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Abstract 

Lignin can be regarded as the major resource of biobased aromatics, such as resins, 

bioplastics, and fuel additives. These valuable chemical products and fuels can be generated 

from lignin by depolymerizing it into small fragments. Via a catalytic depolymerization process 

using supercritical ethanol and a metal oxide catalyst (CuMgAlOx), lignin can be converted into 

crude lignin oil (CLO). By using a stage gate scale-up methodology, the viability of this lignin 

conversion technology is evaluated. The limitations of the lignin valorization technology is 

investigated by studying the process parameters on lab scale that could influence the output 

product streams: reaction temperature, lignin loading, catalyst concentration, catalyst particle 

size, and reaction time. Design of experiments is employed to produce experimental data for 

the fitting of response surfaces for the output product streams: monomer yield, yield of THF-

soluble fragments, and yield of THF-insoluble fragments & char.   

Qualitative relationships between the studied process parameters and the product streams 

were determined based on the mass balances and product analyses. It was found that high 

lignin loadings lowered the solubility of lignin in the solvent and reduced the degree of 

depolymerization. At high temperatures, the highest yields of depolymerized products were 

found, indicating high rates of depolymerization reactions as well as repolymerization 

suppression reactions. Dominating condensation reactions at moderate temperatures were 

emphasized at increased lignin loading. Furthermore, low reaction temperatures reduced the 

desorption of lignin fragments from the catalyst surface. 

The response surfaces of the yield of THF-soluble fragments and the yield of THF-insoluble 

fragments & char confirmed the qualitative relationships that were observed, and provided 

quantitative effect sizes for the studied process parameters. The chosen range of catalyst 

particle size had no significant effect on the two modeled output variables. Furthermore, 

reaction time had no effect on the THF-soluble products output variable, while the response 

surface for THF-insoluble & char output variable included a quadratic time effect.  

The developed kinetic model based on ‘lumping’ for the lignin conversion process requires an 

improved quality of the experimental data set by adding replicates, as well as reevaluation of 

the proposed reaction network. From the derived rate constants, a first indication was found 

that lignin solvolysis is the dominant pathway at low reaction temperatures. Additionally, the 

enhanced catalytic activity at high reaction temperature was confirmed.  

The results from this thesis work can contribute to the estimation of an optimum process 

operating window and the viability of the lignin conversion technology during the scale-up 

process. Additional studies into lignin solubility in ethanol could reveal more details on the 

solubility limit of lignin and the consequent maximum achievable lignin loading for an efficient 

conversion into desired aromatics.  



 Technische Universiteit Eindhoven University of Technology 

 

5 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

1 Introduction 

1.1 Sustainable resources for energy and 
chemicals 

With a growing world population and evolving industries worldwide, the world’s energy need will 

continue to rise. In 2016, a 30% rise in global energy demand was foreseen to 2040.1 Currently, 

fossil raw materials make up for approximately 80% of the world’s total energy supply. With the 

depletion of fossil raw materials as a source for energy, fuels and chemicals, the need for 

renewable and sustainable resources becomes increasingly important. In 2008, a study 

predicted that the depletion times for fossil raw materials are approximately 35, 37, and 107 

years for oil, gas, and coal respectively.2  

Furthermore, environmental concerns due to climate change add to the necessity of developing 

sustainable technologies to replace fossil-based energy, fuels and chemicals. The latest report 

by the Intergovernmental Panel on Climate Change (IPCC) from 2014 states that it is “extremely 

likely” that anthropogenic greenhouse gas emissions (i.e. carbon dioxide, methane and nitrous 

oxide) are the dominant cause of the observed warming since the mid-20th century.3  

According to the International Energy Agency, the share of fossil raw materials will reduce to 
75% by 2035, with an increase in energy from renewable sources from 15% to 18% of the 
world’s total energy supply.4 Wind and solar energy are increasingly contributing, while 
hydropower an bioenergy remain the largest source of renewables-based energy supply.1 
Though the competitiveness of renewables-based energy is evolving, governmental support 
(e.g. subsidies and carbon pricing) remains important to compete with fossil-based energy and 
fuels. Advanced biofuels produced from lignocellulosic biomass are most promising to compete 
in the transportation sector as a sustainable alternative to fossil-based fuels, though it requires 
technology upgrading and breakthroughs.1,5,6  

All in all, the energy transition is in full swing, and besides wind and solar energy, biomass 
utilization is playing an important role. In this transition, biomass constituents could serve as 
chemical building blocks for plastics, industrial additives, bio-ethanol, and other advanced 
fuels.6  

1.2 Lignocellulosic biomass and conversion 

Biomass is a term for all organic matter that is generated from plants, such as trees, grass, and 

agricultural crops and residues.7,8 The energy of sunlight is stored in chemical bonds in the 

organic matter. When these bonds are broken by digestion, combustion or decomposition, the 

stored chemical energy is released.7 The potential biomass energy derived from forests and 

agricultural residues world-wide is estimated at approximately 30 EJ per year. For comparison: 

the annual world’s energy demand is over 400 EJ.7  

In general, three types of biomass are identified, namely waste biomass including organic waste 

such as livestock excrement, manure, and food residues; forestry and unused biomass 

composed of inedible parts of agricultural products (e.g. logging residues, and wheat and rice 

straw, i.e. second generation biomass); and resource crops (dedicated energy crops) such as 

rapeseed, corn, and rice (i.e. first generation biomass).8  With the latter being in competition 

with food resources, utilization of second generation (2G) biomass sources is preferred over 

first generation (1G) biomass sources. 

Lignocellulosic biomass is composed of three types of biopolymers: cellulose, hemicellulose 

and lignin, together with small amounts of other extractives (e.g. minerals, lipids).7–9 Depending 
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on the type of biomass, these biopolymers form a complex three-dimensional network 

(microfibrils) with varying relative composition (Figure 1.1). These microfibrils are the main 

component of the plant cell walls. Generally, lignocellulosic biomass contains 35-50% cellulose, 

20-35% hemicellulose, and 10-25% lignin.9     

 

 

Figure 1.1: The structure of lignocellulose, including its main components cellulose, hemicellulose, 

and lignin. Reproduced from Isikgor & Becer.9 

 

1.2.1 Carbohydrates: cellulose and hemicellulose 

Cellulose is the major component of lignocellulose and consists of linear chains of cellobiose 

units (Figure 1.1). This unit is a disaccharide (containing six-carbon monosaccharides) with a 

β(1-4)-glycosidic linkage.7,9 The cellulose polymeric structure includes a large amount of 

intramolecular and intermolecular hydrogen bonding, providing a rigid structure.9 Since 

approximately half of the organic carbon in biomass is in the form of cellulose, the conversion 

of cellulose into fuels and chemicals has major attention (e.g. bio-ethanol production).9,10  

Unlike cellulose, hemicellulose has an amorphous structure composed of different 

heteropolymers, such as xylan, galactomannan, glucuronoxylan, and arabinoxylan (Figure 1.1). 
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The relative amounts vary across different types of biomass. The heteropolymers are composed 

of several five- and six-carbon monosaccharides: pentoses (e.g. xylose, arabinose) and 

hexoses (e.g. glucose, mannose, galactose), of which pentoses are the primary components. 

Hemicellulose connects cellulose fibers in the microfibrils, and cross-links with lignin (Figure 

1.1).7,9 

1.2.2 Lignin  

Lignin is a large three-dimensional amorphous polymer consisting of methoxylated 

phenylpropane structures, and is cross-linked with cellulose and hemicellulose (Figure 

1.1).9,11,12 The exact structure of native lignin is still unknown, but it is generally assumed that 

lignin is composed of three primary monomers (monolignols): p-coumaryl (H), coniferyl alcohol 

(G), and sinapyl alcohol (S) (Figure 1.1-Figure 1.2).9,12 The relative proportions of these 

monomers depend on the biomass source: grasses contain generally all three monolignols, 

while softwood mainly contains coniferyl alchohols, and hardwood has roughly equal 

proportions of coniferyl alcohols and sinapyl alcohols.7,13 In the lignin polymer, these monolignol 

units are connected through various linkages, from which the β-O-4 and 5-5’ are most abundant 

(50-60%, and 20-25% respectively) (Figure 1.3).11,13 The lignin-hemicellulose matrix that 

encapsulates cellulose is regarded as a main cause of biomass recalcitrance towards 

degradation, and hence complicates biomass valorization processes.9 

 

 

Figure 1.2: Schematic representation of a lignin structure containing three monolignols: p-coumaryl 

alcohol, coniferyl alcohol, and sinapyl alcohol. Reproduced from Shao and coworkers.14 

 

 

 

Figure 1.3: The three monolignol building blocks of lignin, indicating the locations of the linkages. 
Reproduced from Chakar & Ragauskas.12  
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Similar to a petroleum refinery, which produces fuels and chemicals from crude oil, a biorefinery 

produces energy products and chemicals from biomass.13 Three main process technologies are 

distinguished for the conversion of biomass: biochemical, thermochemical, and physiochemical 

conversion. Biochemical conversion includes anaerobic digestion yielding biogas, and 

fermentation producing bioethanol. The four main processes within thermochemical conversion 

are combustion, pyrolysis, gasification, and liquefaction. Finally, physiochemical conversion 

commonly entails extraction.15 A full valorization of all lignocellulosic biomass components is 

deemed necessary to improve the energy production, and for an economically viable and 

efficient biorefinery.13,16 However, lignin is currently predominantly seen as a solid residue 

(waste) from 2G bio-ethanol and bio-gas production, because of its non-biodegradable 

character due to its hydrophobicity and strong cross-links with hemicellulose.6,9 Usually, lignin 

is burned as a low value fuel and used as internal energy in the biorefinery process. However, 

approximately 60% more lignin is produced than is needed to meet process steam and 

electricity usage.6 Therefore, development of efficient pathways to convert lignin into valuable 

chemical products could improve the economic viability of the biorefinery process. 

1.3 Valorization of lignin 

Lignin can be regarded as the major resource of biobased aromatics.13 Its unique aromatic 

polymeric structure could provide for a wide variety of bulk and fine chemicals (e.g. aromatic 

compounds) and fuels that can be used for the production of resins (i.e. adhesives and paints), 

bioplastics, and fuel additives.6 To generate these valuable chemical products and fuels from 

lignin, it is necessary to depolymerize it into small fragments.13 The major thermochemical 

conversion methods studied with regard to lignin depolymerization are: pyrolysis, gasification, 

chemical oxidation, and hydrolysis under supercritical conditions.17 Thermal treatment in a 

hydrogen environment seems very promising for converting lignin to liquid fuel and chemicals 

like phenols.17 A general challenge in the depolymerization of lignin is the undesired 

repolymerization of the produced fragments (e.g. via radical coupling), as well as controlling the 

extent of hydrogenation of the aromatic rings. Complete hydrogenation of the aromatic rings 

lowers the typically high octane numbers of the fragments, and reduces its suitability towards 

renewable fuel additives.18 

Previous work by Huang and coworkers has already demonstrated on lab scale that lignin can 

be converted into crude lignin oil (CLO) via a catalytic depolymerization process using 

supercritical ethanol and a metal oxide catalyst (CuMgAlOx).18 Ethanol is not only a solvent; it 

is also a reactant that participates in the depolymerization process. The reaction process 

consists of several reactions that utilize specific characteristics of the catalyst. First, ethanol 

dehydrogenation occurs via the Cu and basic sites. This produces hydrogen for the 

hydrogenolysis & hydrodeoxygenations reactions. During the hydrogenolysis of lignin, reactive 

lignin fragments and non-cyclic side-products (e.g. formaldehyde) are produced. Formaldehyde 

plays a significant role in the repolymerization reactions, as it is involved in cross-linking 

reactions. Ethanol is then also utilized in the capping of these cross-linking compounds, such 

as formaldehyde, via Guerbet and esterification reactions (Cu and basic sites). Furthermore, 

reactive lignin fragments are stabilized through reactions with ethanol via Guerbet and 

esterification reactions yielding alcoholic fragments and esters (Cu and basic sites), as well as 

via C- and O-alkylation (Lewis acid sites, i.e. Cu and Al). Additional side products (i.e. higher 

alcohols and esters) are formed via Guerbet and esterification of ethanol.19,20 All process 

pathways are also described in Scheme 1.1.  
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Scheme 1.1:  Reaction pathways of catalytic depolymerization of lignin in ethanol over CuMgAlOx 
catalyst. Reproduced from Huang and coworkers.20 

 

1.4 Scope of thesis 

The promising valorization process of lignin by Huang and coworkers forms the starting point 

of the current research project. The next step is scaling up this depolymerization process, while 

producing high yields of aromatics and minimizing repolymerization reactions. The approach 

for scaling this lignin valorization technology follows a similar stage gate process to that used 

in traditional chemical process industry processes like refining, chemicals and petrochemicals. 

The stage gate scale-up methodology is based on knowledge generation about the viability of 

the technology at several stage gates.21,22 The stage gates commonly employed for process 

technology development include bench or lab scale systems, pilot plants, demonstration plants, 

and finally commercial plants (Figure 1.4). If at any stage gate, the viability is estimated too low, 

or the cost of further development is higher than the final benefits of commercial operation, the 

project is stopped. Through this approach, innovation is effectively and efficiently executed. 

Additionally, the stage gate approach provides excellent opportunities for communication about 

the status of the innovation to internal and external stakeholders and partners.21 
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Figure 1.4: Visual representation of the stage gates for process technology development. 

Reproduced from Edwards.22 

The stage gate process requires to investigate the limitations of the lignin valorization 

technology. Therefore, process parameters that could influence the output products are studied 

in this thesis work using mathematical methods such as design of experiments and response 

surface methodology, as well as kinetic modeling. Design of experiments are being used in 

optimization experiments in many diverse research areas and processes, such as 

bioprocessing23,24, material sciences25, catalysis26,27, nanosciences28, and pharmaceutical 

sciences29, and have proved their value. During the current study, a quantitative relationship is 

defined between process conditions, such as reaction temperature, lignin loading, catalyst 

concentration, and catalyst particle size, and the yields of various product streams (e.g. 

monomers, oligomers, and repolymerized products). In future work, this quantified relationship 

can be used to define an optimum process operating window. The studied process conditions 

are important factors when considering the investment and operational costs of a process plant. 

From a financial point of view, low operational costs are key for the viability of the technology.  

Additionally, the plant capacity influences the economic efficiency of the whole process. 

Therefore, the lignin loading process parameter is evaluated in more depth. Lignin loading is 

defined as the amount of lignin per volume of solvent (ethanol). An increased lignin loading 

would relatively lower the required amount of solvent while increasing the plant capacity, which 

would lower the operational costs. To show how an increased lignin loading impacts the different 

pathways in the lignin depolymerization process, the kinetics of this process are studied. A first 

attempt is made at kinetic modeling, using a ‘lumping’ approach. This approach is much used 

in kinetic studies in the petroleum industry and other complex conversion processes.30–35 

Quantitative information about the kinetics of the catalytic depolymerization of lignin provides 

additional insight into the process characteristics, such as rate limiting steps. Together with an 

optimum process operating window, this work will provide a solid base for determining the 

technology viability and progression to the next stage gate.  
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2 Theory 

2.1 Catalysis 

A catalyst is a substance that increases the rate of a chemical reaction, without it being 

consumed or permanently changed after the reaction. A catalytic reaction can be described as 

a cyclic event: the catalyst forms bonds with the reacting molecules, and allows them to react 

to a product, which detaches from the catalyst, leaving the catalyst unaltered and ready for a 

next catalytic cycle (Figure 2.1).1  

The basic principle of catalysis is the lowering of the activation barrier. A potential energy 

diagram (Figure 2.2) illustrates this principle, with the reaction between molecule A and B to 

give product P as an example. The activation energy of the catalyzed reaction is significantly 

smaller than that of the uncatalyzed reaction, while the overall change in free energy are equal 

for both the catalyzed and uncatalyzed reaction. The latter indicates that the catalyst does not 

affect the equilibrium constant for the overall reaction; a catalyst cannot change the 

thermodynamics of the reaction, only the kinetics. Additionally, the lowered activation barrier 

implies a larger reaction rate of the catalytic reaction.1  

 

Figure 2.1: A catalytic reaction cycle, in which molecules of reactant A and B adsorbs on the catalyst 
surface and react to product P, which then desorbs from the catalyst, leaving the catalyst unaltered and 
ready for the next cycle. Reproduced from Chorkendorff & Niemantsverdriet.1 

 

Catalysts exist in diverse forms: from atoms and molecules, to large structures such as zeolites 

and enzymes. Furthermore, catalysis may be utilized in various surroundings, e.g. in liquids, 

gases or at the surface of solids. Three types of catalysis are generally distinguished. In 

homogeneous catalysis, both the catalyst and the reactants are in the same phase, while in 

heterogeneous catalysis, the catalyst and reactants are in different phases. Commonly, 

heterogeneous catalysis entails a reaction of molecules in gas or solution on the surface of a 

solid catalyst, e.g. solid metals and metal oxides (including porous materials such as zeolites). 
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A third type of catalysis is biocatalysis, in which enzymes act as catalysts via substrate binding. 

Enzymes contain very shape-specific active sites, optimally suited for targeted reactants 

(substrates), and guide the reactant molecules to an optimum configuration for reaction.1  

 

Figure 2.2: The potential energy diagram of a catalytic reaction, showing the lowered activation 
barrier in the catalytic route. Reproduced from Chorkendorff & Niemantsverdriet.1 

2.2 Process optimization 

An essential prerequisite for the scale-up of a chemical process is to thoroughly analyze and 

understand the features and limitations of the process. First, the analysis of a complex chemical 

process requires the identification of quality characteristics that describe the output of the 

process, and of process variables (i.e. factors) that may affect them. Then, this relationship 

between the quality characteristics and key factors is quantified.  

A next step is to optimize the process: to determine the settings (or, the region of settings) of 

the identified factors that result in the best possible process output (i.e. response). With these 

process features known, a start can be made in the scale-up process. 

2.2.1 Design of Experiments 

A straightforward experimental strategy to determine the relationships between factors and the 

response of a process, is the one-factor-at-a-time (OFAT) approach.2,3 The OFAT method 

includes selecting baseline levels for each factor, and then successively varying each factor 

across a range of interest, while the other factors are held constant at their baseline levels. This 

strategy has a major disadvantage: it does not consider any possible interactions between the 

factors. Specifically, it does not provide information on whether the relationship between a factor 

and the response depends on the settings of other factors involved in the process. For example, 

one is interested in the yield of a chemical process. Four factors of interest in this process are 

reaction time, temperature, reactor pressure, and feedstock concentration, each varied across 
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two levels. Figure 2.3 shows how the response (i.e. yield) is affected by varying each factor 

one-at-a-time. The negative slope for the temperature means that high temperature lowers the 

yield, while the positive slope for reaction time indicates an increasing yield at a long reaction 

time. In an OFAT approach, the selected optimal combination for a high yield would be long 

reaction time, low temperature, and low pressure. The feedstock concentration does not seem 

to influence the yield. However, it may turn out that an interaction exists between temperature 

and pressure (Figure 2.4). At low pressure, the temperature has no effect on the yield, but at 

high pressure, much higher yields are obtained under high temperature conditions. 

 

 

Figure 2.3:  Results of a one-factor-at-a-time approach for the chemical process example. Example 
adapted from Montgomery.3 

 

 

 

Figure 2.4:  Interaction between reaction time and temperature for the chemical process example. 
Example adapted from Montgomery (2012).3 

 

Interaction effects occur very frequently, and in these cases, the OFAT strategy produces 

inaccurate results for the optimization. Besides overlooking the possible interaction effects, this 

approach also requires a large number of experimental runs, which affects experiment time and 

financial requirements. 

An experimental strategy that adequately deals with multiple factors and interactions, is a 

factorial design approach.2,3 In such a design, multiple factors are varied together in each 

experimental run, instead of one at a time. The concept of a factorial design is illustrated below 

using the simplest type: a 22-factorial design (two factors, each at two levels, resulting in four 

experimental runs). Many more different types of experimental designs exist, each suitable for 

different types of problems and research questions.3,4  

The concept of a 22-factorial design is illustrated by revisiting the previous example of a 

chemical process. Now, only two factors, reaction time and temperature, are of interest. Figure 

2.5 shows the factorial design for studying the joint effects of the two factors on the yield of the 

chemical process. In this factorial design, all possible combinations of the two factors across 

their levels are used. As can be seen from Figure 2.5, a 22-factorial design can be geometrically 



 Technische Universiteit Eindhoven University of Technology 

 

16 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

visualized as a square with the four different experimental runs at the corners (i.e. the design 

space). From this type of experimental design, the individual effects of each factor (i.e. main 

effects) and their corresponding interaction effects can be determined. 

 

 

Figure 2.5: A two-factor factorial design involving reaction time and temperature for the chemical 
process example, adapted from Montgomery.3 

 

Such experimental strategies as the factorial design described above are very useful in 

performing research efficiently. This process of planning an experiment in such a way that 

appropriate data will be collected and analyzed, resulting in valid and objective conclusions, is 

referred to as Design of Experiments (DoE).3 The three basic principles of DoE are 

randomization, replication, and blocking.3,4 Through randomization, the order of the individual 

experimental runs are randomly determined.  It is applied to prevent systematic and 

experimenter bias from being introduced into the experiment, i.e. to ensure that observations 

are not systematically affected by unknown sources of variation. Additionally, randomization is 

of fundamental importance in the use of statistical methods for the analysis phase of 

experimental designs. Commonly used statistical methods (which depend on F and t 

distributions) require that the observations (and errors) are independently distributed and 

random.  

Replication is the independent repetition of experimental runs of factor combinations. First, 

replications provide the opportunity to estimate the experimental error, from which it can be 

determined whether observed differences are statistically significant.  Second, from replications, 

a more precise estimate of the true mean response for a factor combination can be obtained.  

A general procedure exists for planning experiments using DoE (Table 2.1). These guidelines 

may seem obvious, but frequently experimenters start their experiments without giving the 

approach sufficient thought. Although some may think this is a time-consuming process, it 

ensures that the experimenter develops a clear idea in advance about what exactly has to be 

studied, how the data have to be collected, and an initial understanding of how the output data 

have to be analyzed. Especially in the optimization phase, it is essential to have a solid plan to 

prevent having to redo experiments or not having the proper output data.3,4  

Process knowledge is required to decide which factors are of interest, their ranges, and the 

number of levels for each factor (step 3, Table 2.1). With these defined, it is relatively easy to 

choose an appropriate experimental design. As mentioned before, a lot of different experimental 

designs exist, each suitable for different types of problems and objectives. The discussion of all 

these different experimental designs is outside the scope of this thesis; the relevant design is 

discussed in section 2.2.2. For further information on this topic, the reader is referred to 

extensive literature on the subject.  
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Table 2.1: Guidelines for designing an experiment.3 

1. Define the problem and the objectives of the experiments 
 

Pre-experimental 

planning 

2. Select the response variable(s) 

3. Select the factors and their ranges and number of levels 

4. Select and develop an experimental design 

5. Perform the experiment and collect the output data  

6. Perform statistical analysis of the data  

7. Formulate conclusions and recommendations  

 

2.2.2 Response surface methodology and Box-Behnken 
design 

The selection of a suitable experimental design also involves ratio on the empirical model that 

could describe the output data (i.e. the response). Such an empirical model is a quantitative 

relationship between input factors and the response of interest. The units of the input factors 

may differ from one another, or the input factors may not cover the same ranges. Therefore, 

before modeling the response, it is often recommended that the input factors are normalized 

and transformed into coded variables, ranging from -1 to +1. Then, every input factor affects 

the response more evenly, and the original units become irrelevant. The natural input factors 

are coded using Equation 2.1: 

 
𝑥 =

𝜉 − [𝜉𝑚𝑎𝑥 + 𝜉𝑚𝑖𝑛]/2

[𝜉𝑚𝑎𝑥 − 𝜉𝑚𝑖𝑛]/2
 Equation 2.1 

where 𝜉 is the natural input factor, 𝑥 is the coded variable, and 𝜉𝑚𝑎𝑥 and 𝜉𝑚𝑖𝑛 are the maximum 

and minimum values of the natural input factor.2,3,5–7 

First-order models (Equation 2.2) are mostly used in screening experiments (usually factorial 

designs). Through screening experiments, a general idea about important factors can be 

estimated. Such a first-order model contains information on the main effects.  

 
𝑦 = 𝛽0 + ∑ 𝛽𝑖𝑥𝑖

𝑘

𝑖=1

+  𝜀 Equation 2.2 

where 𝑦 is the response, 𝑥𝑖 are the design factors, 𝛽0 is the estimated mean response, 𝛽𝑖 are 

the estimated parameters (or: effect sizes) for the corresponding factors 𝑥𝑖, 𝑘 is the number of 

input factors, and 𝜀 is the residual term accounting for the lack-of-fit of the theoretical model to 

the true response. The residual term is assumed to be normally distributed with mean 0 and 

variance 𝜎2 (𝜀~𝑁(0, 𝜎2)), and independent from every other experimental run. All 𝛽’s and the 

variance 𝜎2 of the residuals are estimated from experimental data.  
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Because interactions between factors are relatively common, as discussed in section 2.2.1, the 

first-order model is usually extended by adding interaction terms (Equation 2.3).  

 
𝑦 = 𝛽0 + ∑ 𝛽𝑖𝑥𝑖

𝑘

𝑖=1

+ ∑ ∑ 𝛽𝑖𝑗𝑥𝑖𝑥𝑗

𝑘

𝑗=1𝑖<𝑗

+  𝜀 Equation 2.3 

where the cross-product 𝑥𝑖𝑥𝑗 represents the two-factor interactions, and 𝛽𝑖𝑗 is the effect size of 

the two-factor interaction 𝑥𝑖𝑥𝑗.  

Another common model is the second-order model (Equation 2.4). This type of model is suitable 

when one thinks that an optimum (maximum or minimum) of the response is present in the 

design space, or to evaluate possible lack-of-fit of the theoretical linear model to the 

experimental data, i.e. to account for curvature. Such second-order models are mostly used in 

optimization experiments.3 

 
𝑦 = 𝛽0 + ∑ 𝛽𝑖𝑥𝑖

𝑘

𝑖=1

+ ∑ 𝛽𝑖𝑖𝑥𝑖
2

𝑘

𝑖=1

+ ∑ ∑ 𝛽𝑖𝑗𝑥𝑖𝑥𝑗

𝑘

𝑗=1𝑖<𝑗

+  𝜀 Equation 2.4 

where 𝛽𝑖 is the linear effect size of factor 𝑥𝑖, 𝛽𝑖𝑖 is the quadratic effect size of factor 𝑥𝑖, and 𝛽𝑖𝑗 

the interaction effect size between two factors 𝑥𝑖 and 𝑥𝑗.  

In response surface methodology (RSM), the approximation for the true relationship between 𝑦 

and a set of factors 𝑥𝑖 can be a first- or second-order model, such as described (Equation 2.2-

Equation 2.4). RSM is a set of statistical and mathematical techniques useful for developing, 

improving, and optimizing processes.5 It was developed by Box and Wilson in 1951 to help 

improve a manufacturing process in the chemical industry.8 This methodology can be used for 

modeling or optimizing any response that is affected by one or more factors. In general, the 

response 𝑦 is a function of the levels of the factors 𝑥𝑖:  

 𝑦 = 𝑓(𝑥1, 𝑥2, … , 𝑥𝑘) +  𝜀 Equation 2.5 

The expected response can be denoted as 

 𝐸(𝑦) =  𝑓(𝑥1, 𝑥2, … , 𝑥𝑘) =  𝜂 Equation 2.6 

and then the surface represented by 

 𝜂 = 𝑓(𝑥1, 𝑥2, … , 𝑥𝑘) Equation 2.7 

is called a response surface,3 which is in 𝑘 + 1 dimensions.4 Such a response surface can be 

represented graphically, for example for the case of the expected response 𝜂 versus the levels 

of two factors 𝑥1 and 𝑥2 (Figure 2.6-a). Also, a contour plot helps visualize the response surface 

(Figure 2.6-b), which shows lines of constant response in the 𝑥1, 𝑥2 plane. Each contour line 

corresponds to a height of the response surface. 

The objective of RSM is to locate the optimum operating conditions for the process, or a region 

of the design space in which the operating requirements are satisfied.3 This is a classical 

optimization problem, and then second-order models are usually preferred, as mentioned 

before. The model parameters can be estimated most effectively if proper experimental designs 

are used to collect the data. Some suitable designs (i.e. response surface designs) are available 

for fitting response surfaces in optimization problems.3 
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a. 

 

b. 

Figure 2.6: Graphical representations of a response surface including two input factors. (a) A 
response surface, and (b) a contour plot, reproduced from Montgomery.3 

 

Box and Behnken proposed a family of efficient designs for fitting second-order response 

surfaces, which are based on factors with three equally spaced levels.3,5,9 In general, the Box-

Behnken designs (BBDs) are based on the combination of 22-factorial designs with “incomplete 

block designs”.3 For example, a design of 𝑘 = 4 factors at three levels is divided into blocks, in 

which two factors are paired in a 22-factorial design with levels ±1, while all other factors outside 

the block remain fixed at the center level 0. For each experimental design, a design matrix can 

be composed (Figure 2.7).4,5 The design matrix also contains 3-5 center runs, in which all factors 

remain fixed at level 0. These additional runs improve the estimation of the model parameters 

𝛽 and the variance component of the error terms.4 The total number of runs 𝑁 is equal to: 

 𝑁 = 2𝑘(𝑘 − 1) + 𝑐0 Equation 2.8 

where 𝑘 is the number of input factors and 𝑐0 the number of center runs. 

An important characteristic of a Box-Behnken design is that it is a spherical design, e.g. a 𝑘 = 3 

BBD has all points lying on a sphere of radius √2. However, this means that the extremes are 

not covered in a BBD. When representing the 𝑘 = 3 BBD as a cube (Figure 2.8), the BBD 

involves all edge points, but does not contain any points at the corners of the cube. Therefore, 

the BBD is very useful in situations in which the extremes are too expensive or physically 

impossible to test, or simply not of interest. 

All BBDs show orthogonality in the main effects, which results in an independent estimation of 

the linear model parameters. The only correlation exists between the model parameters of the 

intercepts and the quadratic effects.4  
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Run 

Factor 

𝑥1 𝑥2 𝑥3 𝑥4 

1 −1 −1 0 0 

2 −1 +1 0 0 

3 +1 −1 0 0 

4 +1 +1 0 0 

5 −1 0 −1 0 

6 −1 0 +1 0 

7 +1 0 −1 0 

8 +1 0 +1 0 

9 −1 0 0 −1 

10 −1 0 0 +1 

11 +1 0 0 −1 

12 +1 0 0 +1 

13 0 −1 −1 0 

14 0 −1 +1 0 

15 0 +1 −1 0 

16 0 +1 +1 0 

17 0 −1 0 −1 

18 0 −1 0 +1 

19 0 +1 0 −1 

20 0 +1 0 +1 

21 0 0 −1 −1 

22 0 0 −1 +1 

23 0 0 +1 −1 

24 0 0 +1 +1 

25 0 0 0 0 

26 0 0 0 0 

27 0 0 0 0 

Figure 2.7: Design matrix for a 𝑘 = 4 BBD, containing 24 + 3 runs. 
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Figure 2.8: Cubic representation of a Box-Behnken design for 𝑘 = 3 factors. The white dot indicates 

the center run(s), reproduced from Montgomery (2012).3 

 

2.2.3 Regression modeling 

A response surface is a polynomial model and is approximated similar to a linear regression 

model. Linear regression models are one of the many possible approximating functions 𝑓 in 

Equation 2.6. They can be obtained from a Taylor series expansion of the unknown function 𝑓 

around the center of the experimental space (i.e. level 0), until the first or second order term.2 

For example, when 𝑘 = 1, then: 

 𝐸(𝑦) =  𝑓(𝑥1) + 𝜀 Equation 2.9 

The Taylor series expansion of 𝑓(𝑥1) until the second order term is:2,5  

 
𝑓(𝑥1) ≈  𝑓(0) + 𝑥1

𝑑𝑓

𝑑𝑥1

|
𝑥1=0

+
1

2
𝑥1

2
𝑑2𝑓

𝑑𝑥1
2|

𝑥1=0

 

= 𝑓(0) + 𝑥1𝑓′(0) +
1

2
𝑥1

2𝑓′′(0) 

Equation 2.10 

Thus, when a second order polynomial model in one factor is fitted, 𝛽0 corresponds to the 

intercept of the function at the center (𝑓(0)), 𝛽1 corresponds to the slope of the function (𝑓′(0)) 

at the center, and 𝛽11 to a measure of the curvature of the function at the center (𝑓′′(0), also 

known as the Hessian).2 These proposed polynomials are linear in the parameters 𝛽, hence the 

name “linear regression model”.2,3 

Different estimation methods exist for regression modeling, such as least squares, least 

trimmed squares, M-estimation, MM-estimation, and S-estimation.10 Among them is also the 

method of maximum likelihood (ML). It is based on maximizing the likelihood function (Equation 

2.15).2–4 To come to the likelihood function for a regression model of response 𝑦, first the 

probability density function (PDF) has to be established. This PDF can be derived from the 

standard PDF 𝑓(𝑧) for the normal distribution with mean 𝑚 and variance 𝑠2: 

 
𝑓𝑧(𝑧; 𝑚, 𝑠2) = (2𝜋𝑠2)−

1
2  exp [−

1

2

(𝑧 − 𝑚)

𝑠2

2

] Equation 2.11 
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The response 𝑦 can also be denoted as: 

 𝑦 = �̂� + 𝜀 Equation 2.12 

where �̂� is the predicted response by the model: 

 �̂� = 𝑿𝜷 Equation 2.13 

with the (𝑁 × 𝑟) matrix 𝑿 containing 𝑟 covariates (e.g. linear, interaction, and quadratic), and the 

(𝑟 × 1) vector 𝜷 containing all parameter estimates, from N experimental runs.  

 

The assumed normal linear regression model implies that the response 𝑦 is normal with mean 

�̂� and variance 𝜎2, and the PDF 𝑓𝑦 can be derived, making use of Equation 2.11: 

 
𝑓𝑦(𝑦; 𝑿𝜷, 𝜎2) = (2𝜋𝜎2)−

1
2  exp [−

1

2

(𝑦 − 𝑿𝜷)

𝜎2

2

] Equation 2.14 

The likelihood function ℒ is based on this PDF. From 𝑁 experimental runs, 𝑁 values for the 

response 𝑦 are observed. Since these observations 𝑦𝑖  (where 𝑖 is the experimental run) are 

independent from each other, the likelihood function of the response 𝑦 is equal to the product 

of the PDF (Equation 2.14) for each observation 𝑦𝑖:
11  

 
ℒ(𝜃|𝑦) =  ∏ 𝑓𝑦(𝑦𝑖 ; 𝑿𝒊𝜷, 𝜎2)

𝑁

𝑖=1

 

=  ∏(2𝜋𝜎2)−
1
2 exp [−

1

2

(𝑦𝑖 − 𝑿𝒊𝜷)

𝜎2

2

]

𝑁

𝑖=1

 

= (2𝜋𝜎2)−
𝑁
2   exp [−

1

2𝜎2
∑(𝑦𝑖 − 𝑿𝒊𝜷)2

𝑁

𝑖=1

] 

Equation 2.15 

 

To find the estimates for 𝜽 = (𝜷, 𝜎2), this likelihood is maximized by taking the partial derivative 

of ℒ with respect to each component of 𝜃 to be estimated. The obtained equation is equaled to 

0 and solved.11  

The ML estimation method is suitable for comparing models with, for example, a different 

number of covariates included. To compare models, several statistical approaches can be used, 

such as information criteria12, as well as the likelihood ratio test (LRT)13. All are based on the 

likelihood function. Examples of information criteria are the Bayesian information criterion 

(BIC)14, and the Akaike information criterion (AIC)15. They are measures of the goodness of fit 

of the estimated model, i.e. they describe a “distance” between the fitted model and the actual 

data. Hence, the smaller the BIC and AIC are, the better the model fits the data. For a small 

number of observations, the corrected AIC (AICc) is preferred, which includes a correction 

factor for the sample size and the number of covariates included in the model. 

The LRT is used for comparing two nested models: a “bigger” model is compared to a “smaller” 

model with less covariates included.13 The test statistic is based on the ratio of the 

corresponding likelihood functions, which approximates the 𝜒2 probability distribution. From the 

comparison of the observed and the theoretical 𝜒2 statistics, p-values are computed, which are 

used in the evaluation of the hypothesis test. The null hypothesis is that the “bigger” model fits 

the data better, while the alternative hypothesis is that the “smaller” model fits better. So, when 

the computed p-value is smaller than the chosen significance level 𝛼, then the “bigger” model 

is likely to fit the data better since the null hypothesis cannot be rejected. 
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When a model is proposed based on the estimated parameters 𝛽, the contribution of each 

included covariate is tested for its significance. For this, the t-test can be used, with the null 

hypothesis 𝐻0: 𝛽𝑖 = 0 and the alternative hypothesis 𝐻1: 𝛽𝑖 ≠ 0. Thus, when the null hypothesis 

is rejected, the estimated effect 𝛽𝑖 contributes significantly to the proposed regression model. 

The test statistic 𝑇 – also known as the Wald’s test statistic11 – is computed according to 

Equation 2.16, using the standard error of the estimated parameter. 

 
𝑇 =

𝛽𝑖 − 0

𝑆𝐸(𝛽𝑖)
 Equation 2.16 

The test statistic is then compared to the corresponding critical value 𝑡𝛼/2;𝐷𝐹=𝑁−(𝑘+1)  for a 

chosen significance level 𝛼 (usually 𝛼 = 0.05 is chosen). The null hypothesis is not rejected 

when −𝑡𝛼/2;𝐷𝐹=𝑁−(𝑘+1) < 𝑇 < 𝑡𝛼/2;𝐷𝐹=𝑁−(𝑘+1). Consequently, the p-value corresponding to the 

test statistic is evaluated, i.e. the probability to wrongly reject the null hypothesis. When this p-

value is smaller than the chosen significance level (e.g. p-value < 0.05), the null hypothesis can 

be rejected, and the effect size 𝛽𝑖  can be considered as a significant contribution to the 

regression model.16 

In RSM, it is often recommended to fit full models, corresponding to the maximum number of 

parameters that can be estimated from the model in hand. However, these full models often 

consist of long lists of effect sizes, and many of them might not be relevant for further inference. 

Covariate selection techniques attempt to identify the “best” subset of explanatory variables in 

a regression model. One of two stepwise regression methods are generally applied: forward 

selection or backward elimination.17 In this thesis, the focus is on backward elimination. The 

best fit model is proposed via backward elimination starting from the full model (e.g. a full 

second-order model for the BBD, Equation 2.4). In each step, a covariate is removed from the 

model, based on the outcome of the t-tests. The covariate with the smallest T value, or the 

largest corresponding p-value, is removed first, and a new regression model containing one 

less covariate is evaluated. The backward elimination is terminated when no further covariates 

can be removed without significantly deteriorating the fit of the model to the data. This stop 

criterion is implemented by imposing a significance level 𝛼. So, all covariates with p-values > 𝛼 

will be eliminated from the model.16 In the case of interaction and second-order models, a 

hierarchy can be imposed, stating that quadratic terms (𝑥𝑖
2 ) are higher in hierarchy than 

interaction terms (𝑥𝑖𝑥𝑗), which themselves are higher in hierarchy than linear terms (𝑥𝑖). Hence, 

linear terms cannot be eliminated when interaction or quadratic terms containing this linear term 

are significant and included in the model, regardless of their own p-values. 

It is recommended to fit the final model after backward elimination using an adaptation of the 

ML estimation method: the restricted maximum likelihood (REML) estimation method. This 

method provides a better approximation of the residual variances 𝜎2  by correcting for the 

overestimation of the significance of the other effect sizes. While the ML method does not take 

account of the loss in degrees of freedom that results from estimating 𝛽, the REML method 

corrects for this.18    

2.3 Reaction kinetics 

Reaction kinetics provide the framework for describing the reaction rate at which a chemical 

reaction occurs and relating this rate to process parameters such as concentrations and 

temperatures.1 Each chemical reaction equation can be converted into rate equations. Consider 

a reaction between two molecules 𝐴  and 𝐵 , that gives product 𝐶  and 𝐷  according to the 

reaction equation: 
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𝑣𝑎𝐴 + 𝑣𝑏𝐵 

𝑘+

⇄ 
𝑘−

𝑣𝑐𝐶 + 𝑣𝑑𝐷 Equation 2.17 

with forward and backward rate constants 𝑘+ and 𝑘−, and stoichiometric coefficients 𝑣𝑎, 𝑣𝑏, 𝑣𝑐, 

and  𝑣𝑑.1 From this, the reaction rate is defined as the rate of disappearance of the reactants or 

the rate of formation of products: 

 
𝑟 ≡ −

1

𝑣𝑎

𝑑[𝐴]

𝑑𝑡
= −

1

𝑣𝑏

𝑑[𝐵]

𝑑𝑡
=  

1

𝑣𝑐

𝑑[𝐶]

𝑑𝑡
=

1

𝑣𝑑

𝑑[𝐷]

𝑑𝑡
 Equation 2.18 

where [𝑋] is the concentration of compound 𝑋.1 For an elementary reaction (i.e. the reaction 

occurs in a single step and cannot be divided into sub steps), the reaction rate of the reaction 

of Equation 2.17 equals: 

 𝑟 = 𝑘+[𝐴]𝑣𝑎[𝐵]𝑣𝑏 − 𝑘−[𝐶]𝑣𝑐[𝐷]𝑣𝑑 Equation 2.19 

where  𝑘+ and 𝑘− are the reaction rate constants, and the stoichiometric coefficients  𝑣𝑎, 𝑣𝑏, 𝑣𝑐, 

and  𝑣𝑑 represent the orders of the reaction.1 The rate constants can be derived by modeling 

experimental data of the chemical reaction (i.e. reactant and product concentrations across 

reaction time) to the reaction rate equations, which is also referred to as kinetic modeling. 

From the rate constants 𝑘, the activation energy can be derived showing the height of the 

activation barrier towards a product. Rates of reaction vary with temperature, and this 

temperature dependence is given by the Arrhenius equation: 

 
𝑘(𝑇) = 𝐴 exp (

−𝐸𝑎

𝑅𝑇
) Equation 2.20 

where 𝐴 is the preexponential factor, 𝐸𝑎 is the activation energy, 𝑅 is the gas constant, and 𝑇 

is the temperature.1 The activation energy 𝐸𝑎  can be determined from a series of 

measurements of the reaction rates at different temperatures. By plotting the logarithm of the 

rate constant against the reciprocal temperature, the activation energy can be derived from the 

slope, while the intercept yields the preexponential factor (Equation 2.21-Equation 2.22).1 The 

activation energy provides information on the rate-limiting step within a reaction network. 

Evidently, a higher activation energy (i.e. a higher activation barrier) for a specific reaction step 

within the network, indicates a smaller rate constant and hence a lower reaction rate for this 

step. The rate of formation of the desired product depends on the specific reaction rates of each 

reaction step in the reaction network. Therefore, the reaction step with the highest activation 

barrier within the network is usually referred to as the rate-limiting step.1 

 
ln 𝑘(𝑇) = ln 𝐴 −

𝐸𝑎

𝑅

1

𝑇
 Equation 2.21 

 
𝐸𝑎 = 𝑅𝑇2

𝜕 ln 𝑘

𝜕𝑇
 Equation 2.22 

2.3.1 The ‘lumping’ approach 

For complex chemical processes, such as petroleum refinery processes (e.g. catalytic 

reforming, hydrotreating, hydroprocessing, etc.), molecular characterization of the reaction 

mixtures may prove difficult. To derive rate constants for such processes using kinetic modeling, 

a lumping approach can be used. In this approach, chemical compounds are grouped by similar 

properties in so-called ‘lumps’. A kinetic reaction network can then be developed, describing 

the relationships between the lumps in lumped reaction equations. From this, a set of rate 

equations are proposed, which can be modeled to experimental data (i.e. lump concentrations 

across time), yielding the rate constants of all involved lumped reactions.19 
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An example from the petrochemical industry is the kinetic model proposal for naphtha catalytic 

reforming reactions.20 Generally, in the modeling of catalytic reforming, the complex naphtha 

mixture is lumped into three characteristic hydrocarbon classes: paraffins, naphthenes, and 

aromatics. The model was further extended by including more detailed reaction pathways. 

Another example from a previous study includes a kinetic model of vacuum gas-oil cracking 

(VGO) in a fluid catalytic cracking (FCC) process based on four lumps.21 The lumps consisted 

of the gas oil feed, gasoline, light gas, and coke. After assumptions were made on the reaction 

pathways and reaction orders, a network and rate equations were proposed from which rate 

constants corresponding to each lumped reaction pathway could be computed. It was found 

that such a lumped kinetic model was representative for FCC VGO cracking. 

Following the application of the lumping approach in the petrochemical industry, it also found 

its implementation in the biomass industry. As mentioned in section 1.2, biomass is a complex 

feedstock, and hence the derived conversion processes include complex mixtures of reactants 

and products in solid, liquid, and gas phase. For example, previous work from Ranzi and 

coworkers proposed an overall kinetic model of fast biomass pyrolysis using lumping 

procedures. In this study, lumps were proposed for cellulose, hemicellulose, lignin, and 

extractives.22 Additionally, more in depth studies into lignin valorization used the lumping 

approach for kinetic model development, as these processes seemed to include complex 

mixtures and reaction pathways as well.23,24    

2.3.2 Numerical methods for kinetic modelling 

A set of rate equations derived from a reaction network are essentially a set of 𝑁 coupled first-

order differential equations for the functions 𝑦𝑖, where 𝑖 =  0, 1, … , 𝑁 − 1, with the general form: 

 𝑑𝑦𝑖(𝑥)

𝑑𝑥
= 𝑓𝑖(𝑥, 𝑦0, … , 𝑦𝑁−1) Equation 2.23 

where the functions 𝑓𝑖 on the right side are known.25 In words, the ordinary differential equations 

(ODEs) are all related to each other. 

In the case of kinetic modeling, the concentration of each reactant (or: lump) has to be 

determined at several time points. This is also known as an initial value problem. A practical 

numerical method for solving this type of problem is the fourth-order Runge-Kutta method.25 

With the function 𝑓 and the data 𝑦0 and 𝑥0 known, the value 𝑦𝑛+1 can be determined by the 

present value 𝑦𝑛 plus the weighted average of four evaluations of the right hand side per step-

size ℎ. These four evaluations are: 

 𝑘1 = ℎ 𝑓(𝑥𝑛 , 𝑦𝑛) 

𝑘2 = ℎ 𝑓 (𝑥𝑛 + 
1

2
ℎ, 𝑦𝑛 +

1

2
𝑘1) 

𝑘3 = ℎ 𝑓 (𝑥𝑛 + 
1

2
ℎ, 𝑦𝑛 +

1

2
𝑘2) 

𝑘4 = ℎ 𝑓(𝑥𝑛 +  ℎ, 𝑦𝑛 + 𝑘3) 

Equation 2.24 

yielding the value 𝑦𝑛+1 via: 

 
𝑦𝑛+1 = 𝑦𝑛 +

1

6
𝑘1 +

1

3
𝑘2 +

1

3
𝑘3 +

1

6
𝑘4 Equation 2.25 

This method essentially takes “trial” steps within the interval ℎ (i.e. one at the beginning (𝑘1), 

two at the midpoint (𝑘2 and 𝑘3) and one at the end (𝑘4) of the interval) and uses the values from 

𝑥 and 𝑦 at these trial steps to compute the real step across the complete interval ℎ.25 In this 
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manner, the ODEs are solved at each point 𝑥, and thus concentrations can be computed for 

each reactant/lump as a function of time. 

Additionally, in kinetic modeling, the rate constants are unknown. To estimate these, regression 

analysis can be performed, in which the solved ODEs are fitted to experimental data using the 

nonlinear least-squares method. A model is nonlinear when it depends nonlinearly on a set of 

𝑀 unknown parameters 𝑎𝑘, where 𝑘 = 0,1, … , 𝑀 − 1, i.e. the model is a nonlinear combination 

of the parameters.25 In a least-squares method, the best-fit parameters are estimated from 

minimizing a specific predefined objective. The objective function is defined as the sum of 

squares of the differences between the experimental data and the fitted data (hence the name 

‘least-squares’): 

 
objective function = ∑(𝑦𝑖,𝑚𝑜𝑑𝑒𝑙 − 𝑦𝑖,𝑒𝑥𝑝)

2
𝑛

𝑖=1

 Equation 2.26 
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3 Process optimization using Design of 

Experiments 

3.1 Introduction 

In this study, response surface methodology (RSM) was used to identify the influence of several 

process parameters on the catalytic depolymerization of lignin that was developed by Huang 

and coworkers (see section 1.3).1 In previous studies by Huang and coworkers it was found that 

three distinct product streams could be identified, namely lignin monomers, lignin oligomers, 

and repolymerized products (including char), that all could be separately isolated from the 

reaction mixture via a developed work up procedure (see section 3.2.5).1–3 Therefore, the 

following three output variables (i.e. responses) were selected as qualitative indicators for the 

lignin conversion: monomer yield (weight percentage, wt%), oligomer yield (wt%), and char yield 

(wt%).  

In order to move to the next stage gate in the scale up process of the lignin depolymerization 

technology (from lab scale to pilot scale), process parameters that could affect the operational 

costs and plant capacity were studied. The parameters of interest are: reaction temperature, 

lignin loading, catalyst concentration, and catalyst particle size. A lower reaction temperature 

requires less heating and hence lower energy costs, while a higher lignin loading would increase 

the plant capacity and relatively decrease the amount of solvent needed. The catalyst 

concentration also influences the operational costs: less catalyst makes the process less 

expensive. Additionally, by evaluating the catalyst particle size, information on possible external 

mass transfer limitations was gathered.  

A Box-Behnken design (BBD) was applied in this study as an experimental strategy suitable for 

the process optimization. Characteristic to the BBD, all input factors are varied across three 

equidistant levels and coded according to Equation 2.1 . First, the maximum and minimum 

levels were defined, from which the center level was derived, conform to the equidistance 

requirement. The choice of levels was based on the techno-economic considerations mentioned 

above and the process settings applied in previous work.1–3 The levels for the catalyst particle 

size were equidistant after log10-transformation. For this BBD (four factors, three levels), 24 

experimental runs were required, extended by three repeated measurements at center point 

(all factor levels at 0) making a total of 27 runs. A time factor was added to the design to study 

the effect of the reaction time at 0-2-4-8 hours. This essentially means running each 

combination of experimental settings according to the four different reaction times, thereby 

expanding the number of experimental runs to 108. All input settings are summarized in Table 

3.1. 

In case of the temperature range, the maximum level was first determined at 380 °C. However, 

it was established that the available reactor for the experiments allowed for a maximum 

temperature of 350 °C. Hence, the experimental design was adjusted: the maximum level was 

set to 340 °C, while the center level remained 250 °C. However, the updated design violates 

some of the properties of the BBD, i.e. the equidistance and orthogonality in the main effects. 

Simulations were performed to evaluate the effect of this adjustment. Figure 3.1 shows that new 

correlations between the input factors arise in the new design. However, due to their limited 

size, it was decided to update the center level 0 for the temperature factor to 0.18, and to 

continue the experimental design as originally planned. 
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Table 3.1: Input factor ranges for the BBD that determine the series of optimization experiments to 
be conducted. 

Input factor Levels Coded values 

Temperature (°C) 120 250 340 -1 0.18 +1 

Lignin loading (g/mL ethanol) 
1:40 

(0.025) 

11:80 

(0.1375) 

1:4 

(0.25) 
-1 0 +1 

Catalyst concentration (g/g lignin) 
1:8 

(0.125) 

7:16 

(0.4375) 

3:4 

(0.75) 
-1 0 +1 

Catalyst particle size (µm) 125 250 500 -1 0 +1 

 

 

 

 
a. 

 
b. 

Figure 3.1: Correlation matrices after simulation of 108 response values for (a) reaction 
temperature of 380 °C and (b) reaction temperature of 340 °C. The new correlations are circled in red. 
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Randomization is an essential step to prevent systematic and experimenter bias from being 

introduced into the experimental runs.4,5 An ad-hoc randomization was proposed in order to 

minimize the number of days to complete the experiments and maximize the number of runs 

that could be performed on a working day. This randomization had to cope with the time needed 

for the preparation and execution of the experimental run (e.g. approximately 10 hours for an 8 

hour experimental run, excluding work up). Therefore, a working day could consist of either a 

random combination of a 0-hour and 2-hour run, or a single 4- or 8-hour run. Then, these days 

with experimental runs were randomly shuffled. The resulting randomized DoE is available in 

Appendix A and included 81 days of experimental runs in total. 

3.2 Experimental methods 

3.2.1 Chemicals and materials 

Protobind P1000 soda lignin was purchased from Greenvalue. Extra-dry absolute ethanol was 

purchased from Biosolve. All commercial chemicals were analytical reagents and were used 

without further purification. 

3.2.2 Catalyst preparation 

20 wt% Cu-containing MgAl mixed oxide (CuMgAlOx) catalyst was prepared by a co-

precipitation method with a fixed M2+/M3+ atomic ratio of 4. For example, 96 g CuMgAlOx catalyst 

was prepared in the following way: Cu(NO3)2·2.5H2O (70.71 g), Mg(NO3)2·6H2O (332.30 g), and 

Al(NO3)3·9H2O (150.05 g) were dissolved in 500 mL distilled water at 60 °C under stirring. This 

nitrate solution, along with 500 mL NaOH (159.99 g) solution, was slowly added (1 drop/sec) to 

300 mL Na2CO3 (50.87 g) solution through 500 mL dropping funnels in a 2L beaker at 60 °C 

under stirring, while keeping the pH of the slurry at 9.5-10. When addition was complete after 

circa 1 hour, the milk-like light-blue slurry was aged at 60 °C under stirring for 24 h. The 

precipitate was filtered and washed with distilled water until the filtrate reached the pH of the 

distilled water (approx. pH 9). The solid was dried overnight at 110 °C, and grinded. The 

hydrotalcite-like precursor was calcined with a heating rate of 2 °C min-1 to 460 °C for 6 h in 

static air. The resulting catalyst was sieved to particle sizes 0.125-0.25-0.5 mm and denoted by 

Cu20MgAl(4)Ox. 

3.2.3 Catalyst characterization 

The metal content of the CuMgAlOx catalyst was determined by Inductively Coupled Plasma 

Optical Emission Spectroscopy (ICP-OES) with end on plasma (axial plasma) viewing on a 

SPECTRO SPECTROBLUE EOP spectrometer with wavelength range 165-177 nm. All 

samples were dissolved in a mixture of H2O and H2SO4 (1:1 v/v) and prepared in duplo. 

3.2.4 Catalytic reactions 

A 100 mL AmAr autoclave was charged with a suspension of catalyst and lignin (amounts 

according to BBD, see Appendix A) in 40 mL ethanol. 10 µL n-dodecane was added as the 

internal standard. The reactor was sealed and purged with nitrogen several times to remove 

oxygen. The pressure was set to 20 bar, and the reactor was tested for leaks. The reaction 

mixture was heated to the desired temperature (according to BBD, see Appendix A) under 
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continuous stirring at 500 rpm within 1 h. The reaction time was started when the desired 

temperature was reached, and then the reactor was left for the desired number of hours. After 

the reaction, the heating oven was removed, and an aliquot of 1 mL was taken from the reaction 

mixture for GC-MS analysis. The reactor was allowed to cool down to room temperature in an 

ice bath, and a gas sample was taken at room temperature for analysis.  

3.2.5 Work-up procedure 

A general work up procedure was used for further processing of the reaction mixture, based on 

the procedure developed in previous work from Huang and coworkers (Scheme 3.1).1–3 The 

numbers between brackets refer to the steps in Scheme 3.1. The reaction mixture was 

collected, and the autoclave was washed with ethanol (1). Both the reaction mixture and the 

obtained solution after washing were combined. The combined mixture was filtered over a filter 

crucible (porosity 4), and the filter cake was washed with ethanol several times (2). The filtrate 

was acidified by adding 15 mL of a 0.1 M HCl solution (final pH=1) (3), and 50 mL distilled water 

was added to precipitate unconverted lignin and lignin fragments (4). The mixture was aged for 

approximately 30 minutes, after which it was filtered over a filter crucible (porosity 4) (5). The 

filter cake from (2) was washed with excess THF (6), after which THF was removed from the 

filtrate by rotary evaporation at 60 °C (7). The residues from (7) and (5) were combined and 

denoted as THF-soluble lignin fragments. The residue from (6) was denoted as a mixture of 

catalyst and THF-insoluble lignin fragments. 

 

 

 

Scheme 3.1: Work-up procedure of reaction mixture and catalyst dissolvation. Adapted from Huang 
and coworkers.1 
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3.2.6 Catalyst dissolvation 

In order to identify the nature of the THF-insoluble lignin fragments, the catalyst was dissolved 

by adding 10 mL 10 M HNO3 to 200 mg solid residue from step (6) to dissolve copper (Scheme 

3.1), followed by addition of 40 mL 5 M HNO3 solution (8). The mixture was filtered over a filter 

crucible (porosity 4), and the filter cake was washed with excess THF (9). The remaining residue 

from (9) was regarded as char, and THF was evaporated from the obtained filtrate by rotary 

evaporation (10). The residue was denoted as THF-insoluble fragments.  

3.2.7 Product analysis 

3.2.7.1 Gas Chromatography-Mass Spectrometry (GC-MS) 

The liquid product mixture after reaction was analyzed on a Shimadzu QP2010 SE GC-MS 

apparatus, equipped with an RTX-1701 column (60 m x 0.25 mm ID x 0.25 µm), and a flame 

ionization detector (FID) together with a mass spectrometer detector. GCMSsolution and 

GCsolution software were used for the analysis. Products in the liquid phase were identified 

based on a search of the MS spectra in the NIST11 and NIST11s MS libraries. The quantitative 

analysis of the liquid phase products was based on the GC-FID measurements. FID weight 

response factors of all product compounds in the liquid mixture were determined using the 

Effective Carbon Number (ECN) concept6 relative to n-dodecane as the internal standard. The 

yields of monomers, oligomers and char were determined according to Equation 3.1-Equation 

3.3. 

monomer yield (wt%) 

=  
monomers (g, calculated from GC-FID)

starting P1000 lignin (g)
× 100% 

Equation 3.1 

oligomer yield (wt%) 

=  
THF-soluble lignin products (g)

starting P1000 lignin (g)
× 100% 

Equation 3.2 

char yield (wt%) 

=  
THF-insoluble-catalyst mixture (g) − starting catalyst(g)

starting P1000 lignin (g)
× 100% 

Equation 3.3 

Char yield is defined as a combination of THF-insoluble lignin fragments and actual char, as 

was collected during the work-up procedure after step (6) (Scheme 3.1). 

3.2.7.2 Gel Permeation Chromatography (GPC) 

GPC analyses of product fractions were performed on a Shimadzu Prominence-I LC-2030C 3D 

apparatus, equipped with two columns (Mixed-C and Mixed-D, Polymer Laboratories) in series, 

and a UV-Vis detector at 254 nm. The columns were calibrated with polystyrene standards, and 

analyses were performed at 25 °C using THF as eluent. Samples were prepared at a 

concentration of 2 mg/mL in non-stabilized THF, and then filtered using a 0.45 µm filter 

membrane. 
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3.2.7.3 Gas chromatography (GC) 

The gas sample obtained after reaction was analyzed on a Interscience Compact GC equipped 

with a GF series mass flow controller from Brooks Instruments, and FID and TCD (thermal 

conductivity) detectors. 

3.3 Response surface methodology 

3.3.1 Data exploration and model assumptions 

Data exploration was performed on all experimental data representing the selected output 

variables using R statistical software (version 3.4.3). Summary statistics (i.e. minimum, 

maximum, median, and mean), histograms and boxplots were computed. Based on these 

findings, model assumptions were made considering the distribution of the data. 

3.3.2 Time profile 

Three types of models were examined, i.e. a time-independent model, a linear time-dependent 

model, and a quadratic time-dependent model. The time-independent full model is quadratic for 

BBD: 

 
𝑦 = 𝛼0 + ∑ 𝛼𝑟𝑧𝑟

𝑘

𝑟=1

+  𝜀 
Equation 3.4 

where 𝛼0 is the estimated intercept, 𝛼𝑟 is the estimated effect of the corresponding covariate 

(𝛼𝑖 ,  𝛼𝑖𝑗 , 𝛼𝑖𝑖), 𝑧𝑟 is the covariate (linear 𝑥𝑖, interaction 𝑥𝑖𝑥𝑗, and quadratic 𝑥𝑖
2 terms), and 𝜀 are the 

residuals. Time-dependency was introduced by expanding the intercept term as well as the 

effect sizes of the covariates from Equation 3.4: 

 
𝑦 = 𝛼00 + 𝛽0𝑡 + ∑(𝛼𝑟0 + 𝛽𝑟𝑡) 𝑧𝑟

𝑘

𝑟=1

+ 𝜀 
Equation 3.5 

 
𝑦 = 𝛼00 + 𝛽0𝑡 + 𝛾0𝑡2 + ∑(𝛼𝑟0 + 𝛽𝑟𝑡 + 𝛾𝑟𝑡2) 𝑧𝑟

𝑘

𝑟=1

+ 𝜀 
Equation 3.6 

where 𝛽𝑞 is the estimated added effect of a linear time profile, and 𝛾𝑞 is the estimated added 

effect of a quadratic time profile. Note the different notations for time-independent effect sizes 

(𝛼), linear-time effect sizes (𝛽), and quadratic-time effect sizes (𝛾). 

The model was estimated using the procedure MIXED from the SAS® software University 

Edition. Maximum likelihood (ML) was used as estimation method. Information criteria, such as 

AICc (corrected Akaike information criterion) and BIC (Bayesian information criterion) were 

collected and the LRT-value (likelihood ratio test) was computed, and were used to assess the 

three types of full models. 

3.3.3 Backward elimination 

Backward elimination was performed starting from the full model with the best time profile, using 

the procedure GLMSELECT with ML estimation in SAS® software University Edition. The order 

of elimination was determined using the t-statistics with a significance level set at 0.05 (5%).  
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3.3.4 Final model 

After backward elimination, the final model was fitted using restricted maximum likelihood 

(REML) estimation to find the coefficient estimates for the intercepts and effects, and estimated 

for the variance of the residuals. Information criteria such as AICc and BIC were computed as 

“goodness of fit” measures. 

3.4 Results and discussion 

3.4.1 Catalyst characterization 

In total, four batches of Cu20MgAl(4)Ox catalyst were produced. ICP measurements showed 

that the metal composition of all batches is relatively similar (Table 3.2). All batches had lower 

metal contents than theoretically could be achieved according to the catalyst preparation 

procedure. This is consistent with previous catalyst preparations2, and seems to be 

characteristic for the preparation procedure. Batch 1 had the lowest overall metal composition. 

Nevertheless, all four batches were considered as equal during the response surface modeling, 

i.e. no possible effect of the catalyst batch was taken into account. 

 

Table 3.2: Metal composition of four different batches of Cu20MgAl(4)Ox catalyst. 

 Cu (wt%) Mg (wt%) Al (wt%) (Cu+Mg)/Al atomic ratio 

Theoretical 20.0 32.5 11.1 4.0 

Batch 1 12.9 22.8 7.3 4.2 

Batch 2 15.6 24.7 8.6 4.0 

Batch 3 16.0 27.7 8.9 4.2 

Batch 4 16.1 27.4 8.9 4.2 

3.4.2 Mass balances and product evaluation 

First, mass balances and product evaluations are presented in this section, and several general 

trends are discussed here. Section 3.4.3 will be dedicated to the results and discussion of the 

applied RSM procedure. 

The yields of monomers, oligomers and char were determined according to Equation 3.1-

Equation 3.3. The complete table with the yields is available in Appendix A. Table 3.3 shows 

the effect of the lignin loading on the yields of monomers, THF-soluble fragments, and THF-

insoluble fragments & char at different the reaction temperatures. These output variables 

correspond to the isolated fractions from the reaction mixture according to the work-up 

procedure as depicted in Scheme 3.1. The effect of the lignin loading was checked in general: 

no distinction was made between reaction times, catalyst concentrations and particle sizes. 

Generally, it was found that the mass balances were increased for increasing lignin loadings. 

Although the actual amount of unrecovered reaction mixture from the reactor may be relatively 

the same for all experimental runs, the impact on the mass balance for low lignin loading is 

larger. Additionally, temperature also affected the amount of recovered reaction mixture, and 

hence the mass balance. It must be noted that recovering the reaction mixture was an intensive 
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procedure, because part of the product remained on the reactor wall and stirrer due to fouling. 

Most THF-insoluble fragments and char are produced at a reaction temperature of 250 °C, 

which was recovered from the reactor more easily, while at 120 °C and 340 °C the reaction 

mixture contained very sticky products that were much more difficult to recover from the reactor 

wall.  

 

Table 3.3: Yields and mass balances for different lignin loadings across the reaction temperatures. 
The displayed yields are averages from all reaction times, catalyst concentrations, and particle sizes for 
he specified lignin loading and reaction temperature. 

Lignin loading 

(g/mL ethanol) 

Reaction 

temperature 

(°C) 

Monomers 

(wt%) 

THF-soluble 

fragments 

(wt%) 

THF-insoluble 

fragments & 

char (wt%) 

Mass 

balance 

(wt%) 

0.025 

120 0 10 44 54 

250 2 10 63 75 

340 11 59 17 87 

0.1375 

120 0 9 63 72 

250 1 9 80 90 

340 6 27 38 71 

0.25 

120 0 5 80 85 

250 1 10 87 98 

340 4 47 38 89 

 

 

In previous work by Huang and coworkers the effect of temperature on the product yields has 

been studied at low lignin loadings (i.e. 1:40 and 1:20 w/v).7 It was concluded that condensation 

reactions dominate at low reaction temperature (200-250 °C), inducing an increased yield of 

THF-insoluble fragments. Additionally, reactions that suppress repolymerization (e.g. alkylation, 

Guerbet, esterification reactions) seemed to occur at too low rates at these low reaction 

temperatures. Combined with the lower activity in depolymerization, a large contribution of 

condensation products were recovered.7 Furthermore, it was found that at moderate reaction 

temperatures (300-340 °C) depolymerization reactions as well as the alkylation, Guerbet, and 

esterification reactions were enhanced. This resulted in a decreased yield of THF-insoluble 

products and an increased yield of THF-soluble fragments and monomers.7  

A direct comparison was made between the results from the current study and those from 

previous work by Huang and coworkers (Table 3.4).7 It can be seen that the trends are different 

when the lignin loading is increased. Generally, the yield of THF-insoluble fragments increased 

significantly with an increased lignin loading, initially indicating that more condensation 

reactions occurred. A higher lignin loading could result in a decreased solubility of the lignin in 

the solvent, and thereby reduce the lignin depolymerization rate. For low reaction temperatures, 

the lignin depolymerization degree was found to be low at low lignin loadings7, and this was 

further emphasized in the cases of increased lignin loading. Especially at 250 °C, an increase 

in char yield was found (Table 3.4), confirming the dominant condensation reactions and low 

rates of the alkylation, Guerbet, and esterification reactions at this reaction temperature. The 

high lignin loading could possibly direct these condensation reactions towards char formation, 

resulting in less compounds to be dissolved in the solvent. The solubility effect of higher lignin 

loadings was also found at a reaction temperature of 340 °C; the depolymerization degree was 
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reduced, yielding less monomers and THF-soluble fragments compared to low lignin loadings 

(Table 3.3-Table 3.4).  

 

Table 3.4: Comparison of the yields for different lignin loadings and reaction temperatures.  

Lignin loading 
(g/mL ethanol) 

Reaction 
temperature 

(°C) 

Monomers 
(wt%) 

THF-soluble 
fragments 

(wt%) 

THF-insoluble 
fragments 

(wt%) 
Char (wt%) 

0.05 a 200 1 21 41 1 

0.05 a 250 3 35 59 1 

0.05 a 300 17 73 19 0 

0.05 a 340 20 69 9 3 

0.025 a 340 30 72 8 1 

0.1375 b 120 0 4 74 5 

0.1375 b 250 2 2 70 16 

0.1375 b 340 6 31 31 1 

a  Data from Huang and coworkers7; Cu20MgAl(2)Ox catalyst, catalyst concentration [0.5 g/g lignin], 

catalyst particle size [125 µm], reaction time [4 h]. The lignin loading of 0.05 g/mL ethanol was 

evaluated in a 50 mL batch reactor, while a 100 mL batch reactor was used for the lignin loading of 

0.025 g/mL ethanol. 
b  Data from current study; Cu20MgAl(4)Ox catalyst, catalyst concentration [0.4375 g/g lignin], catalyst 

particle size [125 µm], reaction time [4 h]. 

 

 

Several product streams were characterized in more detail by GPC. The weight-average 

molecular weights (Mw, g/mol) are summarized in Table 3.5 and compared to previous work 

from Huang and coworkers7. The Mw of the THF-soluble and THF-insoluble product streams 

were not consistent with previous results obtained with a lower lignin loading. Most significantly, 

the THF-insoluble product stream, which is strongly adsorbed on the catalyst and cannot be 

dissolved in THF directly7, was generally of lower Mw. The results were compared to the Mw of 

the parent P1000 soda lignin. Soda lignin is only partially soluble in THF, and GPC analysis on 

the THF-soluble fraction showed a Mw of 1100 g/mol.2,7 Lignin becomes fully soluble in THF 

after derivatization by acetylation.7,8 Importantly, acetylation has an effect on the Mw: the Mw for 

acetylated lignin is much higher.8,9 A recent study showed that acetylated soda lignin has a Mw 

of 6310 g/mol.7 The acetylation step increased the Mw of original soda lignin to some extent, 

depending on the number of -OH groups present in the lignin. For comparison, the determined 

Mw of the same (non-acetylated) soda lignin via alkaline size exclusion chromatography (SEC) 

in a different study was 3270 g/mol.9 The low Mw of the THF-insoluble product stream at 120 °C 

and 250 °C showed that it contained depolymerized products in comparison to the parent P1000 

soda lignin (Table 3.5). This is also well indicated in the molecular weight distributions of the 

THF-insoluble product streams compared to the distribution of P1000 lignin, as depicted in 

Figure 3.2. Probably, thermolytical reactions take place at low temperatures (120-250 °C), 

resulting in fragments of lower molecular weight that are adsorbed on the catalyst surface as a 

result of the strong adsorbing nature of lignin. At high lignin loadings, the catalyst surface is 

probably poisoned with lignin fragments that are difficult to desorb from the surface at low 

temperatures due to lack of energy. This is also suggested by the increased yield of THF-soluble 

fragments at 340 °C with high lignin loading (Table 3.4). At this higher reaction temperature, it 

is also visible from Figure 3.2 that condensation products are formed (molecular weight = ~4000 
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g/mol) that remained adsorbed on the catalyst, which is consistent with the results obtained in 

previous work by Huang et al. with lower lignin loadings.1,2,7  

The Mw of the THF-soluble product streams at 250 °C and 340 °C were comparable to results 

with a low lignin loading (Table 3.5). However, when looking in more detail at the molecular 

weight distributions of the THF-soluble product streams at 120 °C (Figure 3.3), it was found that 

this stream contained a significant amount of products with a molecular weight of ~6000-7000 

g/mol. These products could be the result of condensation reactions of reactive lignin fragments, 

as repolymerization suppression reactions (i.e. alkylation, Guerbet, esterification) do not have 

sufficient rates at low temperatures.7   

The results on the molecular weights of the THF-soluble fragments and the THF-insoluble 

fragments indicated that the oligomer and heavy fragments product streams are not strictly 

separated from each other in the isolated fractions from the work-up procedure at all studied 

reaction temperatures. The THF-soluble fraction did not solely contain lignin oligomers, while 

the THF-insoluble fraction was not entirely composed of heavy lignin fragments. Therefore, the 

labeling of the output variables (i.e. oligomer yield and char yield) needed to be changed for the 

continuation of this thesis work. The output variables under study in this work are from now on 

referred to as: monomer yield, the yield of THF-soluble fragments, and the yield of THF-

insoluble fragments & char. The THF-soluble fragments represent all products that were 

dissolved in the reaction mixture, while the THF-insoluble fragments & char output variable 

includes the products that remained adsorbed on the catalyst or were the result of char 

formation. 

 

Table 3.5: GPC analysis of product streams obtained from reactions with different lignin loadings 
and at different reaction temperatures. 

Lignin loading 
(g/mL ethanol) 

Reaction 
temperature 

(°C) 

THF-soluble fragments THF-insoluble fragments 

Yield (wt%) Mw (g/mol) Yield (wt%) Mw (g/mol) 

0.05 a 200 21 3376 41 4071 

0.05 a 250 35 1475 59 13325 

0.05 a 300 73 1296 19 21142 

0.05 a 340 69 926 9 32514 

0.025 a 340 72 - 8 - 

0.1375 b 120 4 1923 74 426 

0.1375 b 250 2 1393 70 920 

0.1375 b 340 31 628 31 1231 

a  Data from Huang and coworkers7; Cu20MgAl(2)Ox catalyst, catalyst concentration [0.5 g/g lignin], 

catalyst particle size [125 µm], reaction time [4 h]. The lignin loading of 0.05 g/mL ethanol was 

evaluated in a 50 mL batch reactor, while a 100 mL batch reactor was used for the lignin loading of 

0.025 g/mL ethanol. 
b  Data from current study; Cu20MgAl(4)Ox catalyst, catalyst concentration [0.4375 g/g lignin], catalyst 

particle size [125 µm], reaction time [4 h]. 
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Figure 3.2: Molecular weight distributions of THF-insoluble products after 4 hours. 

 
Figure 3.3: Molecular weight distributions of THF-soluble products after 4 hours. 
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The effect of the catalyst concentration was investigated in general as well; no distinction was 

made between reaction times, lignin loadings and particle sizes (Table 3.6). An increased 

catalyst concentration resulted in strongly reduced yields of THF-soluble fragments and 

monomers at all reaction temperatures. As it was established that the desorption of products 

from the catalyst surface was low at 120 °C and 250 °C, this effect was likely strengthened 

when the catalyst concentration was increased. At higher catalyst concentrations, more surface 

is available for lignin fragments to adsorb, and hence more products will remain adsorbed on 

the surface because the temperature is too low for desorption. The same effect was also visible 

at 340 °C, albeit less extreme than at 120 °C and 250 °C. Although the desorption of products 

from the catalyst was found to increase at 340 °C, still a significant amount of products were 

found adsorbed on the catalyst surface (Figure 3.2). 

Furthermore, the effect of the catalyst particle size was considered in general (Table 3.7). Again, 

no distinctions was made between reaction times, lignin loadings and catalyst concentrations. 

Overall, different particle sizes did not seem to affect the yields of all the isolated product 

streams. It is possible that the chosen range of particle sizes is below or above a certain 

threshold for having an effect in the lignin conversion process. 

 

Table 3.6: Yields and mass balances for different catalyst concentrations across the reaction 
temperatures. The displayed yields are averages from all reaction times, lignin loadings and particle sizes 

for the specified catalyst concentration and reaction temperature.  

Catalyst 

concentration 

(g/g lignin) 

Reaction 

temperature 

(°C) 

Monomers 

(wt%) 

THF-soluble 

fragments 

(wt%) 

THF-insoluble 

fragments & 

char (wt%) 

Mass 

balance 

(wt%) 

0.25 

120 0 21 36 57 

250 1 14 69 84 

340 10 41 26 77 

0.4375 

120 0 7 64 71 

250 1 9 78 88 

340 6 38 34 78 

0.75 

120 0 3 85 88 

250 1 6 84 91 

340 5 19 45 69 
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Table 3.7: Yields and mass balances for different catalyst particle sizes across the reaction 
temperatures. The displayed yields are averages from all reaction times, lignin loadings, and catalyst 

concentrations for the specified catalyst particle size and reaction temperature. 

Catalyst 

particle size 

(µm) 

Reaction 

temperature 

(°C) 

Monomers 

(wt%) 

THF-soluble 

fragments 

(wt%) 

THF-insoluble 

fragments & 

char (wt%) 

Mass 

balance 

(wt%) 

125 

120 0 6 67 73 

250 1 7 81 89 

340 5 27 35 67 

250 

120 0 10 61 71 

250 1 9 78 88 

340 8 41 31 80 

500 

120 0 8 66 74 

250 2 13 73 88 

340 5 20 46 71 

 

3.4.3 Response surface modeling 

So far, several qualitative relationships between the output variables and the input factors were 

described. The applied experimental design (BBD) containing 108 experimental runs, provided 

a large set of data. From this data, response surface models were proposed to show the 

quantitative relationships in terms of effect sizes. The RSM was applied to two output variables 

of interest: the yield of THF-soluble fragments, and the yield of THF-insoluble fragments & char.  

3.4.3.1 Yield of THF-soluble fragments 

The RSM procedure assumes normal distributed data, i.e. error term is assumed to be normally 

distributed with mean 0 and variance 𝜎2 (𝜀~𝑁(0, 𝜎2), see section 2.2.2). Hence, it was important 

to establish the distribution of the data. Through initial data exploration, the data was checked 

for the distribution, and additionally for possible outliers. Figure 3.4 shows the histogram for the 

distribution of the yield of THF-soluble fragments, that resembles an exponential distribution. It 

may be necessary to transform the data to make it comply with a normal distribution before 

continuing with the modeling. However, it could also be the case that the normal distribution 

was hidden in the data, and that after modeling, the residuals would show normality. First, the 

latter option was investigated, and a normal distribution was assumed for the data 

corresponding to the THF-soluble yield output. 

A boxplot was examined to investigate possible outliers in the data (Figure 3.5). Seven possible 

outliers were detected and checked further for their corresponding input factor levels. All seven 

suspected outliers were from experimental runs with a reaction temperature of 340 °C, varying 

across all reaction times and lignin loadings. It was expected that this high temperature would 

lead to a higher production of depolymerized products, therefore the suspected outliers were 

not directly qualified as irregular and remained included in the data set.  
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Figure 3.4: Histogram of the yield of THF-soluble products output variable, showing resemblance to an 

exponential distribution. 

 

 
Figure 3.5: Boxplot of the yield of THF-soluble products output variable, showing seven possible 
outliers. 

 

First, the best time profile was determined. Three time profiles were investigated based on the 

full quadratic BBD model (Equation 3.4-Equation 3.6): time-independent, linear, and quadratic. 

The likelihood ratio test (LRT) was performed for each nested model: the bigger model was 

compared with the smaller. The corresponding LRT p-values were computed. Additionally, 

information criteria (AICc and BIC) were calculated to provide additional information about the 

goodness of fit for the selected time profiles (Table 3.8). For a significance level 𝛼 = 0.05, the 

LRT p-value showed that the time-independent model would fit the data best. This was also 

suggested by the AICc and BIC values; the smallest values were determined for the time-

independent model, meaning the distance between the model and the true underlying 

relationship between the input and output data was “smallest” for this time profile. The backward 

elimination was thus performed starting from the time-independent full model.  

  

Yield of THF-soluble fragments 

Frequency 

Yield of THF-soluble fragments 
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The residuals for all full models were checked for normality (Figure 3.6 a-c), i.e. to see if the 

model assumption stating normal distributed data was the way forward. The residual plots 

showed that the data roughly resembled the normal distribution, however with some positive 

skewness. It was assumed that the normality might improve when performing backward 

elimination to come to a final model that fit the data best. Hence, the backward elimination was 

started using the untransformed data. 

 

Table 3.8:  Results for the three investigated time profiles for the THF-soluble products output 

variable. 

Time profile AICc BIC LRT p-value a 

Quadratic 937.3 989.8 - 

Linear 880.0 937.1 0.2899 

Independent 852.3 889.2 0.0977 

a  The bigger model was compared with the smaller model: quadratic vs. linear, and linear vs. 

independent. 

 

 

  
a.      b. 

 
   c. 
Figure 3.6: Residual plots for the THF-soluble products output variable from the (a) quadratic-time 
full model, (b) linear-time full model, and (c) time-independent full model. 
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Second, backward elimination was performed. A strict significance level 𝛼 = 0.05 was applied 

for deciding which input factor should be included in the model, keeping in mind the hierarchy 

rule as explained in section 2.2.3. This resulted in a final model based on five covariates: 

reaction temperature, lignin loading, catalyst concentration, quadratic reaction temperature, and 

quadratic lignin loading. The final model for THF-soluble products was fitted with the REML 

estimation method (Table 3.9).  

 

Table 3.9: Effect sizes for the THF-soluble products output variable with corresponding t-statistics 

and p-values, based on coded input factors. 

Effect Symbol Estimate a Standard error t-statistic p-value 

Intercept - 3.7 ± 3.8 1.9 1.96 0.0524 

Reaction temperature 𝑇 13.4 ± 3.1 1.6 8.47 <.0001 

Lignin loading 𝐿 -1.2 ± 3.1 1.6 -0.75 0.4531 

Catalyst concentration 𝐶 -5.9 ± 3.1 1.6 -3.75 0.0003 

(Reaction temperature)2 𝑇2 16.5 ± 4.5 2.3 7.33 <.0001 

(Lignin loading)2 𝐿2 5.5 ± 4.3 2.2 2.54 0.0125 

a  Confidence interval =  𝑡𝛼/2;𝐷𝐹=102 ∙ 𝑆𝐸 = 1.9835 ∙ 𝑆𝐸 with 𝛼 = 0.05. 

 

 

The final response surface for the yield of THF-soluble fragments based on the coded input 

factors is: 

yield of THF-soluble fragments (wt%)

= 3.7 + 13.4 𝑇 − 1.2 𝐿 − 5.9 𝐶 + 16.5 𝑇2 + 5.5 𝐿2 + 𝜀 
Equation 3.7 

where 𝑇 is reaction temperature, 𝐿 is lignin loading, and 𝐶 is catalyst concentration, all in coded 

values. 

 

 
Figure 3.7: Residual plot for the final response surface for the yield of THF-soluble fragments. 



 Technische Universiteit Eindhoven University of Technology 

 

44 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

The residuals were checked to verify the model assumption of normally distributed data (Figure 

3.7). The residuals are close to normality (𝜀~𝑁(0, 𝜎2)), however some positive skewness was 

still visible. This may be due to the inclusion of possible outliers in the data set, for which the 

modeled value is smaller than the actual value from the experimental data. Additionally, in the 

future, it may be meaningful to perform RSM with transformed data, to possibly improve the 

fitting. 

 

Overall, it can be concluded from this quantitative analysis that reaction temperature, lignin 

loading, and catalyst concentration had significant effects on the yield of THF-soluble 

fragments. Reaction temperature had the largest effect size, supporting the idea that the 

catalytic activity towards depolymerization, and the occurrence of condensation reactions and 

repolymerization suppression reactions (i.e. alkylation, Guerbet, and esterification) greatly 

depend on reaction temperature, as was also indicated in a previous study7. The quadratic 

effect of reaction temperature was evidence of the low THF-soluble products yield at 250 °C, 

which is linked to a high THF-insoluble products and char yield at this reaction temperature. It 

confirms the estimated dominance of char formation at this reaction temperature and the low 

desorption of products from the catalyst surface.  

The significant negative effect of lignin loading on the yield of THF-soluble products proved the 

solubility effect on the depolymerization degree that was proposed previously. The solubility 

effect seems largest at 250 °C, concluding from the quadratic effect that is included in the 

response surface. It substantiates the theory that condensation reactions may be directed 

towards char formation at this temperature with high lignin loadings. The catalyst concentration 

has a significant negative effect on the yield of THF-soluble products, confirming the notion that 

an increased available surface causes more adsorption possibilities, while the rate of desorption 

is too low in most cases to yield THF-soluble fragments. The catalyst particle size did not 

contribute significantly to the proposed response surface, confirming that the particle size had 

no distinct effect on the yield of THF-soluble products. Of course, it could simply be that the 

catalyst particle size is not of importance for the yield of THF-soluble products in the lignin 

conversion process currently under study. On the other hand, it is very likely that the chosen 

range of catalyst particle size is located on a so-called plateau of the particle size vs. yield curve, 

either before or after the optimum particle size.  

Interestingly, reaction time did not seem to have a significant effect on the yield of THF-soluble 

products. This could indicate that the initial solvolysis of the lignin yields a certain amount of 

dissolved products, and a steady-state is established. So, the rate of additional lignin solvolysis 

and desorption of products from the catalyst surface could be equal to the adsorption of 

compounds on the catalyst surface and char formation. 

3.4.3.2 Yield of THF-insoluble fragments & char 

The histogram for the yield of THF-insoluble products & char shows a negatively-skewed 

distribution (Figure 3.8). Similar to the modeling of the yield of THF-soluble products output 

variable, it may be necessary to transform the data, but the same approach was used here: a 

normal distribution was assumed for the data corresponding to the yield of THF-insoluble 

products & char output. The boxplot did not show suspected outliers (Figure 3.9).  
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Figure 3.8: Histogram of the yield of THF-insoluble products & char output variable, resembling a 
negatively-skewed distribution. 

 

 

Figure 3.9: Boxplot of the yield of THF-insoluble products & char output variable, showing no 
suspected outliers. 

 

After investigating the three different time profiles based on the full quadratic BBD model 

(Equation 3.4-Equation 3.6), it was found that the results of the LRTs were not supported by the 

information criteria (AICc and BIC). The LRT p-values suggested that the quadratic-time full 

model would fit the data best (significance level 𝛼 = 0.05, Table 3.10). However, the AICc and 

BIC values were lowest for the time-independent full model. The LRT was decided to provide a 

better insight than the AICc and BIC values, so the quadratic-time full model was selected as 

the starting point for backward elimination.  

The residual plots for all full models showed that the data roughly resembled the normal 

distribution, however one data point caused some positive skewness (Figure 3.10a-c). Similar 

to the modeling of THF-soluble products yield, it was decided to continue with untransformed 

data, and that the normality might eventually improve when performing backward elimination. 

 

Yield of THF-insoluble fragments & char 

Frequency 

Yield of THF-insoluble 

fragments & char 
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Table 3.10: Results for the three investigated time profiles for the yield of THF-insoluble products & 
char output variable. 

Time profile AICc BIC LRT p-value a 

Quadratic 895.4 947.9 - 

Linear 847.8 904.8 0.0279 

Independent 827.9 864.8 0.0112 

a The bigger model was compared with the smaller model: quadratic vs. linear, and linear vs. 

independent. 

 

 

  
a.      b. 

 
   c. 

Figure 3.10: Residual plots for the yield of THF-insoluble products & char output variable from the 

(a) quadratic-time full model, (b) linear-time full model, and (c) time-independent full model.  

 

Backward elimination was performed using the same method and settings as for the THF-

soluble products yield backward elimination. This resulted in a final model based on six 

covariates: reaction temperature (𝑇), lignin loading (𝐿), catalyst concentration (𝐶), reaction 

temperature interacting with catalyst concentration (𝑇 · 𝐶), quadratic reaction temperature (𝑇2), 

and quadratic lignin loading (𝐿2). Additionally, a quadratic time profile (𝑡2) was established as 

significant for interaction with the reaction temperature. The final model for the yield THF-

insoluble fragments & char was fitted with the REML estimation method (Table 3.11).  
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Table 3.11: Effect sizes for the yield of THF-insoluble products & char output variable with 
corresponding t-statistics and p-values, based on coded input factors. 

Effect Estimate a Standard error t-statistic p-value 

Intercept 83.2 ± 4.2 2.1 38.97 <.0001 

𝒕 1.4 ± 2.1 1.1 1.26 0.2101 

𝒕𝟐 -0.2 ± 0.2 0.1 -1.50 0.1366 

𝑻 -3.8 ± 5.2 2.5 -1.53 0.1291 

𝒕 · 𝑻 -6.1 ± 3.1 1.6 -385 0.0002 

𝒕𝟐 · 𝑻 0.5 ± 0.4 0.2 2.82 0.0058 

𝑳 12.7 ± 2.6 1.3 9.71 <.0001 

𝑪 11.8 ± 2.7 1.3 8.79 <.0001 

𝑻 · 𝑪 -8.4 ± 4.5 2.2 -3.72 0.0003 

𝑻𝟐 -33.6 ± 3.7 1.9 -17.96 <.0001 

𝑳𝟐 -5.4 ± 3.6 1.8 -3.00 0.0034 

a  Confidence interval =  𝑡𝛼/2;𝐷𝐹=97 ∙ 𝑆𝐸 = 1.9847 ∙ 𝑆𝐸 with 𝛼 = 0.05. 

 

 

The final response surface for the yield of THF-insoluble fragments & char based on the coded 

input factors is: 

yield of THF-insoluble fragments & char (wt%)

= 83.2 + 1.4 𝑡 − 0.2 𝑡2 − (3.8 + 6.1 𝑡 − 0.5 𝑡2) 𝑇 + 12.7 𝐿

+ 11.8 𝐶 − 8.4 𝑇 ∙ 𝐶 − 33.6 𝑇2 − 5.4 𝐿2 + 𝜀 

Equation 3.8 

where 𝑡  is reaction time, 𝑇  is reaction temperature, 𝐿  is lignin loading, and 𝐶  is catalyst 

concentration, all in coded values. 

The residuals were checked to verify the model assumption of normally distributed data (Figure 

3.11). They show positive skewness relative to a normal distribution. Although no outliers were 

indicated by the boxplot, one data point seems to consistently cause skewness during the model 

development. Perhaps, this data point actually is an outlier, and to further improve the model, 

this should be further investigated. 
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Figure 3.11: Residual plot for the final response surface for the yield of THF-insoluble fragments & 
char. 

 

Overall, similar to the yield of THF-soluble products, it seems that reaction temperature, lignin 

loading, and catalyst concentration had significant effects on the yield of THF-insoluble products 

& char. The large quadratic effect size of reaction temperature supports the previous findings: 

char formation is dominant and the rate of desorption of products from the catalyst is low at 250 

°C. A significant positive effect size of lignin loading contributes to the response surface, 

providing additional evidence of the solubility effect, with the negative quadratic effect  

confirming the direction towards char formation as mentioned before. Additionally, an increased 

catalyst concentration proved to have a significant positive effect on the yield of THF-insoluble 

products & char. This is all in line with previous statements about the increased adsorption 

possibilities combined with the low desorption rate.  

The interaction effect of reaction temperature and catalyst concentration means that the effect 

of catalyst concentration on the yield of THF-insoluble products & char depended on the level 

of the reaction temperature. The interaction effect is negative, indicating that an increase in 

catalyst concentration leads to an enhanced negative effect of the reaction temperature (or: a 

decreasing catalyst concentration reduces the negative effect of the reaction temperature).  

The quadratic time profile was significant in combination with the reaction temperature. A high 

reaction temperature induces a negative effect on the yield of THF-insoluble products & char 

when the reaction time is lengthened. This would indicate that a longer reaction time could 

improve depolymerization and product desorption and reduce undesired repolymerization 

reactions at higher reaction temperatures. The quadratic effect of reaction time in this case 

would suggest a buildup of products from condensation reactions and adsorbed species at the 

early stages of the reaction, while after a certain amount of time (between 2 h and 4 h), the 

depolymerization and desorption processes are well under way and eventually take over. 
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3.5 Conclusions 

From a BBD based on four input factors (reaction temperature, lignin loading, catalyst 

concentration, and catalyst particle size) the performance of the catalytic depolymerization of 

lignin was estimated by evaluating three output variables: monomer yield, yield of THF-soluble 

fragments, and yield of THF-insoluble fragments & char. Qualitative as well as quantitative 

relationships were defined between the input factors and selected output variables. A significant 

solubility effect was found for increased lignin loadings, resulting in a reduced depolymerization 

degree due to a decreased solubility of lignin in the solvent. Additionally, higher lignin loadings 

emphasized the dominating condensation reactions at 250 °C, yielding significant amounts of 

char. The adsorbed species on the catalyst surface at low reaction temperatures (120-250 °C) 

were generally depolymerized products, indicating that desorption of products from the catalyst 

surface required high temperatures in an environment of high lignin concentration. An increased 

catalyst concentration enlarged this phenomenon. The yield of depolymerized products 

(monomers and oligomers) were highest at a reaction temperature of 340 °C, confirming the 

high rates of depolymerization and repolymerization suppression reactions (i.e. alkylation, 

Guerbet, and esterification) at this temperature. At a reaction temperature of 120 °C, the 

dissolved products in the reaction mixture were mainly of high molecular weight (~6000-7000 

g/mol), indicating condensation of reactive lignin fragments. 

The response surfaces of the yield of THF-soluble fragments, and the yield of THF-insoluble 

fragments & char confirmed the relationships that were observed. The catalyst particle size had 

no significant effect on the two modeled output variables. Probably, the chosen range was too 

high or too low to induce an effect. Furthermore, it was found that the yield of THF-soluble 

fragments was not affected by the reaction time. The quadratic time effect included in the THF-

insoluble fragments & char response model indicates a buildup of products from condensation 

reactions and adsorbed species at the early stages of the reaction, while after a certain amount 

of time the depolymerization and desorption processes take over. 

3.6 Outlook and recommendations 

The residual analysis of the proposed response models indicated skewness with respect to the 

normal distribution. This is possibly due to outliers included in the experimental data set, though 

additional research on the exact cause of this skewness would provide more insight. 

Additionally, the type of randomization applied during the experimental design set-up, may 

introduce an additional source of variation in the data, which was not accounted for during the 

current study. In additional research, the size of this possible effect can be established, and the 

fitting may consequently be improved. 

No response model for the monomer yield output variable was estimated, because it was 

considered that the quality of the data corresponding to this output variable could be improved. 

The monomer yield was calculated based on the results of the analysis of the GC-MS spectra 

(Equation 3.1). The general procedure using GCsolution and GCMSsolution software required 

analysis of each spectrum individually, identifying product peaks and the corresponding 

compounds one-by-one. The large set of GC-MS spectra (108 samples) that could contain up 

to 250 unique peaks in the elution profile, called for a time-consuming process. Furthermore, 

co-elution of compounds (i.e. (partly) overlapping peaks in the elution profile) and retention time 

shifts across the different samples made the analysis procedure prone to mistakes. 

Improvements to this procedure were investigated, with the help of outside experts (Department 

of Analytical Chemistry/Chemometrics, Radboud University Nijmegen). An approach was 

proposed in which the chromatographic peaks are deconvoluted simultaneously for all samples. 

The method is called PARAFAC2 (PARAllel FACtor analysis 2), and it handles the set of 108 

GC-MS spectra as three-way data.10 This means that the data can be represented as mass 

spectra in one dimension, elution profiles in the second, and the third dimension contains the 
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samples. By using the PARAFAC2 method, the three-way data can be decomposed in pure 

mass spectra, individual elution profiles, and a concentration measure for each component 

present in the entire data set. Then, components that are included in multiple samples are easily 

identified and correlated. A PARAFAC2 tool named PARADISe (PARAFAC2 based 

Deconvolution and Identification System) was developed by Johnsen and coworkers, which can 

be used to easily apply this GC-MS analysis method.11 This tool was tested with the spectral 

data from the current study, and it is considered promising to improve the quality of the 

monomer yield output data. However, it seems that additional preprocessing of the GC-MS data 

is required to utilize this tool to its maximum potential. This preprocessing includes baseline 

correction12,13 and perhaps initial retention time shift correction via alignment14. Unfortunately, 

these tools required several optimization steps, for which no time was left within the duration of 

this project. Nevertheless, it is highly recommended by the author that an investment in further 

studying this approach is made. It would greatly improve the robustness of the GC-MS data 

analysis and could provide new knowledge to be applied in future studies that include large data 

sets. 

Based on the findings in this chapter, it may be very likely that the selected output variables are 

related to each other: a higher yield of THF-insoluble fragments & char would decrease the yield 

of monomers and THF-soluble products. This is a consequence of the intrinsic mass balance. 

Therefore, a multivariate approach in the analysis of the experimental data, in which the output 

variables are studied simultaneously, could provide additional insight into how the output 

variables react together to changes in the process conditions. Additionally, the preference or 

quality of monomers can be emphasized during the modeling process. In this case, specific 

monomers of interest can be weighted accordingly during the analysis. A model based on this 

approach could provide process conditions tailored towards specific desired aromatic 

monomers, which would be interesting for determining the application possibilities and further 

valorization of the products. 

With the help of the fitted response surfaces of THF-soluble products and THF-insoluble 

products & char, the process conditions can be optimized towards the desired product streams. 

When such a model will be proposed for the other selected output variable of interest – i.e. 

monomer yield –, a more complete picture will be obtained that could lead to an optimum 

process operating window.  
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4 Development of a kinetic model based on 

‘lumping’ 

4.1 Introduction 

By studying the reaction kinetics of the lignin depolymerization process, information on reaction 

rates and rate limiting steps was collected. This information can be used to determine how 

process parameters such as concentrations and reaction temperature affect the conversion 

process. The effect of temperature is studied before by Huang and coworkers and proved an 

important factor in the relative conversion pathways (e.g. depolymerization and condensation 

reactions).1 In the current study, the additional effect of an increased lignin loading was 

investigated, and it was found that this resulted in a solubility effect that altered the relative 

conversion pathways that were described by Huang and coworkers (see section 3.4.2). 

Therefore, the kinetics of the lignin depolymerization process were studied for a higher lignin 

loading, to show quantitatively which pathways are dominant in this case, and how the pathways 

are affected by the reaction temperature. This information is important to use in determining the 

viability of the technology in the next stage-gate of the scale-up process.  

The lignin depolymerization is a very complex process, thus the possible reaction pathways 

were simplified using the ‘lumping’ approach as described in section 2.3.1. The so-called lumps 

were chosen according to some characteristic groupings during the conversion process that 

were established in the current study (section 3.4.2) and in previous studies.2–4 It is expected 

that, parent P1000 soda lignin polymer is depolymerized into oligomers and monomers, while 

condensation/repolymerization reactions produced heavy fragments and char.2–4 This formed 

the basis of the lumping into three groups of lignin conversion products: lignin monomers, lignin 

oligomers, and heavy fragments & char.  

Furthermore, ethanol plays an important role in the lignin depolymerization process as well. 

Hydrogen is produced from ethanol and is included in the depolymerization reactions via 

hydrogenolysis. Additionally, ethanol is converted into higher alcohols and esters via Guerbet 

and esterification reactions, and into C1-C4 hydrocarbon gases as additional side products.2–4 

These products formed three lumps as well. Finally, ethanol is also involved in the derivatization 

of monomer products (i.e. Guerbet reactions, esterification, and alkylation).3,4  

Then, the identified lumps were placed in a proposed lumped reaction network (Figure 4.1), 

from which rate equations were derived. During the current study, it was assumed that oligomer 

production from lignin polymers is a solvolysis process (i.e. thermolytical reactions, 𝑘𝑙𝑝𝑙𝑜), as 

well as direct polymerization of the parent lignin into heavy fragments & char (𝑘𝑙𝑝𝑐). In the 

proposed network, monomers are produced via catalytic depolymerization of oligomers (𝑘𝑙𝑜𝑚) 

as well as via solvolysis of the parent lignin (𝑘𝑙𝑝𝑚 ). Oligomers and monomers could both 

repolymerize into heavy fragments & char (𝑘𝑙𝑜𝑐  and 𝑘𝑚𝑐  respectively). Furthermore, it was 

proposed that ethanol could convert into hydrogen (𝑘𝑒ℎ), higher alcohols and esters (𝑘𝑒𝑎𝑒), and 

C1-C4 hydrocarbon gases (𝑘𝑒𝑔), all consistent with previous findings.3,4 The derivatization of 

monomer products was included as well (𝑘𝑒𝑚 ). Importantly, the catalytic depolymerization 

pathways (𝑘𝑙𝑜𝑚 and 𝑘𝑙𝑜𝑎𝑒) involved hydrogen for the hydrogenolysis process. Additionally, a 

possible pathway for the production of additional alcohols and esters from oligomers was 

proposed (𝑘𝑙𝑜𝑎𝑒). This pathway includes the demethoxylation and dealkylation by hydrogen of 

lignin oligomer fragments, though it is still conceptual: reactions with model compounds and 

carbon-14 dating analysis could prove this hypothesis in the future.  
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Figure 4.1:  Proposed reaction network of the lignin conversion process in ethanol. 

 

The developed kinetic model is based on the following expressions for the rate of formation of 

each lump, derived from the proposed lumped reaction network (Figure 4.1, Equation 4.1-

Equation 4.8). In this first kinetic modeling attempt, first-order reactions were assumed. This is 

consistent with similar kinetic models for lignin conversion processes in previous studies that 

showed it could reasonably explain the processes.5,6 

𝑑[lignin polymers]

𝑑𝑡
=  −(𝑘𝑙𝑝𝑙𝑜 + 𝑘𝑙𝑝𝑚 + 𝑘𝑙𝑝𝑐)[lignin polymers] Equation 4.1 

𝑑[lignin oligomers]

𝑑𝑡
 

=  𝑘𝑙𝑝𝑙𝑜[lignin polymers] − (𝑘𝑙𝑜𝑐 + (𝑘𝑙𝑜𝑚 + 𝑘𝑙𝑜𝑎𝑒)[H2])[lignin oligomers] 

Equation 4.2 

𝑑[heavy fragments & char]

𝑑𝑡
 

=  𝑘𝑙𝑝𝑐[lignin polymers] + 𝑘𝑙𝑜𝑐[lignin oligomers] + 𝑘𝑚𝑐[monomers] 

Equation 4.3 

𝑑[monomers]

𝑑𝑡
 

=  𝑘𝑙𝑝𝑚[lignin polymers] + 𝑘𝑙𝑜𝑚[H
2
][lignin oligomers] − 𝑘𝑚𝑐[monomers] 

Equation 4.4 

𝑑[ethanol]

𝑑𝑡
= −(𝑘𝑒𝑎𝑒 + 𝑘𝑒ℎ + 𝑘𝑒𝑔 + 𝑘𝑒𝑚[monomers])[ethanol] Equation 4.5 

𝑑[higher alcohols & esters]

𝑑𝑡
=  𝑘𝑒𝑎𝑒[ethanol] + 𝑘𝑙𝑜𝑎𝑒[H2][lignin oligomers] Equation 4.6 
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𝑑[H2]

𝑑𝑡
=  𝑘𝑒ℎ[ethanol] − (𝑘𝑙𝑜𝑚 + 𝑘𝑙𝑜𝑎𝑒)[lignin oligomers][H2] Equation 4.7 

𝑑[C1-C4 hydrocarbon gases]

𝑑𝑡
=  𝑘𝑒𝑔[ethanol] Equation 4.8 

where [X]  is the concentration of each lump in mg/L, and 𝑘𝑖  are the rate constants 

corresponding to the reaction pathways depicted in Figure 4.1. 

4.2 Experimental methods 

Detailed information on the chemicals, catalyst preparation and characterization, catalytic 

reactions and work-up procedure can be found in sections 3.2.1-3.2.6. 

4.2.1 Product analysis 

Detailed information on the product analysis with GC-MS, GPC, and GC can be found in 

sections 3.2.7.1-3.2.7.3. The concentrations of parent P1000 lignin, oligomers, and heavy 

fragments were all derived from GPC data: the relative areas of each retention peak 

corresponding to one of the lumped compounds were a measure for the concentrations. 

Carbon deposition on the catalyst was investigated with Scanning Electron Microscopy with 

Energy Dispersive X-ray spectroscopy (SEM/EDX). Samples were dissolved in acetone and 

deposited on a silicon wafer, and then dried. The specimen were then mounted on carbon tape 

affixed to an aluminum SEM stub, and imaged using a Phenom World ProX scanning electron 

microscope with an integrated energy dispersive spectrometer, equipped with a backscatter 

electron detector. Acceleration voltages of 10-15 kV were used. Elemental analysis was 

performed using the Element Identification (EID) software package. Operational settings 

restricted detection to five elements: carbon, oxygen, magnesium, copper, and aluminum. 

4.3 Computational methods 

Kinetic modeling was performed using a self-developed MATLAB® script (MATLAB® 2017a, 

MathWorks). The fourth-order Runge-Kutta method was used to integrate the set of ordinary 

differential equations (Equation 4.1-Equation 4.8). The kinetic parameters were approximated 

by nonlinear regression via the nonlinear least-squares routine in MATLAB® using the Trust-

region-reflective method. Bound constraints were applied to come to a solution: all kinetic 

parameters should be positive. The kinetic parameters were calculated by minimizing an 

objective function (Equation 4.9), which is defined as the sum of squares of the differences 

between the experimental data on the lumped concentrations and the calculated values. 

 
objective function = ∑ ∑ ([𝑋𝑖,𝑗]

𝑐𝑎𝑙𝑐
− [𝑋𝑖,𝑗]

𝑒𝑥𝑝
)

2

 

𝑚

𝑗=1

𝑛

𝑖=1

 Equation 4.9 

where index 𝑖 indicates the lump considered, index 𝑗 indicates the experimental run (0-2-4-8 h), 

[𝑋𝑖,𝑗]
𝑐𝑎𝑙𝑐

 and [𝑋𝑖,𝑗]
𝑒𝑥𝑝

 are the calculated and experimentally determined concentrations for lump 

𝑖 and experimental run 𝑗 respectively. 
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4.4 Results and discussion 

A combination of process conditions was selected to evaluate in the proposed kinetic model 

(Table 4.1), based on the available experimental data from the DoE study (section 3). Previous 

studies by Huang and coworkers were focused on highly diluted lignin loadings (1:40 w/v),2–4 

while for scale-up purposes a higher lignin loading is desired (see section 1.4). To gain insight 

into the effect of an increased lignin loading on the process, a higher lignin loading of 11:80 

(w/v) was chosen, equal to the center level in the used BBD. The settings of the other process 

parameters were relatively matched to the previous studies1–4 (Table 4.1), and all three reaction 

temperatures (120-250-340 °C) were modeled. Because of the nature of the BBD, not all 

required experimental data were readily available for the kinetic modeling, and therefore four 

additional experimental runs (0-2-4-8 hours) were performed for a reaction temperature of 250 

°C. All experimental data used for the model were from single experimental runs; no replicates 

were performed. The input data is included in Appendix B. 

 

Table 4.1: Selected process conditions for he proposed kinetic model. 

Process condition a Level 

Lignin loading (g/mL ethanol) 
11:80 

(0.1375) 

Catalyst concentration (g/g lignin) 
7:16 

(0.4375) 

Catalyst particle size (µm) 125 

 a  Reaction temperatures: 120-250-340 °C 

 

4.4.1 Derived rate constants 

After implementing the proposed reaction network and accompanying rate equations (Equation 

4.1-Equation 4.8) in the kinetic model, rate constants were obtained for all three reaction 

temperatures, as depicted in Table 4.2. The lack-of-fit could not be estimated numerically, since, 

for nonlinear regression, this requires replicates. Hence, only a visual inspection of the 

calculated and experimental data could provide a first indication of the model fit. Figure 4.2 a-c 

show the fit of the proposed kinetic model to the experimental data for all reaction temperatures. 

Generally, the fits seem relatively poor. The distances between the experimental data and the 

proposed model are relatively large from visual inspection. Additionally, the proposed models 

do not follow a similar trend across time as the experimental data. The poor fit could be caused 

by the quality of the experimental data set. From visual inspection of the experimental data 

points, in some cases a first-order relationship seems likely (e.g. [lignin oligomers] at 120 °C, 

Figure 4.2 a), while in other cases some fluctuations in these experimental data points increase 

the distance towards a first-order relationship. One explanation is that a level of variability in the 

measured outputs is present. This can be checked and accounted for by introducing replicate 

measurements to produce a reasonable estimate of the true output. However, this was not 

included here, and could cause the difficulty of finding a good fit between the experimental data 

and the proposed kinetic model. With this in mind, the resulting rate constants had to be 

evaluated with caution. Furthermore, the proposed model for 340 °C even showed large 
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fluctuations for [lignin oligomers] and [higher alcohol & esters] (Figure 4.2 c), confirming the 

model is not optimal.  

At all reaction temperatures, the reaction steps from lignin polymer and lignin oligomers towards 

repolymerized products (i.e. heavy fragments and char) are of very low rates (𝑘𝑙𝑝𝑐 and 𝑘𝑙𝑜𝑐), 

based on the results from the proposed models (Figure 4.2 a-c, Table 4.2). This indicates that 

condensation is generally a slow step in the reaction network. At 120 °C, solvolysis during which 

oligomers are formed (𝒌𝒍𝒑𝒍𝒐) is the fastest step, while catalytic depolymerization (𝑘𝑙𝑜𝑚) is very 

low. This leads to a relatively large initial lignin oligomers lump that remains quite stable during 

time (Figure 4.2 a). Notably, the rate of solvolysis from lignin polymer to oligomers reduces 

significantly with increased reaction temperature. This contradicts results from previous work: it 

was found that at 340 °C, the yield of depolymerized products (monomers and oligomers) were 

highest, which would indicate high rates of solvolysis and depolymerization at this temperature.1 

The rates of condensation reactions producing heavy fragments and char do not seem to vary 

with reaction temperature, while it was found that typically temperatures around 250 °C would 

yield more condensation products.1 The conceptual pathway in which lignin oligomers are 

demethoxylated and/or dealkylated, seems to increase in rate at higher temperatures (Table 

4.2). Ethanol conversion due to self-condensation into higher alcohols and esters and hydrogen 

production (𝑘𝑒𝑚 , 𝑘𝑒ℎ) also shows increasing rates with higher temperatures. At 340 °C, – the 

temperature window in which the monomer yield was highest1 (see also section 3.4.2) – the 

rate-limiting step towards monomer production seems to be the solvolysis of lignin polymer into 

oligomers and monomers (𝑘𝑙𝑝𝑙𝑜 and 𝑘𝑙𝑝𝑚), as well as the catalytic depolymerization of oligomers 

into monomers (𝑘𝑙𝑜𝑚, Table 4.2). The low rate of the solvolysis steps is likely to be related to the 

decreased solubility of lignin at high lignin loadings, as was described in section 3.4.2.  

 

Table 4.2: Rate constants derived from the proposed kinetic model for the lignin conversion 
process. 

 
Rate constants (s-1) 

120 °C 250 °C 340 °C 

𝒌𝒍𝒑𝒍𝒐 4E-05 4E-14 4E-14 

𝒌𝒍𝒑𝒎 4E-14 10E-09 3E-14 

𝒌𝒍𝒑𝒄 4E-14 4E-14 4E-14 

𝒌𝒍𝒐𝒄 4E-14 4E-14 3E-14 

𝒌𝒎𝒄 3E-06 4E-14 8E-05 

𝒌𝒍𝒐𝒎 4E-14 3E-08 4E-13 

𝒌𝒍𝒐𝒂𝒆 4E-14 4E-08 2E-03 

𝒌𝒆𝒂𝒆 9E-08 3E-08 5E-06 

𝒌𝒆𝒉 6E-08 2E-12 1E-06 

𝒌𝒆𝒎 6E-09 2E-09 4E-09 

𝒌𝒆𝒈 6E-08 2E-12 3E-08 
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a.  

b.  

c.  

Figure 4.2: Calculated (lines) and experimental (symbols) data for a reaction temperature of (a) 120 

°C, (b) 250 °C, and (c) 340 °C, showing the goodness of fit of the proposed kinetic model. 

 

 

120 °C 

250 °C 

340 °C 



 Technische Universiteit Eindhoven University of Technology 

 

58 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

4.4.2 Introducing catalyst deactivation function 

It was suspected that undissolved lignin (fragments) would accumulate in the system at high 

lignin loadings due to the strong adsorbing nature of lignin. Reactor and/or stirrer fouling could 

likely occur, as well as accumulation of lignin compounds on the catalyst. The latter was 

checked using SEM/EDX analysis on spent catalyst originating from the THF-insoluble fraction, 

to detect carbon deposition on the catalyst. The carbon deposition (𝐶, wt%) was determined for 

every experimental run after reaction (Table 4.3). The highest carbon deposition on the catalyst 

surface was present at 250 °C, when highest char yield was found (see also section 3.4.2). 

Although the carbon deposition was lower at 120 °C compared to the case of 250 °C, it was still 

relatively high. This is in agreement with the suspected low desorption rate of lignin fragments 

from the catalyst surface at low temperatures. Finally, at 340 °C, the carbon deposition 

decreased across increasing reaction times. This indicates that high temperatures promote the 

desorption of lignin products. At lower temperatures (120-250 °C), carbon deposition on the 

catalyst surface seems to slightly increase with reaction time, showing accumulation of carbon 

and confirming the reduced desorption of compounds from the catalyst surface at these 

temperatures. 

While carbon is adsorbed on the catalyst surface, the apparent Cu wt% and/or (Cu+Mg)/Al ratio 

is naturally decreased. This could affect the degree of catalytic depolymerization. Experimental 

data from Huang and coworkers showed the relationship between the Cu wt% and (Cu+Mg)/Al 

ratio of the catalyst, and the monomer yield.3 From this study, it was determined that a linear 

relationship exists between the yields of depolymerized products and the Cu wt% of the catalyst, 

while the (Cu+Mg)/Al ratio did not seem to have a significant effect on the yields (Figure 4.3). 

Based on these results, a negative linear relationship could also be assumed between the 

carbon deposition on the catalyst – and consequent reduced apparent Cu wt% –  and the yield 

of depolymerized products.  

 

Table 4.3: Carbon deposition (wt%) on the catalyst surface, measured at different reaction 

temperatures and times. 

Reaction 
temperature (°C) 

Carbon deposition (wt%) 

0 h 2 h 4 h 8 h 

120 42 41 45 44 

250 49 47 59 50 

340 39 34 32 27 

 

 

This effect was applied to the kinetic model by introducing a catalyst deactivation function 𝜑𝑖 to 

the affected pathways (i.e. pathways that use active sites on the catalyst, indicated in blue and 

green in Figure 4.1). Though theoretically, different deactivation functions are possible (e.g. 

linear, exponential), a linear deactivation function was applied (Equation 4.10), based on the 

assumed relationship described above.  

 𝜑𝑖 = 1 − 𝛼𝑖𝐶 
Equation 4.10 

where 𝐶 is the carbon deposition on the catalyst (wt%) and 𝛼𝑖  is the deactivation constant, 

which describes the sensitivity of the 𝑖 reaction pathway towards carbon deposition on the 

catalyst.  
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a. b.  

Figure 4.3: Relationship between catalyst composition and the yield of depolymerized products. 
Data from Huang et al. (2015).3 

 

 

The reaction rate equations were then updated: 

𝑑[lignin polymers]

𝑑𝑡
=  −(𝑘𝑙𝑝𝑙𝑜 + 𝑘𝑙𝑝𝑚 + 𝑘𝑙𝑝𝑐)[lignin polymers] Equation 4.11 

𝑑[lignin oligomers]

𝑑𝑡
 

=  𝑘𝑙𝑝𝑙𝑜[lignin polymers] 

−(𝑘𝑙𝑜𝑐 + (𝑘𝑙𝑜𝑚𝜑𝑙𝑜𝑚 + 𝑘𝑙𝑜𝑎𝑒𝜑𝑙𝑜𝑎𝑒)[H2])[lignin oligomers] 

Equation 4.12 

𝑑[heavy fragments & char]

𝑑𝑡
 

=  𝑘𝑙𝑝𝑐[lignin polymers] + 𝑘𝑙𝑜𝑐[lignin oligomers] + 𝑘𝑚𝑐[monomers] 

Equation 4.13 

𝑑[monomers]

𝑑𝑡
 

=  𝑘𝑙𝑝𝑚[lignin polymers] + 𝑘𝑙𝑜𝑚𝜑𝑙𝑜𝑚[H
2
][lignin oligomers] 

−𝑘𝑚𝑐[monomers] 

Equation 4.14 

𝑑[ethanol]

𝑑𝑡
 

= −(𝑘𝑒𝑎𝑒𝜑𝑒𝑎𝑒 + 𝑘𝑒ℎ𝜑𝑒ℎ + 𝑘𝑒𝑔𝜑𝑒𝑔 + 𝑘𝑒𝑚𝜑𝑒𝑚[monomers])[ethanol] 

Equation 4.15 

𝑑[higher alcohols & esters]

𝑑𝑡
 

=  𝑘𝑒𝑎𝑒𝜑𝑒𝑎𝑒[ethanol] + 𝑘𝑙𝑜𝑎𝑒𝜑𝑙𝑜𝑎𝑒[H2][lignin oligomers] 

Equation 4.16 

𝑑[H2]

𝑑𝑡
=  𝑘𝑒ℎ𝜑𝑒ℎ[ethanol] − (𝑘𝑙𝑜𝑚𝜑𝑙𝑜𝑚 + 𝑘𝑙𝑜𝑎𝑒𝜑𝑙𝑜𝑎𝑒)[lignin oligomers][H2] Equation 4.17 
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𝑑[C1-C4 hydrocarbon gases]

𝑑𝑡
=  𝑘𝑒𝑔𝜑𝑒𝑔[ethanol] Equation 4.18 

 

The derived carbon weight percentages were introduced in the proposed kinetic model using 

the linear catalyst deactivation function (Equation 4.10), and the kinetic parameters – now also 

including catalyst deactivation constants – were obtained for all three reaction temperatures 

(Table 4.4-Table 4.5). It should be noted that the catalyst deactivation constants are relative 

values within one temperature setting, indicating the relative sensitivity of the catalytic pathways 

towards carbon deposition. A larger value for 𝛼𝑖 indicates a stronger effect of carbon deposition 

on reaction pathway 𝑖. 

A visual inspection of the calculated and experimental data proved that, again, the fits were 

relatively poor (Figure 4.4 a-c). Similar to the previous model (Figure 4.2 a-c), this is largely due 

to the quality of the experimental data. Again, the resulting kinetic parameters had to be 

evaluated with caution. 

 

Table 4.4: Rate constants derived from the proposed kinetic model for the lignin conversion 
process, with and without catalyst deactivation function. 

 
Rate constants (s-1) 

w/o catalyst deactivation function with catalyst deactivation function 

120 °C 250 °C 340 °C 120 °C 250 °C 340 °C 

𝒌𝒍𝒑𝒍𝒐 4E-05 4E-14 4E-14 4E-05 4E-14 4E-14 

𝒌𝒍𝒑𝒎 4E-14 10E-09 3E-14 4E-14 7E-08 4E-14 

𝒌𝒍𝒑𝒄 4E-14 4E-14 4E-14 4E-14 4E-14 4E-14 

𝒌𝒍𝒐𝒄 4E-14 4E-14 3E-14 4E-14 4E-14 4E-14 

𝒌𝒎𝒄 3E-06 4E-14 8E-05 3E-06 4E-14 3E-05 

𝒌𝒍𝒐𝒎 4E-14 3E-08 4E-13 4E-14 3E-08 1E-13 

𝒌𝒍𝒐𝒂𝒆 4E-14 4E-08 2E-03 4E-14 5E-08 2E-06 

𝒌𝒆𝒂𝒆 9E-08 3E-08 5E-06 9E-08 4E-08 7E-07 

𝒌𝒆𝒉 6E-08 2E-12 1E-06 6E-08 2E-12 1E-06 

𝒌𝒆𝒎 6E-09 2E-09 4E-09 6E-09 2E-09 4E-09 

𝒌𝒆𝒈 6E-08 2E-12 3E-08 6E-08 1E-09 2E-12 
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a.  

b.  

c.  

Figure 4.4: Calculated (lines) and experimental (symbols) data for a reaction temperature of (a) 120 
°C, (b) 250 °C, and (c) 340 °C, showing the goodness of fit of the proposed kinetic model including catalyst 
deactivation functions.  

120 °C 

250 °C 

340 °C 
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From Table 4.4 can be concluded that the inclusion of a catalyst deactivation function did mostly 

not affect the reaction rates of the (assumed) catalyst-independent pathways (𝑘𝑙𝑝𝑙𝑜, 𝑘𝑙𝑝𝑚, 𝑘𝑙𝑝𝑐, 

𝑘𝑙𝑜𝑐 , and 𝑘𝑚𝑐 ). Contrastingly, at 340 °C, the catalytic pathways generally show decreased 

reaction rates, indicating the negative effect of carbon deposition on the catalyst surface, on the 

catalytic reaction steps. This also indicates that the catalytic surface reactions are generally 

occurring most at a reaction temperature of 340 °C. This is in agreement with previous results 

stating that at reaction temperatures of 300-340 °C depolymerization reactions as well as the 

alkylation, Guerbet, and esterification reactions are enhanced.1 While the rate of the reaction 

step of monomer derivatization (𝑘𝑒𝑚) does not seem affected by including the carbon deposition 

in the model, the sensitivity towards carbon deposition was estimated as highest compared to 

other catalytic reaction steps at 340 °C (Table 4.5). For 120 °C, the derivatization of monomers 

is most sensitive (Table 4.5), while at 250 °C, the production of hydrogen from ethanol is hugely 

affected by carbon deposition. The high amount of char produced at this reaction temperature, 

seems to strongly impact the possibility of hydrogenolysis of lignin, since the required hydrogen 

is produced at very low rates compared to the other temperature settings (Table 4.4).   

 

Table 4.5: Catalyst deactivation constants derived from the propose kinetic model for the lignin 
conversion process. 

 
Catalyst deactivation constant 

120 °C 250 °C 340 °C 

𝜶𝒍𝒐𝒎 5E-14 4E-14 3E-14 

𝜶𝒍𝒐𝒂𝒆 3E-14 4E-14 4E-14 

𝜶𝒆𝒂𝒆 3E-10 4E-14 4E-10 

𝜶𝒆𝒉 2E-10 10 4E-10 

𝜶𝒆𝒎 2E-08 2E-14 9E-08 

𝜶𝒆𝒈 2E-10 1 3E-14 

4.5 Conclusions 

After a first attempt at developing a kinetic model based on a proposed reaction network, the 

proposed model showed large distances from the obtained experimental data. Therefore, the 

derived rate constants were evaluated with caution. Solvolysis of lignin into the reaction mixture 

and thereby yielding oligomers is found to be the dominant reaction pathway at low reaction 

temperatures. In contrast with previous experimental work, in which the yield of depolymerized 

products was highest at 340 °C, the rate constants from the proposed model indicate a reduced 

solvolysis at increased reaction temperature. The solvolysis of lignin polymer is found to be the 

rate limiting step towards monomer production at 340 °C. This is likely related to the decreased 

solubility of lignin at high lignin loadings. 

The inclusion of the catalyst deactivation function did not affect the reaction rates of the 

assumed catalyst-independent pathways. The catalytic pathways at 340 °C showed decreased 

reaction rates after introducing the catalyst deactivation function. This indicates that the catalytic 

surface reactions appear more at this reaction temperature compared to the other reaction 

temperatures. Furthermore, it was found that the high char formation at 250 °C has a large 

negative effect on the hydrogen production and subsequent hydrogenolysis of lignin fragments.  
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4.6 Outlook and recommendations 

Building a kinetic model for the lignin conversion model based on lumping proved challenging, 

and this study should be regarded as a first attempt at managing the complexity of the process. 

The visually determined goodness of fit of all proposed models was not satisfactory, which was 

mainly attributed to the quality of the experimental data set. Furthermore, the proposed reaction 

network may not be representative of the lignin process at all reaction temperatures. Based on 

previous findings from the BBD experiment (see section 3.4.2), the proposed reaction network 

has to be thoroughly reevaluated. Probably, a distinction should be made between lumps that 

are adsorbed on the catalyst surface, and lumps that are dissolved in the reaction mixture. It 

was shown in section 3.4.2 that temperature had a major influence on the extent of desorption 

of products from the catalyst surface, and this detail is likely to be a very important factor in the 

reaction kinetics. The concept of alcohol and ester formation due to modifications of oligomer 

fragments requires verification before it should be incorporated in the reaction network 

definitively. All in all, adding more details to the model should improve the results. 

Mathematically, this modeling approach using lumping and a catalyst deactivation function 

proved feasible for this process, but most improvements could be realized by collecting good 

quality experimental data and optimizing the nonlinear least-squares routine in MATLAB®. First, 

experimental data should contain a sufficient number of replicates in order to provide a good, 

representative average as input for model development and parameter estimation. It would also 

provide the possibility to assess the quality of the fitted model using statistical tests (e.g. t-tests 

on the individual parameters, F-tests for lack-of-fit).  Additionally, the approach for determining 

the different concentrations for e.g. lignin polymers, oligomers, and heavy fragments should be 

reconsidered to improve its reliability. It is known that detailed product characterization is difficult 

and a drawback of the complex lignin conversion, but if a deep understanding of the process is 

desired, this aspect requires attention. Furthermore, the MATLAB® routine did not provide 

decisive answers related to the convergence of the iterative procedure; the parameter estimates 

may well not represent a minimum of the objective function. For example, the step size tolerance 

of the nonlinear least squares routine could be evaluated and optimized; it seemed that maybe 

smaller steps were required towards the end of the iterations. However, the convergence 

uncertainty could also be a consequence of the current quality of the experimental data. To 

improve initial guesses for the kinetic parameters before a nonlinear least-squares routine, 

genetic algorithms could be applied, which already proved its relevance in previous kinetic 

modeling studies.5,7–10 Additionally, weight factors of each data point can be added to the 

objective function to account for varying standard deviations of the replicates. Large standard 

deviations contribute significantly to the sum of squares and direct the fit procedure towards 

these data points. Introducing a weight factor would level the contributions, which is effectively 

used in similar kinetic modeling studies.11–14  

When a kinetic model will be proposed showing good fits to experimental data, the estimated 

kinetic parameters at different reaction temperatures can be used to derive activation energies 

through the Arrhenius law. All combined, it will generate a complete picture of the kinetics of the 

lignin conversion process and relevant input for the scale-up process, showing rate limiting 

steps, temperature dependence of the different steps in the network, and sensitivities towards 

carbon deposition on the catalyst. 
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5 Conclusions and outlook 

This study is part of the scale-up process of the catalytic depolymerization process of lignin into 

aromatics over a mixed metal oxide catalyst (CuMgAlOx). This lignin valorization process was 

evaluated using a Design of Experiments strategy, in which varying process parameters were 

investigated: reaction temperature, lignin loading, catalyst concentration, catalyst particle size, 

and reaction time. High lignin loadings lowered the solubility of lignin in the solvent, and thereby 

reduced the degree of depolymerization and hence the yield of monomers. Dominating 

condensation reactions at 250 °C were emphasized at increased lignin loading indicated by the 

significant char yield. Low reaction temperatures (120-250 °C) reduced the desorption of lignin 

fragments from the catalyst surface. At a reaction temperature of 340 °C, the highest yields of 

depolymerized products were found, indicating high rates of depolymerization reactions as well 

as repolymerization suppression reactions at this temperature. 

Response surface models were fitted for the THF-soluble fragments output variable, and the 

THF-insoluble fragments & char output variable. These models showed quantitative effect sizes 

of the studied process parameters, which confirmed the observed qualitative relationships 

derived from mass balances and product analyses. The chosen range of catalyst particle size 

had no significant effect on the two modeled output variables. Furthermore, reaction time had 

no effect on the THF-soluble products output variable, while the response surface for THF-

insoluble & char output variable included a quadratic time effect. A buildup of products from 

condensation reactions and adsorbed species at the early stages of the reaction is likely, while 

after a certain amount of time the depolymerization and desorption processes take over. 

Data corresponding to the monomer yield output variable was not finalized: it was considered 

that the robustness of the GC-MS data analysis could be improved before response surface 

modeling is performed. A chemometrics technique – i.e. PARAFAC2 – is considered promising 

to improve the quality of the monomer yield output data. 

 

The developed kinetic model based on ‘lumping’ for the lignin conversion process yielded no 

satisfactory fit to the experimental data for the proposed reaction network. The derived rate 

constants from the developed model indicate a dominant solvolysis step at low reaction 

temperatures. Additionally, it was found that the catalytic surface reactions appear more at 340 

°C compared to the low reaction temperatures. This confirms the enhanced catalyst activity at 

high temperatures. High char formation at moderate reaction temperatures has a large effect 

on the hydrogen production from ethanol and the subsequent hydrogenolysis of lignin 

fragments. 

Based on the product analyses and mass balances from the BBD experiments, it is proposed 

that the reaction network is reevaluated. Adsorption and desorption pathways could be included 

as these steps seem to play a significant role during the lignin conversion process. To further 

improve the kinetic modeling results, it is recommended to introduce replicate measurements 

in the experimental data set.  

 

The results from this thesis work can contribute to the evaluation of the lignin process 

technology during the scale-up process. The solubility effect for increased lignin loadings is a 

major factor in determining the viability of the process at larger scales. The economic efficiency 

of the process plant is influenced by the plant capacity, and thus by the lignin loading. A good 

compromise between an increased plant capacity and desired yields of depolymerized products 

should be found. Additional studies into lignin solubility in ethanol could reveal more details on 

the solubility limit of lignin and the consequent maximum achievable lignin loading for an 

efficient conversion process.  
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Appendix A  

Table A-6: Experimental design & results 

 

  

  



 Technische Universiteit Eindhoven University of Technology 

 

69 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

 

 

  



 Technische Universiteit Eindhoven University of Technology 

 

70 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

 

 

 



 Technische Universiteit Eindhoven University of Technology 

 

71 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

 

 

 



 Technische Universiteit Eindhoven University of Technology 

 

72 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

 

 

 



 Technische Universiteit Eindhoven University of Technology 

 

73 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

 

 

 



 Technische Universiteit Eindhoven University of Technology 

 

74 Towards the optimization of the lignin ethanolysis process using Design of Experiments and kinetic modeling 

Appendix B 

Table B-1: Input data for the reaction temperature of 120 °C.  

Lump 
Concentration (mg/L) 

0 h 2 h 4 h 8 h 

lignin polymer 9700 34400 32100 10150 

lignin oligomers 42575 57475 72375 72750 

lignin heavy fragments & char 33400 11075 9500 16000 

monomers 1125 236 0 787 

higher alcohols & esters 600 2013 618 837 

ethanol 637500 620641 587500 512500 

hydrogen 15 0 54 0 

C1-C4 hydrocarbon gases 13 1 1 2 

 

 

Table B-2: Input data for the reaction temperature of 250 °C. 

Lump 
Concentration (mg/L) 

0 h 2 h 4 h 8 h 

lignin polymer 36425 42750 50925 51175 

lignin oligomers 51075 50000 48100 43525 

lignin heavy fragments & char 42400 26675 22575 24225 

monomers 1050 2250 2325 2775 

higher alcohols & esters 21650 37700 41750 54650 

ethanol 573550 641950 590250 514425 

hydrogen 162 198 182 165 

C1-C4 hydrocarbon gases 33 98 157 208 
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Table B-3: Input data for the reaction temperature of 340 °C. 

Lump 
Concentration (mg/L) 

0 h 2 h 4 h 8 h 

lignin polymer 27000 48700 45025 52225 

lignin oligomers 20750 9625 19375 5525 

lignin heavy fragments & char 45175 21750 22200 26375 

monomers 4475 6275 7675 9775 

higher alcohols & esters 54950 94275 91175 112075 

ethanol 410075 313850 355200 277750 

hydrogen 194 465 369 319 

C1-C4 hydrocarbon gases 1978 2586 3969 4901 

 

 

 


