

          Due to a lack of resource sustainability of fossil fuels as well as negative 

environmental effects from emissions, research is being done to find a liquid fuel for use as a 

gasoline replacement.  In the United States (U.S.) ethanol appears to be a good near term 
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option.  Ethanol is already mixed with gasoline at a level of 10% and support from vehicle 

manufacturers has resulted in vehicles that can use up to an 85% ethanol-gasoline mixture.  

Currently, ethanol is mainly produced from corn starch in the U.S., but competition with corn 

for food and limitations on arable land for expanding the cultivation of corn place a ceiling 

on the ethanol producible lower than what is required to replace gasoline (Sun and Cheng, 

2002).  This has spurred research into cellulosic feedstocks for use in ethanol production.  

Lignocellulosic material is abundant nearly everywhere opening the potential for different 

geographic regions to take advantage of locally abundant cellulosic feedstocks for use in 

ethanol production.  While corn ethanol simply requires a hot water pretreatment followed by 

enzymatic hydrolysis using inexpensive amylases, lignocellulosic materials require a harsher 

pretreatment step followed by hydrolysis using more costly cellulases (Solomon et al., 2007).  

Currently, pretreatment, enzymatic hydrolysis, and fermentation are the key areas being 

researched to make lignocellulosic feedstocks competitive with corn for the production of 

ethanol and this study focuses on the pretreatment step.  Of the many pretreatment 

technologies covered by a number of review papers, dilute acid pretreatment stands out 

having been already examined in a large number of studies as well as appearing more 

economically feasible at larger scale than other current pretreatment technologies (Sun and 

Cheng, 2002; Mosier et al. 2005; Eggeman and Elander 2005).   

          In the southeastern U.S., coastal bermudagrass (Cynodon dactylon L.) is grown by hog 

producers as part of required nutrient management practices to mitigate nitrogen and 

phosphorus losses from hog waste.  With a yield of 6-10 dry tons per acre each year and an 

active cropping system in place, bermudagrass is potentially a viable lignocellulosic 
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feedstock option for ethanol production in the southeastern U.S. (Holtzapple et al., 1994).  

Sun and Cheng (2005) investigated the dilute sulfuric acid pretreatment of coastal 

bermudagrass at 121ºC over a range of acid concentrations (0.6% - 1.5% w/w) and residence 

times (30 - 90 minutes).  Optimal pretreatment conditions were found to be 1.2% acid for 60 

minutes yielding about 70% of the total sugars from the biomass.  Other studies using dilute 

acid pretreatment with different feedstocks have shown that increasing temperature increases 

sugar yields and can decrease the residence time and acid concentration required to generate 

the same yields at lower temperatures and longer residence times (Lloyd and Wyman, 2005; 

Saha et al., 2005; Saha et al., 2008).  Based on results from Sun and Cheng (2005) and the 

review of research done on other feedstocks using dilute acid at temperatures higher than 

121ºC, this study was performed to examine if higher sugar yields from coastal bermudagrass 

could be generated at higher temperatures, to identify the effects of temperature, 

concentration, residence time, and the interactions between these factors on sugar yields, and 

to assess what pretreatment conditions would be best in the pretreatment of coastal 

bermudagrass. 

 

2.3 MATERIALS AND METHODS 

2.3.1 Biomass Handling and Storage 

          Coastal bermudagrass was obtained in 2007 from Central Crops Research Station 

located in Clayton, NC, courtesy of Dr. Joe Burns of the Crop Science Department at North 

Carolina State University.  The collected bermudagrass was stored in loose bale at ambient 

room temperature in a large plastic bag.  When required for pretreatment, the bermudagrass 
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was ground to particle sizes no greater than 2 mm using a Wiley Laboratory Mill (Thomas, 

Model No. 4) fitted with a 2 mm screen.  The resulting ground biomass was stored in sealed 

bags at ambient room temperature in the lab until used.   

 

2.3.2 Composition Analysis of Raw Biomass 

          Prior to any pretreatment, the bermudagrass was analyzed for its composition.  The 

moisture content was determined using a 105ºC oven to dry the biomass according to the 

procedure outlined in NREL laboratory analytical procedure (LAP) “Determination of Total 

Solids in Biomass” (Sluiter, 2005a).  Extractive components like waxes, chlorophyll, non-

structural sugars, and other minor components were quantified using a Soxhlet extractor, a 

2:1 toluene-ethanol mixture, and 24 hour reflux time (Silverstein, 2004; Han and Rowell, 

1997).  The extractive-free biomass was then examined for the structural carbohydrates 

glucan, xylan, arabinan, and galactan as well as acid insoluble lignin (AIL) and acid soluble 

lignin (ASL) using the NREL LAP “Determination of Structural Carbohydrates and Lignin in 

Biomass” (Sluiter, 2006).  The ash content of the biomass was found using a benchtop muffle 

furnace in accordance with NREL LAP “Determination of Ash in Biomass” (Sluiter, 2005b). 

 

2.3.3 Pretreatment 

          A factorial experimental design was developed to examine the effect of the 

pretreatment conditions, reaction temperature, acid concentration and residence time, on the 

sugar yields in the both the prehydrolyzate and the hydrolyzate liquor as well as the 

generation of sugar degradation products in the prehydolyzate liquor.  Factor levels of the 
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experimental design are based on literature review and prior work on the dilute acid 

pretreatment of bermudagrass done by Sun and Cheng (2005).  Sulfuric acid concentrations 

of 0.3, 0.6, 0.9, and 1.2% (w/w) were examined at temperatures of 120, 140, 160, and 180ºC 

and residence times of 5, 15, 30, and 60 minutes. 

          Dilute sulfuric acid pretreatment was performed in vessels constructed from 306 

stainless steel pipe pieces with a 0.75 inch inner diameter by 4 inch long purchased from 

McMaster Carr.  Sulfuric acid was prepared on a w/w basis from a 96% stock solution 

beforehand and stored in a reagent bottle for continued use.  Six vessels (two treatments in 

triplicate) were loaded at a ratio of 10 parts acid to one part raw biomass (w/w) (30 ml acid, 3 

g biomass). The 7th vessel was loaded with de-ionized (DI) water instead of dilute acid in the 

same 10% solids loading as the other vessels and sealed with a cap containing a plug k-type 

thermocouple (Omega, model TC-K-NPT-G-72-SMP).  This vessel served as a temperature 

monitor for the approximate internal temperature of the other reaction vessels. 

          A Fisher Scientific High-Temp Bath (Fisher Scientific, model 160A) was used to 

indirectly heat the vessels with silicone oil as a heat transfer fluid.  A k-type thermocouple 

temperature probe was submerged in the oil in order to monitor the oil temperature and both 

this probe and the probe in the vessel were connected to an Extech Easyview Thermometer 

(Extech, model 11A) which displayed the temperature readings.  The oil was heated to 20ºC 

higher than the desired set-point for the reaction to shorten preheat time.   Once the oil 

reached the desired temperature, the seven vessels were added to the bath and the time of this 

addition was recorded.  The blank vessel’s internal temperature was then monitored along 

with the temperature of the oil until both reached the desired reaction temperature at which 
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time it was inferred that all of the vessels were at the desired temperature.  Heating was 

manually controlled using the dial on the oil bath to turn the heating element on and off in 

order to keep the time it took to heat the vessels to the desired temperature to 12 minutes plus 

or minus 2 minutes.  Once the proper internal temperature was reached, the residence time 

began and upon completion of the residence time, the vessels were quickly removed from the 

oil bath and placed in a bin of cool water where they were cooled to less than 40ºC within 

five minutes. 

          After pretreatment, the vessels were opened up for the filtration step.  A Welch Duo-

Seal vacuum pump (Sargent-Welch Scientific Co., model 1400) was used to pull a vacuum 

across a Whatman P8 filter paper in a standard vacuum flask and buchner filter funnel setup.  

The contents of each vessel were emptied on to a pre-weighed filter paper associated with 

that particular sample.  60 ml of DI water at room temperature was used to rinse the biomass 

and ensure the collection of all the sugars hydrolyzed in the pretreatment step.  The total 

amount of filtrate and wash water was measured in a graduated cylinder and a portion was 

stored in labeled 15 ml tubes and frozen at -20ºC.  The solids on the filter paper were rinsed 

with an additional 140 ml of room temperature DI water and then placed into an 

appropriately labeled bag for storage at 4ºC.  These bags were weighed before and after the 

addition of biomass for use in calculating solid loss later.  The filter paper was dried for 24 

hours at 105ºC and then weighed to account for biomass remaining on the filter paper.   
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2.3.4 Enzymatic Hydrolysis 

          Enzymatic hydrolysis was preformed in 50 ml centrifuge tubes maintained at 55ºC and 

155 rpm agitation for 72 hours by an automated shaking water bath (New Brunswick, model 

C76).  Each tube was first loaded with the retained rinsed pretreated biomass weighed to 

account for moisture so that each tube received the equivalent of 0.5 grams of dry biomass.  

Novozymes North America (Franklinton, NC) provided the cellulase, NS-50013, and the 

cellobiase, NS-50010, which were determined using an assay procedure derived from Ghose 

(1987) to have activities of 76.44 FPU/ml (filter paper units, where one unit equates to 1 

μmol of cellulose in the form of filter paper converted to glucose per minute) and 283.14 

CBU/ml (cellobiase units, where one unit equates to 1 μmol of cellobiose converted to 

glucose per minute) respectively.  The enzymes were loaded in excess at 40 FPU of cellulase 

per gram of dry biomass and 70 CBU of cellobiase per gram of dry biomass to avoid any 

limitation in monomeric sugar production caused by enzyme deficiency.  Sodium azide, 

0.3% (w/v), was added to inhibit microbial growth.  Accounting for the amount of moisture 

in the biomass, the sodium azide, and the enzymes, the total amount of liquid in each tube 

was brought up to 15 ml using a 0.05 M sodium citrate buffer to maintain a pH of 4.8 during 

the enzymatic hydrolysis step. 

 

2.3.5 Sugar Analysis 

          The hydrolyzate and prehydrolyzate were analyzed using a high performance liquid 

chromatography system (HPLC) to quantify the sugar monomers.  The HPLC was also used 

to quantify prehydolyzate sugar degradation products.  An Aminex HPX-87P column 
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coupled with a refractive index detector was used to distinguish amounts of glucose, xylose, 

galactose, arabinose in the hydrolyzate samples.  Samples were prepared from the pH 4.8 

hydrolyzate, diluted by four times, and filtered through a 2 μm syringe filter.  The column 

was run at 80ºC with a flow rate of 0.6 ml/min using HPLC grade water as a mobile phase.  

Samples injections were 10 μL and the runtime was 35 minutes.  A 25 minute post-runtime 

was included to clear late-eluting compounds from the column.  For the prehydrolyzate 

samples, an Aminex HPX-87H column was used to quantify the levels of glucose, xylose, 

furfural, 5-hydroxyfuranmethal (HMF), forminc acid, and levulinic acid.  Samples were 

prepared from the prehydrolyzate which had a pH of less than two and filtered through a 2 

μm syringe filter.  This column was run at 65ºC with a flow rate of 0.7 mL/min.  Sample 

injections were run for 51 minutes.  Total sugars, monomeric sugars, and degradation 

products were calculated on a per gram of raw biomass basis.   

 

2.3.6 Lignin Analysis of Pretreated Biomass 

          The retained solid biomass was analyzed for acid insoluble lignin and acid soluble 

lignin composition in the same manner as the raw biomass was analyzed using the NREL 

LAP “Determination of Structural Carbohydrates and Lignin in Biomass” (Sluiter, 2006).  

 

2.3.7 Statistical Analysis 

          Although triplicates were collected, the data had a number of outliers which appeared 

to be due to unequal heating during pretreatment, enzymatic hydrolysis error, or analysis 

error.  As a result many triplicates had two sets of measured values very close and one set 
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with a clear difference.  To remedy this, one sample was removed systematically from each 

triplicate.  The remaining data was run through the GLM procedure in SAS 9.1.3 (SAS 

Institute Inc., Cary, NC) to perform an analysis of variance (ANOVA) to identify statistically 

significant effects from each of the factors as well as interactions of the factors.  The 

interaction effect combinations included two-way interactions between temperature and 

concentration, temperature and time, concentration and time, and the three-way interaction 

between temperature, concentration, and time.  The data was adjusted using Tukey's 

adjustment and significant differences were evaluated where p < 0.01 (α = 0.01).  The SAS 

code is included for reference in Appendix A.  MATLAB 7.6.0.324 R2008a (The 

MathWorks, Natick, MA) was used to generate contour plots for visual analysis of the data.   

 

2.4 RESULTS AND DISCUSSION 

2.4.1 Composition of Coastal Bermudagrass 

          The bermudagrass was examined for carbohydrate, lignin, extractive, and ash 

composition by Wang (2009) and Sun and Cheng (2005) with the resulting dry weight 

percentages shown in table 2.1.  The two sets of composition data are different with the set 

from Sun and Cheng reporting a greater amount of sugar with 6.77% more glucan and 3.49% 

more xylan than the set reported by Wang.  This difference can likely be attributed to the 

difference in harvest time, crop inputs, or the fact that Wang did the analysis on extractive-

free biomass rather than the raw biomass.  In removing the extractives, non-structural 

carbohydrates could have also been removed.  This study was run in parallel with the study 

done by Wang (2009) and used the same bermudagrass stock and composition data.   
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Table 2.1  Composition of Coastal Bermudagrass 

Component 
% weight of dry 

biomass 
(Wang) 

% weight of dry 
biomass 

(Sun and Cheng) 
Glucan 25.59 32.36 
Xylan 15.88 19.37 
Arabinan 1.95 4.33 
Galactan 1.46 1.09 
Acid insoluble lignin 15.37 20.33 
Acid soluble lignin 3.96 ND 
Extractives 4.17 ND 
Ash 6.6 4.17 

 

 

          Glucan, xylan, arabinan, and galactan can be converted respectively to glucose, xylose, 

arabinose, and galactose using anhydro corrections of 0.90 for six-carbon sugars and 0.88 for 

five-carbon sugars which accounts for the removal of a water molecule.  In this study 

arabinose and galactose concentrations in both prehydrolyzate and hyrolyzate are negligible.  

References to 'total sugars' will only include the sum of glucose and xylose for simplification.  

The theoretical maximum for glucose is 284.3 mg per g of raw biomass.  The theoretical 

maximum for xylose is 180.5 mg per g of raw biomass.  The theoretical maximum for total 

sugars is therefore 464.8 mg per g of raw biomass.  Further yield calculations will be based 

upon these theoretical values. 

 

2.4.2 Dilute Acid Pretreatment 

          The pretreatment step had two major outputs, the pretreated bermudagrass solids and 

the prehydrolyzate liquor.  The solids were analyzed for both acid insoluble lignin and acid 
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soluble lignin.  The prehydrolyzate liquor was analyzed for carbohydrates and carbohydrate 

degradation products.   

 

Lignin Reduction 

          Dilute acid pretreatment works primarily by hydrolyzing hemicellulose into sugars 

(mostly xylose) from the biomass structure (Mosier et al., 2005).  However, lignin also 

undergoes simultaneous degradation and accumulation reactions during an acid pretreatment 

(Pearl, 1967).  Yang and Wyman (2004) showed that the net prevailing reaction in a batch 

reactor appeared to correspond to the severity of the acid pretreatment.  While intermediate 

pretreatment severities tended to correspond with higher measured lignin removal (20-30%), 

there was also data showing little or no lignin removal.  Additionally, both lower and higher 

severity acid pretreatments tended to show either no lignin removal or apparent lignin 

accumulation above that measured in the initial biomass composition analysis.  Yang and 

Wyman (2004) suggested that these unclear lignin measurements were a complication of 

using a batch reactor.  They showed that using a flowthrough reactor where solubilized lignin 

was removed from the system as the pretreatment progressed resulted in measured lignin 

removal of up to 85% that was clearly positively linearly correlated with pretreatment 

severity.  Since batch reactors were used in this study, the lignin values measured after 

pretreatments follow the general trend presented by Yang and Wyman (2004) for batch 

reactors, which made it difficult to elucidate the specific effects of the pretreatment on the 

lignin portion of the biomass.  As a result, acid soluble lignin and acid insoluble lignin data 

have not been reported in the body of this report, but have instead been included in Appendix 
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B for reference, however, it can be inferred that acid pretreatment in a batch reactor disrupts 

the structure of lignin. 

 

Acid Hydrolysis of Biomass 

          Xylose is the major carbohydrate in the prehydrolyzate liquor and the largest 

component of hemicellulose.  The highest yield of xylose measured in the prehydolyzate, 

83%, was generated after a pretreatment at 1.2% acid, 140ºC, and 30 minutes residence time.  

However, xylose yields at 140ºC for 30 and 60 minutes and 160ºC for 5 and 15 minutes at 

concentration of 0.9% acid as well as 140ºC for 60 minutes and 160ºC for 5 minutes at 

concentration of 1.2% acid were found to be statistically similar to the highest yield.  Figure 

2.1 contains four subplots corresponding to each of the four acid concentration levels.  Each 

subplot shows the monomeric xylose measured in the prehydrolyzate for each combination of 

temperature and residence time.  An examination of the plots shows indications of interaction 

effects that could explain why several sets of pretreatment combinations generate similarly 

high xylose yields.  Table 2.2 shows the ANOVA output for several of the major response 

variables considered in this study, including xylose.  The ANOVA output for xylose 

confirms the significance of each of the factors as well as each of the interaction terms and 

shows that temperature and acid concentration offer the greatest influence, about 25% each, 

in the variance of the xylose yield.  In general, the importance of temperature, acid 

concentration, time and interactions between these factors is not too surprising because the 

relationship has already been investigated using modified Arhenius equations in other studies 

that have proposed these equations as rate constants in kinetic models to describe the acid 
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Figure 2.1  Monomeric xylose measured in the prehydrolyzate after pretreatment as a function of time and temperature for a) 0.3 %, 

b) 0.6 %, c) 0.9 %, and d) 1.2 % sulfuric acid concentration (w/w).  
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Table 2.2  ANOVA Responses for xylose, furfural, and hydroxymethylfurfural (HMF) in the prehydrolyzate (PreH), glucose in the enzymatic 

hydrolyzate (EH), and total reducing sugars (total glucose and xylose). 

    Type III Sum of Squares         P-Value       

Source DF 
PreH 

Xylose 
PreH 

Furfural 
PreH 
HMF 

EH 
Glucose 

Total 
Sugars 

PreH 
Xylose 

PreH 
Furfural 

PreH 
HMF 

EH 
Glucose 

Total 
Sugars 

Temp 3 76499.71 27467.55 1026.81 184369.60 448978.77 <.0001 <.0001 <.0001 <.0001 <.0001 
Conc 3 72045.48 2779.12 151.33 52055.52 277733.29 <.0001 <.0001 <.0001 <.0001 <.0001 
Temp*Conc 9 792.68 1579.07 178.09 14867.76 21775.18 <.0001 <.0001 <.0001 <.0001 <.0001 
Time 3 55443.03 4388.32 93.62 41856.66 172873.57 <.0001 <.0001 <.0001 <.0001 <.0001 
Temp*Time 9 52388.85 2750.29 100.43 20023.35 166082.95 <.0001 <.0001 <.0001 <.0001 <.0001 
Conc*Time 9 1840.37 278.40 25.75 4730.23 21412.97 <.0001 <.0001 0.0294 <.0001 <.0001 
Temp*Conc*Time 27 36623.21 1110.38 61.57 10667.38 83095.35 <.0001 <.0001 0.0288 <.0001 <.0001 
Error 64 1104.53 238.82 81.29 2075.85 21183.18           
Total 127 296737.85 40591.96 1718.89 330646.35 1213135.26           

 



hydrolysis of hemicellulose into xylose (Carrasco and Roy, 1992; Baugh and McCarty, 

1988). 

          Figure 2.1 also highlights the loss of xylose after certain pretreatment conditions.  This 

loss can most likely be attributed to the degradation of xylose into furfural as a result of harsh 

pretreatment conditions.  The major degradation products will be addressed later in more 

detail. The loss of xylose is first evident at 0.3% and 180ºC after 15 minutes.  At 0.6% and 

160ºC after 30 minutes there is a slow decrease in xylose levels as well as a much more rapid 

decrease at 180ºC after 5 minutes.  At both 0.9% and 1.2% the rapid degradation of xylose is 

clear at both 160ºC and 180ºC after 5 minutes.   

          The prehydrolyzate can also contain glucose.  Table 2.3 shows the measured glucose 

monomers liberated from the bermudagrass during the pretreatment averaged across the 

residence times for each acid concentration and temperature combination.  The time variable 

is omitted because it does not influence glucose yield as strongly as the other factors 

(ANOVA not shown), but the standard deviation is included so that the general effect of time 

on glucose yield in the prehydrolyzate can still be inferred.  A clear trend is visible showing 

that the increase of temperature or acid concentration results in the increase of glucose in the 

prehydrolyzate.  This follows the logic that as the pretreatment conditions become harsher, 

the hemicellulose is hydrolyzed faster and more completely exposing the cellulose to acid 

hydrolysis as well.  Similar trends are reported in a study on the dilute acid pretreatment of 

corn stover done by Lloyd and Wyman (2005). 
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Table 2.3 Glucose in the prehydrolyzate averaged over the time variable. 

Concentration, 
% w/w 

Temperature, 
ºC 

Average Glucose 
Pre-Hydrolyzate, 
mg/g raw biomass 

0.3 120 5.93 ± 0.25 
0.3 140 6.47 ± 0.74 
0.3 160 9.09 ± 2.72 
0.3 180 13.30 ± 4.10 
0.6 120 6.44 ± 0.90 
0.6 140 10.71 ± 3.79 
0.6 160 21.67 ± 6.48 
0.6 180 24.05 ± 10.91 
0.9 120 8.08 ± 2.14 
0.9 140 20.22 ± 9.13 
0.9 160 32.15 ± 5.16 
0.9 180 34.18 ± 3.14 
1.2 120 10.55 ± 4.90 
1.2 140 28.30 ± 6.48 
1.2 160 37.29 ± 2.17 
1.2 180 43.43 ± 15.93 

 

 

Degradation of Carbohydrates 

          Under harsh conditions, carbohydrates are degraded into furfural and HMF which in 

turn are degraded into levulinic acid and formic acid respectively.  In this study, even the 

harshest conditions in the factorial did not generate levulinic acid and formic acid levels in 

the prehydrolyzate close to reported inhibitory levels (>200 mM) while furfural and HMF 

were measured well beyond reported inhibitory levels (>1.0 g/L) (Palmqvist and Hahn-

Hagerdal, 2000; Navarro, 1994; Almeida et al., 2009; Delgenes et al., 1996; Taherzadeh et 

al., 1997).  For this reason, figure 2.2 shows only the furfural and HMF levels.  There is one 

subplot for each acid concentration and one bar for each combination of time and 

temperature.  For ease of comparison, the individual amounts of furfural and HMF have been
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Figure 2.2  Combined furfural and hydroxymethylfurfural measured in the prehydrolyzate after pretreatment as a function of time and 
temperature for a) 0.3 %, b) 0.6 %, c) 0.9 %, and d) 1.2 % sulfuric acid concentration (w/w).  
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summed as a single bar in each subplot of figure 2.2 where 10 mg of furfural or HMF each 

corresponds to 1 g/L of that compound for the 10% solid loading used in this study.  As 

inferred previously, the degradation product generation inversely reflects the xylose losses 

seen in figure 2.1 which also helps explain why much more furfural than HMF is generated.  

The general trend seen in each of the plots is supported by the ANOVA output for furfural 

and HMF in table 2.2, which shows that temperature is the dominating significant effect for 

both response variables.  All of the factors and the interaction terms are significant for 

furfural and most are significant for HMF except for the interaction between concentration 

and time and the three-way interaction term.    

 

2.4.3 Enzymatic Hydrolysis 

          The enzymatic hydrolyzate was analyzed for glucose and xylose monomers.  Figure 

2.3 shows the levels of monomeric glucose measured in the hydrolyzate for each 

combination of the factors temperature, concentration, and time.  The highest yield of 

glucose measured in the hydolyzate was 95% and was generated after a pretreatment with 

0.6% sulfuric acid at 160ºC for 30 minutes.  Examining both figure 2.3 and the output of a 

statistical multiple comparison of the entire data set (not shown), there are 18 other 

pretreatment condition sets that produce glucose yields that are similar to the 95% yield.  As 

with the xylose generation in the prehydrolyzate, there are interaction effects contributing to 

the multiple pretreatment combinations with similar results, however, this is only part of the 

explanation.  The number of pretreatment combinations that give high glucose yields is also 

increased by the fact that hemicellulose removal in the form of either xylose or furfural 
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Figure 2.3  Monomeric glucose measured in the hydrolyzate after enzymatic hydrolysis as a function of time and temperature for a) 

0.3 %, b) 0.6 %, c) 0.9 %, and d) 1.2 % sulfuric acid concentration (w/w).  
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generation can lead to high glucose yield in the hydrolyzate.  This can be observed upon a 

review of figures 2.1 and 2.2 in comparison with figure 2.3 and this makes sense because the 

success of the acid pretreatment is based around the concept of hemicellulose removal in 

order to maximize glucose yield after enzymatic hydrolysis.  Since furfural levels are 

substantially influenced by temperature and xylose levels are influenced by temperature and 

acid concentration, it would be expected that glucose in the hydrolyzate would be influenced 

most substantially by temperature followed by concentration.  The ANOVA output in table 

2.2 supports this claim.  All of the factors and interaction terms significantly contribute to the 

glucose yield in the hydrolyzate, however, the temperature and concentration terms provide 

the most influence over the variance making up 55% and 15% respectively.  Figure 3.2 

shows a loss in glucose yield under a few acid concentrations and residence times, but only 

for 180ºC.  The fact that this apparent degradation happens under harsher conditions than 

xylose degradation and only at the highest temperature is reasonable because glucose is a 

more stable carbohydrate than xylose (Baugh and McCarty, 1988). 

          Table 2.4 shows the xylose found in the hydrolyzate.  Like the glucose levels in Table 

2.3, the xylose levels in table 2.4 have been averaged across the residence times for each acid 

concentration and temperature combination.  The standard deviation is included so that the 

general effect of time on xylose levels in the hydrolyzate can still be inferred.  A clear trend 

is visible showing that the increase of temperature or acid concentration results in the 

decrease of xylose in the hydrolyzate.  Only 0.3% acid at 120ºC does not appear to follow 

this trend and this is most likely explained by a weak acid hydrolysis during the pretreatment 

that did not adequately disrupt the biomass.  Generally, incomplete acid hydrolysis is what 
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leaves hemicellulose in the solids.  Under harsher pretreatments more hemicellulose is 

removed leaving less in the solids.  This correlates to the removal of hemicellulose from the 

biomass as represented in figures 2.1 and 2.2.  Similar trends are reported in a study on the 

dilute acid pretreatment of corn stover done by Lloyd and Wyman (2005). 

 

 

Table 2.4  Xylose in the hydrolyzate averaged over the time variable. 

Concentration, 
% w/w 

Temperature, 
ºC 

Average Xylose 
Hydrolyzate,      

mg/g raw biomass 
0.3 120 18.67 ± 7.41 
0.3 140 33.61 ± 8.17 
0.3 160 28.57 ± 8.07 
0.3 180 14.45 ± 5.99 
0.6 120 31.14 ± 7.19 
0.6 140 27.25 ± 5.85 
0.6 160 17.76 ± 4.54 
0.6 180 9.14 ± 3.66 
0.9 120 30.79 ± 5.32 
0.9 140 18.77 ± 4.87 
0.9 160 10.50 ± 4.15 
0.9 180 3.22 ± 1.64 
1.2 120 29.11 ± 6.51 
1.2 140 15.37 ± 3.68 
1.2 160 6.36 ± 2.42 
1.2 180 0.84 ± 0.97 

 

 

2.4.4 Total Sugars 

          All of the available sugars from the biomass must be considered for fermentation into 

ethanol in order to make cellulosic biomass a feasible choice for ethanol production (Sun and 

Cheng, 2002).  In this study, the total sugars available for fermentation from coastal 

bermudagrass are the summation of the xylose and glucose monomers found in both the 
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prehydrolyzate and the hydrolyzate.  The overall highest yield of total sugars is 97% which is 

shared by 0.9% acid at 160ºC for 15 minutes and 1.2% acid at 160ºC for 5 minutes.  

Examining all of the pretreatment conditions with total sugar yields 80% and greater 

highlights that while sugar production between these pretreatment conditions remains 

relatively close, the generation of furfurals varies from 3mg/g raw biomass to 37 mg/g raw 

biomass (equivalent to concentrations of 0.3 g/L to 3.7 g/L respectively).  If the threshold 

concentration of furfurals where yeast inhibition may begin is assumed to be 1 g/L, based on 

the other studies cited previously, then this list in can be narrowed from twenty entries to 

seven entries.  In this shorter list, the pretreatment condition combination of 1.2% acid at 

140ºC for 30 minutes appears to be the best choice based on total sugar yield.   

 

2.4.5 Fermentation Simulation 

          To help verify the best pretreatment parameters, a fermentation simulation step was 

used to approximate ethanol production relative to changes in ethanol yield by the organism 

and inhibition caused by furfurals.  This step examined the co-fermentation of the PreH and 

EH streams together.            

         All ethanol conversion values were taken from the study done by Krishan et al. (1999) 

which examined the co-fermentation characteristics of Saccharomyces 1400(pLNH33) for 

ethanol production from varying mixtures of xylose and glucose in the media.  The ethanol 

conversion of this particular organism was found to vary from 0.40 to 0.48 grams of ethanol 

per gram of sugar depending on the ratio of xylose to glucose in the media.  A greater ratio of 
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xylose resulted in a lower conversion by the organism and a summary of the xylose ratios 

and corresponding ethanol conversions from the study are given in table 3.1 below. 

 

Table 2.5  Ethanol conversion by Saccharomyces 1400(pLNH33) based on  

the ratio of xylose to glucose in the growth media. 

% Glucose 
in Media 

% Xylose 
in Media 

Ethanol Conversion 
g EtOH / g sugar 

100 0 0.48 
50 50 0.46 
33 66 0.44 
0 100 0.40 

 

 

          A specific relationship between the combined level of furfural and HMF and the rate of 

ethanol production in Saccharomyces cerevisiae was identified in a study done by 

Tazherzadeh et al. (1997).  This study supported same trend outlined in the other studies 

mentioned previously by showing the inhibition of the yeast beyond the furfural and HMF 

concentration of 1 g/L.  An equation for this relationship was approximated from a diagram 

in the publication using Microsoft Excel to generate a 3rd-order polynomial regression trend 

line, shown in figure 2.4, and was applied to data in this study.  For the simulation, it was 

assumed that the recombinant yeast from Krishan et al. (1999) would be inhibited by the 

combined furfural and HMF to the same degree as the natural yeast.  
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Figure 2.4  The effect of combined furfural and HMF concentration on yeast ethanol production rate. 
 

 

 

         Table 2.6 shows the output of the fermentation simulation with the approximated 

ethanol yields exhibiting the expected relationship with combined furfural levels.  The 

combined furfural levels under 10 mg/g (1 g/L) combined with the sugar yields over 90% 

give ethanol yields greater than 80%.  This confirms that a pretreatment with 1.2% acid at 

140ºC for 30 minutes is an optimal option as well as 0.9% acid at 160ºC for 5 minutes.  The 

simulation also supports the use of 1 g/L as threshold for furfural production when assessing 

the data for optimal pretreatment conditions. 
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Table 2.6  Simulated fermentation output using experimental pretreatment conditions. 

Temp. 
oC 

Conc.  
% w/w 

Time, 
min 

Average 
Furfural,   
mg/g raw 
biomass 

Average 
HMF,      

mg/g raw 
biomass 

EtOH 
Yield, % 

Total Sugar 
Yield, % 

140 0.6 60  0.8 71 80 
160 0.6 15 8.15 2.15 74 85 
160 0.6 30 14.49 2.91 52 94 
180 0.6 5 12.90 3.55 57 91 
140 0.9 30 4.35 1.99 79 89 
140 0.9 60 10.28 2.95 74 94 
160 0.9 5 4.76 1.85 81 91 
160 0.9 15 10.61 2.86 76 97 
120 1.2 60 3.01 1.38 75 84 
140 1.2 5 2.78 1.56 77 87 
140 1.2 15 4.46 1.81 76 85 
140 1.2 30 6.98 2.30 83 94 
140 1.2 60 12.13 2.89 69 96 
160 1.2 5 12.67 3.14 65 97 

 

 

2.4.6 Operating Region for Optimal Pretreatments 

         The data presented in this study has identified two optimal pretreatment parameter 

options, however if a contour plot for the total sugar data is overlaid on a contour plot of the 

furfurals data, regions containing pretreatment condition combinations with the potential for 

high total sugar production and furfural production around 1 g/L can be seen that were not 

covered experimentally in this study.  Figure 2.5 shows four contour plots with total sugar 

yields represented by the solid lines and total furfurals generated represented by the dashed 

lines.  Each plot is at one level of the time factor.  Favorable operating regions in between 10 

mg/g raw biomass of furfurals and 400 mg/g raw biomass of total sugars can be found on 

each plot.  These regions do not extend below 0.7% acid, above 165ºC, or below 125ºC on 
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Figure 2.5  The overlay of contour plots for total sugar yield and total furfural generation as a function of acid concentration and 
temperature at each time level. (Dashed line - furfural, Solid line - total sugars) 
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any of the plots within the range of the data investigated.  The trend of the plots suggests that 

at higher acid concentrations than examined in this study it may be possible for the favorable 

region to extend to temperatures lower than 125ºC and at lower residences times than 

examined in this study, the favorable region might extend to higher temperatures than 165ºC.  

It would also appear that 0.7% acid is minimum concentration to still be able to operate in the 

favorable region and operating between 0.9% and 1.2% acid gives the most options for 

different temperature and time combinations. 

 

2.4.7 Conclusion 

         Dilute sulfuric acid pretreatment of coastal bermudagrass at high temperatures is a 

technically feasible way to disrupt the biomass for enzymatic hydrolysis and can result in 

overall yields above 90% total sugars.  The highest total sugar yield was found to be 97% at 

0.9% acid at 160ºC for 15 minutes and 1.2% acid at 160ºC for 5 minutes, but if the formation 

of the sugar degradation products furfural and HMF are accounted for, then a slightly lower 

total sugar yield of 94% or 91% after a pretreatment with 1.2% acid at 140ºC for 30 minutes 

or 160 ºC for five minutes respectively may prove more optimal for fermentation.  The 

experimental data also suggests both statistically through the significance of interaction 

effects and visually in contour plots, that there are other non-experimentally found 

pretreatment combination options that would yield high total sugars.  These options could be 

useful for the future economic analysis of coastal bermudagrass because there may be several 

different operating points which share similar yields and costs and this could give some 

flexibility to the design of a process. 
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          The data in this study follows the trends of the data presented in other similar studies 

looking at the dilute acid pretreatment of herbaceous biomass or crop residues (Lloyd and 

Wyman, 2005; Sun and Cheng, 2005; Guo et al., 2008).  In general, as pretreatment severity 

increases, hemicellulose is more completely hydrolyzed from the solid biomass.  The more 

complete hydrolysis of hemicellulose appears to correlate with the higher glucose yields after 

enzymatic hydrolysis even with higher generation of furfurals.  Temperature significantly 

drives the degradation of xylose into furfural and therefore at higher temperatures there is an 

increased rate of xylose degradation.  Additionally, the glucose found in the prehydrolyzate 

increases and the xylose found in the solid biomas decreases as pretreatment severity 

increases.  One study in particular this data trends well with is a study on the dilute acid 

pretreatment of corn stover done by Lloyd and Wyman (2005).  Although further research 

would be required, this might suggest that coastal bermudagrass and corn stover could be 

pretreated together giving more flexibility in the design of a cellulosic ethanol plant. 
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CHAPTER 3 

 
AN ASSESSMENT OF AN ARTIFICIAL NERUAL NETWORK FOR MODELING 

THE DILUTE ACID PRETREATMENT OF COASTAL BERMUDAGRASS 
 

3.1 ABSTRACT 

         The utility of an artificial neural network (ANN) was assessed for modeling the dilute 

acid pretreatment of coastal bermudagrass using statistics that quantified the error between 

the predicted data and actual data as well as a comparison with a multiple linear regression 

(MLR) model.  The statistics used were the coefficient of determination (R2), the root mean 

squared error (RMSE), and the root percent deviation (RPD).  A standard 2nd-order 

polynomial multiple linear regression (MLR) model was developed to predict the same data 

for use as a relative comparison of ANN success.  Time (minutes), acid concentration (% 

w/w), and temperature (ºC) were input into the models to generate xylose in the 

prehydrolyzate (PreH), glucose in the PreH, furfural in the PreH, HMF in the PreH, xylose in 

the enzymatic hydrolyzate (EH), and glucose in the EH.  It was found that the two types of 

models predicted most of the outputs closely with the exception of the xylose in the PreH, 

which the ANN predicted more accurately.  An ANN model with six hidden layer neurons 

was found to be the best overall model and confirmed the utility of utilizing ANN modeling 

in the area of biomass pretreatment. 
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3.2 INTRODUCTION 

3.2.1 Background  

         Domestic concerns over increasing oil prices, the limited supply of oil, and global 

warming are providing an impetus to find a domestically producible and environmentally 

friendly liquid fuel to replace gasoline.  Ethanol produced from cellulosic biomass has the 

potential to meet this need.  Cellulosic biomass is ubiquitous and a variety of feedstocks are 

possible depending on locale.  Additionally, cellulosic feedstocks provide non-food crop 

options which have the potential to be grown on marginal land.  This keeps crop input costs 

low and avoids the current competitions between food and energy that ethanol from corn 

encounters. 

         Much of the research being done on the conversion of cellulosic biomass to ethanol 

concerns three parts of the overall process: pretreatment, enzymatic hydrolysis and 

fermentation.  Pretreatment is of particular interest because it is upstream of both enzymatic 

hydrolysis and fermentation and can affect both processes.  An effective pretreatment renders 

the biomass susceptible to enzymatic hydrolysis for maximum fermentable sugars without 

providing inhibition of either enzymatic hydrolysis or fermentation.  Many of the most 

popular pretreatment methods being investigated involve a combination of heating and either 

an acid or alkali chemical (Mosier et al., 2005).  Of the many pretreatment options, dilute 

sulfuric acid pretreatment is a near term option that has been investigated for a large number 

of feedstocks and appears to be less expensive at scale when compared to other pretreatment 

technologies (Eggeman and Elander, 2005; Mosier et al., 2005). 
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3.2.2 Modeling Dilute Acid Pretreatment 

          Modeling is an attractive way for researchers to find optimal pretreatment conditions 

without performing vast numbers of experiments.  Initial work on a dilute acid pretreatment 

model was done by Saeman (1945) who examined the acid hydrolysis of cellulose into 

glucose as well as the degradation of glucose.  His model was based on the idea that the 

overall relationship for both of these reactions was first order (3.1) with rate constants that 

could be described by the Arrhenius relationship between reaction rate and temperature (3.2) 

where k is the rate constant (min-1), t is time (min), A0 is a pre-exponential  
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constant (min-1), T is temperature (K), R is the gas constant, and E is the activation energy.  

The constants in this equation can be approximated empirically with the help of linearization 

and regression.  This model has since been applied to the hydrolysis of hemicellulose into 

xylose and the degradation of xylose into furfural and other degradation products.  Kobayashi 

and Sakai (1955) introduced the idea that a larger portion of hemicellulose tended to 

hydrolyze fast, while a smaller portion hydrolyzed slower and this version of the model 

appears to be a popular option (Carrasco and Roy, 1992; Jacobsen and Wyman, 2002; Yat et 

al., 2007).  For further development of a kinetic model for dilute acid pretreatment it has 

been suggested that the formation of oligomers, transport limitations, nonhomogenous 
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reactions, and relative binding of the hemicellulose portion to other components of the 

biomass (lignin) might need to be considered (Jacobsen and Wyman, 2000; Maloney et al., 

1985).  Although this illuminates a number of options for further pursuit of more complex 

kinetic models, there are other simpler options for easy modeling of dilute acid pretreatment 

for prediction and optimization.   

         A standard modeling technique often used as part of a statistical analysis or 

optimization instead of a kinetic model is a multiple linear regression (MLR).  An MLR is 

used to solve for coefficients for each term in a linear (often second order polynomial) 

equation that is then used to describe the response of a variable to input values.  This type of 

model can be used to create response surfaces or contour plots which are used to visualize 

optimum response regions.  Additionally, this type of model can be used to statistically 

identify both the inputs and interactions between inputs that are significant to the response.  

However each response variable needs to be handled with a separate set of coefficients and 

drastically increasing the number of inputs makes the model much more complicated and can 

make working with the MLR more difficult.  In the approximation of more complex and 

nonlinear systems the MLR may fall short because of the linear structure around which it is 

developed.   

         Another type of model which has not been tried in dilute acid pretreatment is the 

artificial neural network (ANN).  An ANN offers the benefit of modeling a complex system 

without the underlying mathematical descriptions as well as the option to model nonlinear 

systems easily and could save time and resources when searching for optimum pretreatment 
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conditions (O'Dwyer et al., 2008).  This study aims to assess the utility of using a simple 

ANN to model a dilute acid pretreatment step as applied to coastal bermudagrass.  

 

3.2.3 Artificial Neural Network  

          An ANN is mathematical way of simulating the way biological neurons in a brain learn 

the relationship between input and output data after training with example input and output 

data sets.  Studies in pharmaceuticals (Takayama et al., 1999), agriculture (Edriss et al., 

2008), and biofuels (Rajendra et al., 2008; O'Dwyer et al., 2008) have examined the potential 

for prediction and optimization possible with an ANN.  Figure 3.1 below shows an example 

of the architecture for a typical feedforward backpropagation ANN, which includes an input  

 

Figure 3.1  Basic schematic for an artificial neural network (ANN). 

 

layer with three inputs, a hidden layer that contains four neurons, layer weights, biases, and 

sigmoid transfer functions, and an output layer that includes layer weights, one neuron, and a 
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linear transfer function.  A feedforward backpropagation ANN feeds inputs forward through 

the architecture of the model to generate outputs and adjusts the weight values to minimize 

the difference between the predicted and the actual output.  This process is called 'learning' 

and it highlights the importance of training the network well.  Equation 3.3 shows the basic 

formula for how each neuron and transfer function set operates to produce an output  

 

 (a f w p b)= ⋅ +  (3.3) 

 (

1
1 w p ba

e ⋅ += )+  (3.4) 

 

and equation 3.4 shows this formula as applied though a sigmoid function, where a is the 

output, w is the weight, p is the input, and b is the bias.  Optimal training depends on several 

factors including the number neurons specified for a hidden layer, the number of hidden 

layers, the transfer functions, the training algorithm, and the method employed to avoid over-

fitting the data.  Generally for fewer than five inputs the optimal network performance occurs 

when the number of neurons in the hidden layer are double the number of inputs (Priddy et 

al., 2005).  Too many neurons can result in over-fitting and too few can result in under-

fitting.  Additionally, the simpler the ANN will learn best, so minimizing the number of 

hidden layers is ideal.  One of the most commonly used transfer functions is the sigmoid and 

when paired with a linear transfer function, the ANN can be used to approximate almost any 

problem (Priddy et al., 2005; Demuth et al., 2008).  Once trained optimally, the ANN can be 

used as a generalized model to accurately predict data within the range of training. 
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3.3 MATERIALS AND METHODS 

3.3.1 Dilute Acid Pretreatment 

         The data used in this study is from a full factorial experimental design that was 

developed to examine the effect of dilute acid pretreatment conditions (reaction temperature, 

acid concentration, and residence time) on the coastal bermudagrass sugar yields in the both 

the prehydrolyzate (PreH) and the hydrolyzate (EH) as well as the generation of sugar 

degradation products in the PreH.  The values of the design are based on literature reviewed 

and prior work on the dilute acid pretreatment of bermudagrass done by Sun and Cheng 

(2005).  Sulfuric acid concentrations of 0.3, 0.6, 0.9, and 1.2% (w/w) were examined at 

temperatures 120, 140, 160, and 180oC and residence times of 5, 15, 30, and 60 minutes.  

Each pretreatment combination was preformed in triplicate.           

 

Table 3.1  Composition of Coastal Bermudagrass. 

Component % weight of 
dry biomass 

Glucan 25.59 
Xylan 15.88 
Arabinan 1.95 
Galactan 1.46 
Acid insoluble lignin 15.37 
Acid soluble lignin 3.96 
Extractives 4.17 
Ash 6.6 

 

 

          Coastal bermudagrass was obtained in 2007 from Central Crops Research Station 

located in Clayton, NC courtesy of Dr. Joseph Burns of the Crop Science Department at 
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North Carolina State University and table 3.1 outlines the composition of the biomass.  The 

bermudagrass was ground to particle sizes no greater than 2mm and stored in sealed bags at 

ambient room temperature in the lab until used.  Stainless steel vessels were loaded with 3 g 

of ground bermudagrass and 30 ml of dilute sulfuric acid before being mixed and sealed.  

The vessels were heated indirectly in an oil bath with approximately a 12 minute heating 

period to get to temperature before a planned residence time at that temperature.  After 

pretreatment, the vessels were removed and placed in cold water for immediate cooling prior 

to being vacuum filtered.  The solids were rinsed with 60 ml of water to capture all the 

hydrolyzed sugars from the pretreatment step.  This filtrate, the PreH, was stored at -20oC for 

analysis later.  The solids were then rinsed with another 140 ml of water and stored in sealed 

plastic bags at 4oC for hydrolysis. 

 

3.3.2 Enzymatic Hydrolysis 

          Enzymatic hydrolysis was preformed in 50 ml centrifuge tubes maintained at 55ºC and 

155 rpm agitation for 72 hours by an automated shaking water bath (New Brunswick, model 

C76).  Each tube was first loaded with the retained rinsed pretreated biomass weighed to 

account for moisture so that each tube received the equivalent of 0.5 grams of dry biomass.  

Novozymes North America (Franklinton, NC) provided the cellulase, NS-50013, and the 

cellobiase, NS-50010, which were determined using an assay procedure derived from Ghose 

(1987) to have activities of 76.44 FPU/ml (filter paper units, where one unit equates to 1 

μmol of cellulose in the form of filter paper converted to glucose per minute) and 283.14 

CBU/ml (cellobiase units, where one unit equates to 1 μmol of cellobiose converted to 
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glucose per minute) respectively.  The enzymes were loaded in excess at 40 FPU of cellulase 

per gram of dry biomass and 70 CBU of cellobiase per gram of dry biomass to avoid any 

limitation in monomeric sugar production caused by enzyme deficiency.  Sodium azide, 

0.3% (w/v), was added to inhibit microbial growth.  Accounting for the amount of moisture 

in the biomass, the sodium azide, and the enzymes, the total amount of liquid in each tube 

was brought up to 15 ml using a 0.05 M sodium citrate buffer to maintain a pH of 4.8 during 

the enzymatic hydrolysis step. 

 

3.3.3 Sugar Analysis 

          The EH and PreH were analyzed using a high performance liquid chromatography 

system (HPLC) to quantify the sugar monomers.  The HPLC was also used to quantify 

prehydolyzate sugar degradation products.  An Aminex HPX-87P column was used to 

distinguish amounts of glucose, xylose, galactose, arabinose in the hydrolyzate samples.  The 

column was run at 80ºC with a flow rate of 0.6 ml/min using HPLC grade water as a mobile 

phase.  Samples injections were 10 μL and the runtime was 35 minutes.  A 25 minute post-

runtime was included to clear late-eluting compounds from the column.  For the 

prehydrolyzate samples, an Aminex HPX-87H column was used to quantify the levels of 

glucose, xylose, furfural, 5-hydroxyfuranmethal (HMF), formic acid, and levulinic acid.  

This column was run at 65ºC with a flow rate of 0.7 mL/min.  Sample injections were run for 

51 minutes.  Total sugars, monomeric sugars, and degradation products were calculated on a 

per gram of raw biomass basis.   
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3.4 MODEL 

         Several ANNs with differing numbers of hidden layer neurons and one standard 

second-order MLR were developed for relative comparison as non-kinetic empirical model 

options for describing dilute acid pretreatment.  The experimental data, 64 data points, was 

divided so that 75% was used to train the model and 25% was used to test the generalization 

ability of the model.  The training data was chosen to best fill the input data space (see figure 

3.2) which is an effective approach for generating computer models (Simpson et al., 2001).  

Two sets of data were used for testing with one set being the remaining initial experimental 

data at each temperature and concentration combination for the 15 minute residence time 

representing an intermediate slice through the input data space and the second set being data 

collected from the experimentally determined optimal region (see figure 3.2).  Although 

triplicates of the experimental data were collected, the data had a number of outliers which 

appeared to be due to consistent heating inequality during pretreatment, enzymatic hydrolysis 

error, or analysis error.  As a result many triplicates had two sets of measured values very 

close and one set with a clear difference.  To remedy this, one sample was removed 

systematically from each triplicate.  The remaining sets of duplicates were averaged and used 

to train and test the models in this study.  The response variables of interest were the xylose 

in the PreH, the Glucose in the PreH, the Furfural in the PreH, the HMF in the PreH, the 

xylose in the EH, and the glucose in the EH. 
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Figure 3.2  Three dimensional plot of the input space showing the spread of the training and testing 

data used in model development. 

 

 

3.4.1 Artificial Neural Network Model 

          MATLAB version 7.6.0.324 R2008a (The MathWorks, Natick, MA) was used to 

generate a feed-forward back-propagation neural network which modeled both the 

pretreatment and the enzymatic hydrolysis steps.  Given the enzymatic hydrolysis in this 

study was unconstrained by enzyme loading, this step was used as an indication of the 

success of the pretreatment, rather than a investigation of enzymatic hydrolysis.  As 

mentioned in the introduction, there are a number of different parameters that can be altered 

in the development of an ANN, however for simplicity, the ANN was limited to fairly 
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'default' options.  Only a single hidden layer was used.  The training algorithm trainbr was 

used to train the ANN in MATLAB.   Trainbr employs the Levenberg-Marquardt algorithm, 

a mixture of the Gauss-Newton algorithm and gradient descent for minimization, as a 

training algorithm and a Bayesian regularization algorithm that limits the magnitude of the 

weights in order to limit over-fitting.  A script was developed in MATLAB that trained the 

ANN over a range from three to twelve neurons using the default feed forward network 

learning rate in MATLAB of 0.01, the sum of squares error as a performance function, and 

allowing 250 epochs (iterations) to reach convergence.  The network was retrained 50 times 

for each number of neurons to account for variation in training outcome.  The hidden layer 

transfer function used was a sigmoid and the output layer transfer function was linear.  In 

each network, the three inputs, the pretreatment conditions, i.e. temperature (oC), acid 

concentration (% w/w), and time (minutes), were mapped to six outputs, xylose from the 

PreH, glucose from the PreH, xylose from the EH, glucose from the EH, furfural in the PreH, 

and HMF in the PreH.  All of the data input into the neural network was preprocessed to 

normalize means and standard deviations and to scale each input between -1 and 1 as the 

trainbr algorithm works best with data in this format.  The MATLAB code for the ANN can 

be referenced in Appendix E. 

 

3.4.2 Multiple Linear Regression Model 

         The experimental data was run through the RSREG procedure using SAS 9.1.3 (SAS 

Institute Inc., Cary, NC) to estimate the coefficients for the second-order polynomial 

(quadratic) equations used to approximate the relationship of temperature, acid concentration, 
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and time with each response variable.  The SAS code for this procedure and a table with the 

estimated coefficients can be found in Appendix C for reference.  Although some of the 

terms were found to be insignificant (p>0.01), these terms were left in the models and the full 

models were used in the assessment of the MLR method.  The coefficient estimates were 

transferred to a script written in MATLAB which plugged the values into the second-order 

polynomial equations and simulated the response variable outputs for each set of 

pretreatment condition inputs.  The MATLAB script is included for reference in Appendix D. 

 

3.4.3 Model Assessment Statistics 

        MATLAB was used to compute coefficient of determination (R2), the root mean 

squared error (RMSE), and the root percent deviation (RPD) for the training and testing sets 

of each model.  These statistics were used to assess the performance of model predictions 

compared to the actual data.  The R2 represents how well the approximated function predicts 

the response versus just using the response mean.  Values closest to 1 are best and the R2 was 

computed using the formula in equation 3.5.  The RMSE is a representation of the difference 

between the predicted and actual values and gives a sense of how close the predicted values 

are to the observed values in the units of those values.  Lower values of RMSE are best and it 

was calculated using the formula in equation 3.6.  The RPD represents the percent that the 

error was of the value being estimated.  Lower values are best and it was calculated using the 

formula in equation 3.7.  In equations 3.5, 3.6, and 3.7 the variable n is the number of 

samples, ypi is the predicted response, ypm is the predicted response mean, yai is the actual 

response, and yam is the actual response mean. 

 68



 
∑
∑

=

=

−

−
= n

i amai

n

i pmpi

yy

yy
R

1
2

2
12

)(

)(
 (3.5) 

 2

1

1 (
n

pi ai
i

RMSE y y
n =

= −∑ )  (3.6) 

 ∑
=

−
=

n

i ai

aipi

y

yy

n
RPD

1

100  (3.7) 

 

3. 5 RESULTS AND DISCUSSION 

3.5.1 Training Data Set 

         The R2, RMSE, and RPD statistics from the training data are shown in table 3.2 for 

each model.  Multiple ANN models are presented to show the effect of increasing the number 

of neurons in the hidden layer on the ability of the model to fit and predict the response 

variables.  Generally, as the number of hidden layer neurons in the ANN increases, the R2 

values increase slightly and the RMSE and RPD values decrease slightly.  This suggests that 

a more complex ANN is better at fitting the training data, but a testing set is needed to 

address the possibility of over-fitting. Overall, the statistics between models remain fairly 

close with exceptions being that the MLR model does not fit the training data for xylose level 

in the PreH as well as the ANN models and the ANN models do not fit the HMF data as well 

as the MLR model.  Additionally, the RPD statistic for furfural formation is greater than 

200% in all of the models which demonstrates that none of the models predict the furfural 

formation well.  From the training data, the ANN model with 12 hidden layer neurons 

appears to be the best predictor.  
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Table 3.2  Artificial neural network (ANN) and multiple linear regression (MLR) R2, RMSE, and 

RPD values from training data. 

    Xylose Glucose Xylose Glucose Furfural HMF 
 Statistic Model PreH PreH EH EH PreH PreH 
R2 MLR  0.72 0.81 0.74 0.91 0.94 0.92 
 ANN 3 Neuron 0.94 0.75 0.75 0.93 0.94 0.82 
 ANN 4 Neuron 0.95 0.76 0.79 0.95 0.94 0.83 
 ANN 5 Neuron 0.96 0.82 0.85 0.96 0.94 0.84 
 ANN 6 Neuron 0.97 0.84 0.90 0.97 0.94 0.85 
 ANN 9 Neuron 0.99 0.89 0.92 0.99 0.95 0.87 
  ANN 12 Neuron 0.99 0.92 0.93 0.99 0.96 0.89 
RMSE MLR  25.95 5.47 5.64 14.97 4.49 1.07 
(mg/g) ANN 3 Neuron 12.40 6.36 5.57 13.18 4.63 1.69 
 ANN 4 Neuron 10.71 6.22 5.02 10.89 4.58 1.64 
 ANN 5 Neuron 9.85 5.30 4.20 9.67 4.50 1.57 
 ANN 6 Neuron 8.41 4.98 3.52 8.02 4.31 1.52 
 ANN 9 Neuron 4.80 4.20 3.22 5.63 3.93 1.36 
  ANN 12 Neuron 3.49 3.60 2.87 4.10 3.50 1.25 
RPD MLR  82.91 32.64 331.82 7.11 372.66 45.71 
(%) ANN 3 Neuron 32.98 33.89 96.45 6.03 326.49 80.97 
 ANN 4 Neuron 24.93 33.37 94.19 4.76 341.76 92.69 
 ANN 5 Neuron 22.52 27.34 104.03 4.31 273.09 83.34 
 ANN 6 Neuron 18.75 25.43 114.58 3.42 233.79 72.96 
 ANN 9 Neuron 11.48 20.32 71.22 2.41 256.62 65.04 
  ANN 12 Neuron 8.31 17.12 57.26 1.67 221.74 65.63 

 

 

3.5.2 First Testing Data Set 

         Table 3.3 contains the R2, RMSE, and RPD statistics for the first testing set of data.  

This test set was a slice through the input space for each temperature and concentration 

combination at the 15 minute time point.  In general the same trends that were seen in the 

training data statistics are seen in the testing data statistics.  Again, most notable is the fact 

that the xylose level in the pretreatment is more accurately predicted by the ANN versus the 

MLR.  For the MLR and the ANN models with six or fewer neurons, the R2 and RMSE are 

close to those found for the training data, which suggests that these models are predicting 
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consistently and generalize well.  The ANN models with more than six neurons showed 

substantial increases in the RMSE for PreH xylose (~3 times) and EH glucose (~3 times) 

which could represent over-fitting.  This observation supports the earlier expectation that 

approximately double the number of inputs is the optimum number of neurons to use in the 

hidden layer and as represented by the first testing set, the ANN model with six neurons 

appears to be the best predictor.  

 

 

Table 3.3  Artificial neural network (ANN) and multiple linear regression (MLR) R2, RMSE, and 

RPD values from first testing data set. 

    Xylose Glucose Xylose Glucose Furfural HMF 
 Statistic Model PreH PreH EH EH PreH PreH 
R2 MLR  0.73 0.93 0.73 0.93 0.98 0.98 
 ANN 3 Neuron 0.92 0.80 0.69 0.90 0.95 0.92 
 ANN 4 Neuron 0.94 0.80 0.75 0.92 0.94 0.91 
 ANN 5 Neuron 0.94 0.86 0.81 0.92 0.96 0.94 
 ANN 6 Neuron 0.94 0.89 0.86 0.93 0.98 0.96 
 ANN 9 Neuron 0.95 0.94 0.87 0.93 0.98 0.97 
  ANN 12 Neuron 0.95 0.96 0.88 0.93 0.98 0.97 
RMSE MLR  23.60 4.75 6.70 14.39 4.30 0.41 
(mg/g) ANN 3 Neuron 13.10 7.65 5.57 17.42 4.50 0.82 
 ANN 4 Neuron 11.76 7.58 5.02 15.95 4.79 0.84 
 ANN 5 Neuron 11.56 6.28 4.20 15.87 4.22 0.71 
 ANN 6 Neuron 11.85 5.85 3.52 14.91 3.92 0.58 
 ANN 9 Neuron 12.30 4.45 3.22 15.44 4.29 0.55 
  ANN 12 Neuron 12.35 3.81 2.87 14.99 4.02 0.51 
RPD MLR  13.65 14.52 15.20 5.00 327.55 51.82 
(%) ANN 3 Neuron 8.66 11.45 12.68 2.58 183.60 27.89 
 ANN 4 Neuron 5.84 11.38 12.60 2.04 199.96 33.11 
 ANN 5 Neuron 6.08 8.76 8.38 2.00 162.63 29.77 
 ANN 6 Neuron 6.05 7.73 6.41 1.70 102.38 25.80 
 ANN 9 Neuron 7.12 5.43 6.35 1.81 123.51 20.19 
  ANN 12 Neuron 6.27 4.82 6.26 1.78 115.42 16.94 
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3.5.3 Second Testing Data Set 

         One further set of testing data was obtained using the same methods as described above 

for eight data points located in an optimal (high total sugar, low furans) operating region for 

the dilute acid pretreatment of coastal bermudagrass.  This region was found using a contour 

plot created from the total set of experimental data (data and contour plot not shown) and this 

testing set is meant to help better assess how close the models fulfill the intended role of 

predicting data of interest in the optimal region.  Table 3.4 contains the R2, RMSE, and RPD 

statistics for this second testing set.  The R2 statistic is much lower for each model in the 

second testing set, however this reduction from the first testing set is amplified by the small 

sample size and lack of symmetry in the response.  The differences between the models are 

most evident through the statistics from this testing set.  Examining the R2 and RMSE values 

shows that any of the ANN models predict the xylose and furfural levels in the PreH best, the xylose 

and glucose in the EH are predicted slightly better by the MLR, and the glucose and HMF in the PreH 

are predicted closely by all models.  Looking at the RPD values shows that the errors made in the 

MLR model are on average a larger percentage of the value being predicted than the errors made in 

any of the ANN models.  Although there are signs of slight over-fitting when looking at the decrease 

and then increase in RMSE statistics for the xylose, furfural, and HMF in the PreH in the ANN 

models, in general the ANN models do no vary substantially between different numbers of neurons.  

This may speak to the effectiveness of the Bayesian regularization algorithm in limiting the effects of 

over-fitting.  The six neuron ANN appears to be the most attractive predictor based on the simplicity 

of this ANN versus 12 neurons as well as the low RMSE and the RPD statistics. 
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Table 3.4  Artificial neural network (ANN) and multiple linear regression (MLR) R2, RMSE, and 

RPD values from second testing data set. 

    Xylose Glucose Xylose Glucose Furfural HMF 
 Statistic Model PreH PreH EH EH PreH PreH 
R2 MLR  0.60 0.25 0.48 0.60 0.77 0.85 
 ANN 3 Neuron 0.67 0.27 0.06 0.22 0.59 0.24 
 ANN 4 Neuron 0.60 0.24 0.02 0.32 0.52 0.14 
 ANN 5 Neuron 0.52 0.31 0.12 0.33 0.57 0.32 
 ANN 6 Neuron 0.45 0.30 0.13 0.34 0.59 0.44 
 ANN 9 Neuron 0.24 0.29 0.28 0.47 0.66 0.50 
  ANN 12 Neuron 0.20 0.43 0.49 0.38 0.73 0.47 
RMSE MLR  32.31 7.82 1.94 6.56 8.21 5.03 
(mg/g) ANN 3 Neuron 9.26 7.16 3.55 12.57 6.14 4.81 
 ANN 4 Neuron 7.85 6.89 4.23 10.83 6.01 4.87 
 ANN 5 Neuron 8.54 7.24 3.81 10.19 5.55 5.02 
 ANN 6 Neuron 9.04 7.20 3.89 9.51 5.34 5.12 
 ANN 9 Neuron 11.31 7.04 3.83 8.13 6.42 5.15 
  ANN 12 Neuron 12.08 6.63 3.80 8.42 6.54 5.22 
RPD MLR  5.44 21.21 17.09 2.73 184.35 50.73 
(%) ANN 3 Neuron 0.83 3.09 2.58 0.75 35.94 8.57 
 ANN 4 Neuron 0.76 3.03 2.79 0.65 34.99 8.66 
 ANN 5 Neuron 0.81 3.26 2.49 0.59 30.68 8.86 
 ANN 6 Neuron 0.86 3.29 2.50 0.57 27.81 8.76 
 ANN 9 Neuron 1.01 3.19 2.66 0.45 31.39 8.78 
  ANN 12 Neuron 1.09 3.06 2.89 0.45 31.16 9.18 

 

 

         A comparison of the predictions of a standard 2nd-order polynomial and the predictions 

of a feedforward backpropagation ANN with six neurons in the hidden layer versus the actual 

experimental values is shown in the plots in figure 3.3.  In the plots it is easy to visualize how 

similar these two predictive models are excluding the xylose levels in the PreH where the 

errors in the MLR predictions are noticeably larger than the errors in the ANN predictions.  

This is especially true at higher levels of xylose in the PreH and indicates an advantage to 

using an ANN over an MLR in predicting optimal pretreatment parameters. 
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Figure 3.3  Combined training and testing predicted values versus actual experimental values for an 

ANN with 6 neurons in the hidden layer and an MLR where (a) xylose from pre-hydrolyzate, (b) 

glucose from pre-hydrolyzate , (c) xylose from enzymatic hydrolysis, (d) glucose from enzymatic 

hydrolysis, (e) furfural, and (f) HMF. 
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3.5.4 Conclusion 

          This study was able to demonstrate the utility of a six neuron feedforward 

backpropagation ANN for modeling a dilute acid pretreatment step at least as well as a 

standard 2nd-order polynomial MLR method.  There is also support that the ANN model can 

predict the xylose levels in the PreH with superior accuracy over the MLR model, which may 

be due to nonlinear approximation inherent with the ANN architecture used.  Though this 

particular example was limited in scope to the dilute acid pretreatment of coastal 

bermudagrass, an ANN could be expanded to include other input variables like the feedstock 

(composition), reactor type, and solid loading to improve the ability of the model to 

generalize a wider array of pretreatment situations.  Changing the acid concentration input to 

a pH input would potentially allow for the use of a single ANN (after proper training) with 

multiple pretreatment methods.  Additionally, outputs could be added to account for changes 

in biomass structural features after pretreatments rather than just monomeric sugar yields.  A 

widely generalized complex model trained to output post-pretreatment biomass structural 

features could be used in conjunction with another ANN, like that presented by O'Dwyer et 

al. (2008), which models the digestibility of the biomass during enzymatic hydrolysis.  

Together these models could aid in the development of a generalized (across pretreatments) 

economic model.  
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CHAPTER 4 

  
CONCLUSIONS 

 

4.1 SUMMARY AND CONCLUSIONS 

          Coastal bermudagrass is an appropriate choice as a lignocellulosic feedstock to use in 

bioethanol production when coupled with dilute sulfuric acid pretreatment.  Experimentally, 

it was established that the dilute acid pretreatment of coastal bermudagrass at temperatures 

higher than 120ºC can enhance the effectiveness of the pretreatment and can lower the acid 

concentration and pretreatment time required for an effective pretreatment.  Coupled with 

this finding, it was demonstrated that harsher pretreatments will quickly begin to degrade the 

sugars in coastal bermudagrass into furfurals.  As a result, it was a set of pretreatment 

conditions of intermediate severity that were found which gave high sugar yields (>80%) and 

generated low amounts of degradation products.  The highest total sugar yield was found to 

be 97% at both 0.9% acid at 160ºC for 15 minutes and 1.2% acid at 160ºC for 5 minutes.  A 

simple fermentation simulation illuminated that a slightly lower total sugar yield of 94% after 

a pretreatment with 1.2% acid at 140 ºC for 30 minutes may be the more optimal choice 

because of higher ethanol yield due to lower concentration of furfurals (< 1 g/L yeast 

inhibition threshold). 

          From the experiments, multiple sets of pretreatment conditions were found to yield 

similar amounts of sugars.  This illuminated the interactions between temperature, acid 

concentration, and time, which led to the development of a model for use in predicting the 

sugar and furfural yields after dilute acid pretreatments conditions not examined 
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experimentally.  In an assessment of an artificial neural network (ANN), it was found that the 

ANN was able to predict sugar yields well based on statistics that describe how well the 

predicted values match the actual values.  When compared to a more standard method, the 

multiple linear regression (MLR) model, it was found that the ANN predict most variables 

closely, except for the xylose level in the prehydrolyzate, which it can predict more 

accurately than an MLR. 

 

4.2 SUGGESTIONS FOR FUTURE WORK 

          Further research can be conducted related to each of the major subjects addressed in 

this study, i.e. pretreatment, enzymatic hydrolysis, fermentation, and modeling.  Pretreatment 

work could include testing alternative acids, like acetic acid, testing larger biomass particle 

sizes, and testing larger solid loadings.  It would also be interesting to try and quantify lignin 

degradation products in order to correlate them with either pretreatment severity or the 

formation of sugar degradation products.  In this study, it was assumed that enzymatic 

hydrolysis was ideal, but testing could be done to check the minimum enzyme loading, to 

examine the relationship between degradation products and enzyme activity, and to look at 

enzymatic hydrolysis under more realistic conditions.  Fermentation using organisms that 

convert both five and six carbon sugars would be also be useful, especially to check against 

expectations of inhibition from furfurals.  Finally, an economic model which examines 

energy and chemical costs would be useful for establishing the true optimal pretreatment 

conditions.  This type of economic model could be built from data generated from a more 
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generalized artificial neural network which would be developed to take into account other 

feedstocks and other pretreatment methods. 
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APPENDIX A:  ANOVA SAS CODE  

data pretreatment; 
input temp conc time TRS@; 
datalines; 
Temp. Data     Conc. Data     Time Data     Sugar Data 
; 
 
proc glm data=pretreatment;  
    
   model trs= temp|conc|time; 
   lsmeans temp conc time temp*conc temp*time conc*time temp*conc*time  
   /pdiff=all; 
    
run; 
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APPENDIX B:  LIGNIN DATA 

 

Table A.1  Average percentage change in lignin measured in biomass between raw 
and pretreated biomass.  (negative sign denotes more lignin present in pretreated  

biomass than orgininally found in raw biomass). 
 

    Acid Concentration, %(w/w) 
Temp. 

ºC 
Time, 
min 0.3% 0.6% 0.9% 1.2% 

120 5 -13.2 -4.9 -0.9 -9.4 
120 15 -12.2 -4.9 0.9 -2.6 
120 30 -7.2 -2.6 1.3 1.2 
120 60 -5.3 4.1 2.7 -4.8 
140 5 -4.4 -6.5 7.4 13.6 
140 15 -4.8 -4.2 12.9 10.3 
140 30 -4.7 -1.3 3.0 9.9 
140 60 -2.0 0.8 -2.0 10.2 
160 5 -4.4 12.3 10.9 7.6 
160 15 11.2 6.0 12.5 0.5 
160 30 7.1 16.3 7.5 -3.7 
160 60 0.7 2.9 -8.7 -14.6 
180 5 15.5 13.1 11.2 15.9 
180 15 4.3 6.2 5.6 8.7 
180 30 2.9 -4.4 -6.4 -12.9 
180 60 -2.5 -12.1 -9.5 -12.4 

 

 

 

 

 

 

 

 

 

 83



APPENDIX C:  MLR SAS CODE (RSREG) 

data pretreatment; 
input temp conc time TRS@; 
datalines; 
Temp. Data     Conc. Data     Time Data     Sugar Data 
; 
 
PROC RSREG data=pretreatment out=response; 
    MODEL TRS=temp conc time/ predict; 
run; 

 

Table A.2  Estimates for multiple linear regression coefficients from the RSREG procedure in SAS. 

 

Coeff. Variable PreH 
Xylose 

PreH 
Glucose 

EH 
Xylose 

EH 
Glucose 

PreH 
Furfural 

PreH 
HMF 

B1 intercept -1592.7 -130.53 -45.454 -1320.3 217.06 51.124 
B2 temp 18.73 1.5303 0.96307 14.941 -3.0633 -0.68388 
B3 conc 443.79 -25.411 43.509 552.63 -51.112 -15.946 
B4 time 5.8851 0.95603 0.50176 5.8603 -0.86785 -0.17364 

B5 temp* 
temp -0.053741 -0.004509 -0.003175 -0.036614 0.010443 0.002247 

B6 conc* 
temp -1.6487 0.35974 -0.33241 -2.1777 0.36334 0.10742 

B7 conc* 
conc -85.242 -2.4301 -1.7084 -101.38 5.6041 1.2927 

B8 time* 
temp -0.037095 -0.003983 -0.003098 -0.026061 0.009272 0.001755 

B9 time* 
conc -0.18281 -0.063478 -0.14415 -0.74124 0.035897 0.036147 

B10 time* 
time -0.001935 -0.003713 6.44E-05 -0.013492 -0.003999 -0.00092 
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APPENDIX D:  MATLAB CODE FOR MLR 

%Input data from files into matrices in MATLAB for manipulation 
p = load('NNModelInputPartial2.txt'); %training dataset:inputs 
t = load('NNModelOutputPartial2.txt'); %training dataset:outputs 
b = load('RSREGEstimate.txt');  %coefficient estimates 
t0 = load('NNModelOutputPartial2NOZERO.txt'); %data with zeroes replaced by 
                                                           %lowest measureable threshold 
                                                      %of 0.1 for division purposes 
p = transpose(p); 
t = transpose(t); 
t0 = transpose(t0); 
 
 
%initialize counters and matrices 
temps = transpose(p(:,1)); 
concs = transpose(p(:,2)); 
times = transpose(p(:,3)); 
yMLR=[]; 
n=1; 
l=1; 
counter = size(temps,2); 
 
%MLR Equation populated with coefficient estimates from SAS and run in a 
%loop for each set of pretreatment conditions  
h=1; 
for h=1:counter 
    temp=temps(h); 
    conc=concs(h); 
    time=times(h); 
    yMLR(:,n) = b(:,1) + (b(:,2).*temp) + (b(:,3).*conc) + (b(:,4).*time) + (b(:,5).*temp.*temp) + 
(b(:,6).*conc.*temp) + (b(:,7).*conc.*conc) + (b(:,8).*time.*temp) + (b(:,9).*time.*conc) + 
(b(:,10).*time.*time); 
     
    h=h+1; 
    n=n+1; 
end 
 
 
%RMSE calculation 
net_error = yMLR-t; 
MSE_PreH_X = mse(net_error(1,:)); 
MSE_PreH_G = mse(net_error(2,:)); 
MSE_EH_X = mse(net_error(3,:)); 
MSE_EH_G = mse(net_error(4,:)); 
MSE_Furfural = mse(net_error(5,:)); 
MSE_HMF = mse(net_error(6,:)); 
 
RMSE_PreH_X=sqrt(MSE_PreH_X) 
RMSE_PreH_G=sqrt(MSE_PreH_G) 
RMSE_EH_X=sqrt(MSE_EH_X) 
RMSE_EH_G=sqrt(MSE_EH_G) 
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RMSE_Furfural=sqrt(MSE_Furfural) 
RMSE_HMF=sqrt(MSE_HMF) 
 
 
%RSquare calculation 
for column = 1:1:6 
    r = corrcoef(yMLR(column,:),t(column,:)); 
    r = r(1,2); 
    R_Square(1,column) = r^2; 
end 
R_Square 
 
 
%RPD calculation 
RPD = 100*sum(abs(net_error)./abs(t0),2)/counter 
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APPENDIX E:  MATLAB CODE FOR ANN 

%Input, transpose, and scaling of model inputs (p) and model outputs (t) 
%Training Data 
p = load('NNModelInputPartial2.txt'); 
t = load('NNModelOutputPartial2.txt'); 
t0 = load('NNModelOutputPartial2NOZERO.txt'); 
p = transpose(p); 
t = transpose(t); 
t0 = transpose(t0); 
 
%First Test Set 
p1 = load('NNModelInputCheck2.txt'); 
t1 = load('NNModelOutputCheck2.txt'); 
t10 = load('NNModelOutputCheck2NOZERO.txt'); 
p1 = transpose(p1); 
t1 = transpose(t1); 
t10 = transpose(t10); 
 
%Second Test Set 
p2 = load('NNModelInputCheck4.txt'); 
t2 = load('NNModelOutputCheck4.txt'); 
p2 = transpose(p2); 
t2 = transpose(t2); 
t20= t2; 
 
%initalize values, counters, and storage matrices 
R_Square = []; 
RMSE = []; 
Summary = []; 
n=0; 
counter = size(p,2); 
counter1 = size(p1,2); 
counter2 = size(p2,2); 
 
%Starts of a loop that runs through and records average ANN performance  
%statistics for different numbers of neurons (in this case from 3 to 12 neurons) 
for neuron=3:1:12  
 
%Below are function to create new ANN and train it 
     net = newff(p,t,neuron,[],'trainbr'); 
     net.inputs{1}.processFcns = {'mapminmax','processpca','mapstd'}; 
     net.inputs{1}.processParams{2}.maxfrac = 0.001; 
     net.outputs{2}.processFcns = {'mapminmax','mapstd'}; 
     net.trainParam.epochs = 7000; 
     net.divideFcn =''; 
     net.trainParam.show = 10; 
     net.performFcn = 'mse'; 
     [net,tr]=train(net,p,t); 
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     % The 'rerun' loop is how many iterations the ANN is run for a particular 
     % number of neurons  
     for rerun = 1:1:1 
          
        net = init(net); 
        [net,tr]=train(net,p,t); 
         
        %simulate network with training data 
        y = sim(net,p); 
 
        % Compute the R_Square and RMSE statistics for the training data 
        net_error = t-y; 
 
        MSE_PreH_X = mse(net_error(1,:)); 
        MSE_PreH_G = mse(net_error(2,:)); 
        MSE_EH_X = mse(net_error(3,:)); 
        MSE_EH_G = mse(net_error(4,:)); 
        MSE_Furfural = mse(net_error(5,:)); 
        MSE_HMF = mse(net_error(6,:)); 
 
        RMSE_PreH_X=sqrt(MSE_PreH_X); 
        RMSE_PreH_G=sqrt(MSE_PreH_G); 
        RMSE_EH_X=sqrt(MSE_EH_X); 
        RMSE_EH_G=sqrt(MSE_EH_G); 
        RMSE_Furfural=sqrt(MSE_Furfural); 
        RMSE_HMF=sqrt(MSE_HMF); 
 
        % Matrix for recording the RMSE after each run of the training set 
        % in order to average them later       
        RMSE(rerun,:) = 
[RMSE_PreH_X,RMSE_PreH_G,RMSE_EH_X,RMSE_EH_G,RMSE_Furfural,RMSE_HMF]; 
 
        for row = 1:1:6 
 
            %RSquare calculation 
            r = corrcoef(y(row,:),t(row,:)); 
            r = r(1,2); 
            R_Square(rerun,row) = r^2; 
             
        end 
         
        %RPD calculation and storage matrix for training set 
        RPD(rerun,:) = transpose(100*sum(abs(net_error./t0),2)/counter);          
         
        % Simulate network with first testing set 
                y1 = sim(net,p1); 
 
        % Compute the R_Square and RMSE statistics for the first testing set 
        net_error = t1-y1; 
 
        MSE_PreH_X = mse(net_error(1,:)); 
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        MSE_PreH_G = mse(net_error(2,:)); 
        MSE_EH_X = mse(net_error(3,:)); 
        MSE_EH_G = mse(net_error(4,:)); 
        MSE_Furfural = mse(net_error(5,:)); 
        MSE_HMF = mse(net_error(6,:)); 
 
        RMSE_PreH_X=sqrt(MSE_PreH_X); 
        RMSE_PreH_G=sqrt(MSE_PreH_G); 
        RMSE_EH_X=sqrt(MSE_EH_X); 
        RMSE_EH_G=sqrt(MSE_EH_G); 
        RMSE_Furfural=sqrt(MSE_Furfural); 
        RMSE_HMF=sqrt(MSE_HMF); 
         
        % Matrix for recording the RMSE after each run of the first test set 
        % in order to average them later 
        Test1RMSE(rerun,:) = 
[RMSE_PreH_X,RMSE_PreH_G,RMSE_EH_X,RMSE_EH_G,RMSE_Furfural,RMSE_HMF]; 
 
        for row = 1:1:6 
 
            %R Square of first testing set 
            r = corrcoef(y1(row,:),t1(row,:)); 
            r = r(1,2); 
            Test1R_Square(rerun,row) = r^2; 
             
        end 
         
        %RPD calculation and storage matrix for first test set 
        RPD1(rerun,:) = transpose(100*sum(abs(net_error./t10),2)/counter); 
         
        %Simulation with second test set 
                y2 = sim(net,p2); 
 
        % Compute the R_Square and RMSE statistics for the second testing set 
        net_error = t2-y2; 
 
        MSE_PreH_X = mse(net_error(1,:)); 
        MSE_PreH_G = mse(net_error(2,:)); 
        MSE_EH_X = mse(net_error(3,:)); 
        MSE_EH_G = mse(net_error(4,:)); 
        MSE_Furfural = mse(net_error(5,:)); 
        MSE_HMF = mse(net_error(6,:)); 
 
        RMSE_PreH_X=sqrt(MSE_PreH_X); 
        RMSE_PreH_G=sqrt(MSE_PreH_G); 
        RMSE_EH_X=sqrt(MSE_EH_X); 
        RMSE_EH_G=sqrt(MSE_EH_G); 
        RMSE_Furfural=sqrt(MSE_Furfural); 
        RMSE_HMF=sqrt(MSE_HMF); 
         
        % Matrix for recording the RMSE after each run of the second test set 
        % in order to average them later 
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        Test2RMSE(rerun,:) = 
[RMSE_PreH_X,RMSE_PreH_G,RMSE_EH_X,RMSE_EH_G,RMSE_Furfural,RMSE_HMF]; 
 
        for row = 1:1:6 
 
            %R Square of second testing set 
            r = corrcoef(y2(row,:),t2(row,:)); 
            r = r(1,2); 
            Test2R_Square(rerun,row) = r^2   
        end 
         
        %RPD calculation and storage matrix for second test set 
        RPD2(rerun,:) = transpose(100*sum(abs(net_error./t20),2)/counter); 
 
     end 
      
     %compile averages and standard deviations of Neural Net Runs 
     R2_Average = 
[mean(R_Square(:,1)),mean(R_Square(:,2)),mean(R_Square(:,3)),mean(R_Square(:,4)),mean(R_Square(:,5)),m
ean(R_Square(:,6))]; 
     R2_STD = 
[std(R_Square(:,1)),std(R_Square(:,2)),std(R_Square(:,3)),std(R_Square(:,4)),std(R_Square(:,5)),std(R_Square(:
,6))]; 
     RMSE_Average = 
[mean(RMSE(:,1)),mean(RMSE(:,2)),mean(RMSE(:,3)),mean(RMSE(:,4)),mean(RMSE(:,5)),mean(RMSE(:,6)
)]; 
     RMSE_STD = 
[std(RMSE(:,1)),std(RMSE(:,2)),std(RMSE(:,3)),std(RMSE(:,4)),std(RMSE(:,5)),std(RMSE(:,6))]; 
     RPD_Average = 
[mean(RPD(:,1)),mean(RPD(:,2)),mean(RPD(:,3)),mean(RPD(:,4)),mean(RPD(:,5)),mean(RPD(:,6))]; 
      
     R2_Average1 = 
[mean(Test1R_Square(:,1)),mean(Test1R_Square(:,2)),mean(Test1R_Square(:,3)),mean(Test1R_Square(:,4)),m
ean(Test1R_Square(:,5)),mean(Test1R_Square(:,6))]; 
     R2_STD1 = 
[std(Test1R_Square(:,1)),std(Test1R_Square(:,2)),std(Test1R_Square(:,3)),std(Test1R_Square(:,4)),std(Test1R_
Square(:,5)),std(Test1R_Square(:,6))]; 
     RMSE_Average1 = 
[mean(Test1RMSE(:,1)),mean(Test1RMSE(:,2)),mean(RMSE(:,3)),mean(Test1RMSE(:,4)),mean(Test1RMSE(
:,5)),mean(Test1RMSE(:,6))]; 
     RMSE_STD1 = 
[std(Test1RMSE(:,1)),std(Test1RMSE(:,2)),std(Test1RMSE(:,3)),std(Test1RMSE(:,4)),std(Test1RMSE(:,5)),st
d(Test1RMSE(:,6))]; 
     RPD1_Average = 
[mean(RPD1(:,1)),mean(RPD1(:,2)),mean(RPD1(:,3)),mean(RPD1(:,4)),mean(RPD1(:,5)),mean(RPD1(:,6))]; 
      
     R2_Average2 = 
[mean(Test2R_Square(:,1)),mean(Test2R_Square(:,2)),mean(Test2R_Square(:,3)),mean(Test2R_Square(:,4)),m
ean(Test2R_Square(:,5)),mean(Test2R_Square(:,6))]; 
     R2_STD2 = 
[std(Test2R_Square(:,1)),std(Test2R_Square(:,2)),std(Test2R_Square(:,3)),std(Test2R_Square(:,4)),std(Test2R_
Square(:,5)),std(Test2R_Square(:,6))]; 
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     RMSE_Average2 = 
[mean(Test2RMSE(:,1)),mean(Test2RMSE(:,2)),mean(Test2RMSE(:,3)),mean(Test2RMSE(:,4)),mean(Test2R
MSE(:,5)),mean(Test2RMSE(:,6))]; 
     RMSE_STD2 = 
[std(Test2RMSE(:,1)),std(Test2RMSE(:,2)),std(Test2RMSE(:,3)),std(Test2RMSE(:,4)),std(Test2RMSE(:,5)),st
d(Test2RMSE(:,6))]; 
     RPD2_Average = 
[mean(RPD2(:,1)),mean(RPD2(:,2)),mean(RPD2(:,3)),mean(RPD2(:,4)),mean(RPD2(:,5)),mean(RPD2(:,6))]; 
      
     n=n+1; 
      
 
% Summary of averages for each statistic and each number of neurons 
 
Summary(n,:)=[R2_Average R2_STD RMSE_Average RMSE_STD R2_Average1 R2_STD1 
RMSE_Average1 RMSE_STD1 R2_Average2 R2_STD2 RMSE_Average2 RMSE_STD2 RPD_Average 
RPD1_Average RPD2_Average] 
      
      
end      
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