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A B S T R A C T   

The underlying study presents models for the optimization of operational conditions of lignocellulosic biomass 
pretreatment to facilitate the conceptual process design of biorefineries. Experiments for hydrothermal and dilute 
acid pretreatment are performed and analyzed. The highest xylose monomer yield obtained for dilute acid 
pretreatment is YXyl = 98% at a temperature of T = 195◦C , a reaction time of t = 18min and a dilute acid 
concentration of Cacid = 1.25wt% . The data is used to fit a response surface model (RSM), a Gaussian process 
regression model (GPR), and a mechanistic model based on thermodynamic principles and first-order rate 
equations. All models are validated respectively with a coefficient of determination of R2

RSM = 0.914 , R2
GPR =

0.999 and R2
mech = 0.988 . Each model is used in an optimization problem to predict the optimal operational 

conditions that maximize the xylose yield. The conditions found by the mechanistic model (T = 191.6◦ C, t =
18min,Cac = 1.13wt%) with CXyl,mech = 23.47wt% and the GPR (T = 195◦ C, t = 18min,Cac = 1.25wt%) with 
CXyl,GPR = 23.23wt% are in agreement and stand out compared to the RSM metamodeling approach (T = 182.
4◦ C, t = 26.2min,Cac = 1.25wt%) , which yields CXyl,RSM = 25.72wt% . Considering the scenario of uncertainty in 
the feedstock composition, the optimization under this uncertainty with the mechanistic model yields slightly 
different conditions (T = 182.6◦ C, t = 18min,Cac = 0.84wt%) and CXyl,mech,uc = 20.88wt% . Given the underlying 
phenomena in the biomass pretreatment, all models have shortcomings; however, the mechanistic model is 
validated best overall and is thus recommended for further engineering purposes as, e.g., the conceptual process 
design of biorefineries.   

1. Introduction 

Biorefineries as a replacement for traditional chemical process routes 
play an essential role in developing more sustainable production pat-
terns demanded by the 2030 Sustainable Development Agenda of the 
United Nations [1,2]. Nevertheless, despite harboring this immense 
potential, there are still significant knowledge gaps in industrial 
biotechnology regarding the use of optimal cell factories in fermentation 
processes and along the value chain. The latter mainly refers to ques-
tions about the optimal use of feedstocks for a set of various products, as 
well as questions about process intensification and integration, which 

remain unanswered [3–6]. 
There is a multitude of explanations for this fact, but foremost the 

fragile economic potential due to different cost-drivers has impaired a 
breakthrough of this concept for the time being [7,8]. The fundamental 
problem is a lack of facilitation in practical applications of the concep-
tual design of a biorefinery. Such conceptual approaches can describe 
the inherent complexity of bioprocesses under the use of non- 
conventional feedstocks to find an optimal and cost-efficient setup. 
However, such conceptual approaches are seldom employed despite 
many approaches being published [3,9–12]. From a technical perspec-
tive, many problems remain unsolved: lignocellulosic biomass as a sugar 
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source for fermentation processes requires an extensive pretreatment 
process of the biomass to reduce the recalcitrance of the feedstock and to 
release both the sugars from the hemicellulosic fraction and the cellu-
losic fraction respectively. There has been steady progress in developing 
new pretreatment methods or improving existing methods further, but 
despite the abundant number of methods, selecting a suitable pretreat-
ment is far from straightforward [13,14]. Furthermore, all pretreatment 
methods are associated with high capital and operational expenditures 
due to the extreme process conditions, which remains a prominent issue 
regarding the economics of a biorefinery [15]. 

From a holistic perspective, the biomass pretreatment both has a 
critical influence on the overall process economics and also a crucial role 
in the actual design process for a biorefinery, as critical decisions on the 
recovery of the fractions in the lignocellulosic biomass and subsequently 
the possible product sets for the biorefinery are made [16]. Independent 
from the potentially viable products, the optimal pretreatment unit 
fulfills three criteria: 1) a precise split between the fractions in the 
biomass, 2) high respective yields for the monomers in the fractions, and 
3) a low formation of inhibitors in the pretreatment process. Depending 
on which products are supposed to be produced, the applied method can 
vary, but the requirements stay the same [13]. 

For a biorefinery with a viable economic potential, the utilization of 
the feedstock is the key factor. Hence, for its conceptual design, 
computational alternatives provide the potential to yield conceptually 
feasible solutions. The crucial factor in this is the availability of models 
that accurately describe the underlying unit operations to design the 
process [9]. 

This work focuses on the development of a biomass pretreatment 
model for this precise purpose. As a case study, the biotechnological 
production of xylitol in a biorefinery is chosen: in 2004, the US 
Department of Energy declared xylitol as one of the top 12 chemicals to 
be produced in a biorefinery [17]. Xylitol can be produced from xylose 
via fermentation in a suitable cell factory. Xylose is the main constituent 
of the hemicellulosic fraction in lignocellulosic biomass. These condi-
tions make it an ideal product for the production in a biorefinery; 
however, research on xylitol production mainly focuses either on the 
pretreatment, or the fermentation, or the downstream processing, and a 
holistic perspective on the whole process is lacking [18–21]. 

In this study’s scope, a suitable feedstock and pretreatment method 
for the given case are selected for the introduced criteria. Based on this, 
experiments for the selected feedstock and pretreatment methods are 
designed and performed. After analyzing the results of these experi-
ments, different model candidates are calibrated to the data and sub-
sequently validated, including an assessment of their robustness. All 
models are then taken to optimize the pretreatment conditions towards a 
selected objective for the case study. Lastly, these results are compared, 
and the most suitable model candidate for the conceptual process design 
of a biorefinery is selected. 

The remainder of this study is structured as follows: in section 2, 
biomass pretreatment methods and feedstocks, in general, are intro-
duced, and also the criteria applicable for selecting a method and a 
suitable feedstock in process design. Section 3 describes the experi-
mental procedure of feedstock analysis, the design, performance, and 
analysis of the pretreatment experiments. Section 4 introduces both the 
data-driven models and the knowledge-driven models, which are 
employed in this study. For the knowledge-driven model, it is explained 
in detail how the parameters of the model are identified and estimated, 
as well as the employed procedure for the robustness assessment via 
uncertainty and sensitivity analysis. The procedure of validating all 
models is explained, as well as the optimization with all models. Section 
5 includes the results of the feedstock analysis, both pretreatment ex-
periments, the calibration and validation of data-driven models, the 
calibration, validation, and the robustness assessment of the knowledge- 
driven model, as well as the optimization study. Lastly, in section 6, the 
study’s primary outcomes are summarized, and instigations for further 
work are given. 

2. Materials and methods 

2.1. Feedstock composition 

For the performed experiments, wheat straw of the variety Triticum 
aestivum from a field in Freerslev sogn (Faxe, Denmark) of the harvest of 
fall 2018 was taken as feedstock. The wheat was harvested and dried. 
The chaff was separated from the wheat; the straw was dried again and 
then milled and ground. The resulting particle size after milling is in the 
range between 18 and 40 mm. 

First, the respective feedstock is analyzed regarding its composition, 
particularly the hemicellulosic, the cellulosic, and the lignin fraction. 
This is performed with extractive-free biomass as described by the Na-
tional Renewable Energy Laboratory (NREL) [22]. The extractives have 
been removed as described by the NREL [23]. Glucose, xylose, arabi-
nose, acetic acid, formic acid, furfural, and 5-HMF were quantified by 
high-performance liquid chromatography (HPLC), using a Dionex Ulti-
mate 3000 UHPLC + Focused System (Dionex Softron GmbH, Germany) 
with a Bio-Rad Aminex column HPX-87H (300mm× 7.8mm) at 60◦C , 
and 5.0mM sulfuric acid as mobile phase at a flow rate of 0.6mL/min . 
Sugars and acids were detected using a Shodex RI-101 refractive index 
detector, whereas 5-HMF and furfural were detected using ultraviolet 
measurements at 254nm . 

2.2. Pretreatment experiments 

For each point in the design of experiments, a batch experiment is 
performed. The used batch vessel is a non-stirred pressure vessel (Parr 
Series 4760, 600 mL , Parr Instrument Company, Moline, IL). In prepa-
ration for the experiments, the milled biomass’s moisture content and its 
dry mass are determined with an automated moisture analyzer (MB 163- 
M, VWR International) as a first step. For the hydrothermal pretreat-
ment, the corresponding amount of water is weighed to meet the set 
solid-to-liquid ratio. For the dilute acid pretreatment, the sulfuric acid 
and its water content are determined according to the experiment’s acid 
concentration. The amount of water is weighed respectively. Then, the 
acid is mixed with the water. Subsequently, the biomass and the liquid 
are added alternatingly in small portions into the reaction vessel until it 
is filled. Lastly, the mixture is stirred thoroughly by hand to achieve an 
equal distribution of the liquid. 

As soon as this is achieved, the reactor is closed and sealed, and put 
into a heating bath that is set to the desired temperature for the exper-
iment. After a transition period of t = 5min when the reaction vessel’s 
temperature rises to the silicone bath’s temperature level, the time 
measurement is started. After the desired residence time, the reaction 
vessel is taken out of the heating bath and cooled rapidly to inhibit 
further degradation reactions. After approximately 30 min, the reactor 
vessel is opened, and the liquid phase is separated from the solid phase 
through a simple sieve. The solid residue is put in a mechanical press to 
extract the maximum amount of free liquid phase, and hereafter its 
moisture content is determined again. The volume of the total amount of 
liquid hydrolysate is determined as well as its pH value. Lastly, the 
hydrolysate is filtered once with a vacuum filter in order to remove solid 
residues. The hydrolysate samples are also analyzed by HPLC, as 
depicted in section 2.1. 

2.3. Post-hydrolysis experiments 

The hydrothermal pretreatment with its neutral pH range proves to 
yield a significant amount of oligomeric sugars, indicating slower 
depolymerization reactions [13]. Therefore, the hydrolysate is 
commonly subjected to a post-hydrolysis step to increase the degrada-
tion of the oligomers into sugar monomers. This post-hydrolysis is per-
formed as described by the NREL [24]. Hereafter, the samples are again 
analyzed by HPLC to determine the concentrations of the created 
monomers. 
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2.4. Response surface methodology 

RSM as statistical analysis is described by Box and Wilson as follows: 
The actual response surface is a second-order polynomial fitted to 
experimental data to predict optimal conditions for the given set of 
factors D of the design of experiments. The general form of the poly-
nomial is the following: 

y = α+ β∙b+
∑

i∈D
γi∙xi +

∑

i∈D

∑

j≥i∈D
δji∙xi∙xj, (2–1) 

In which xi denote the factors, y the response and α , β , γ and δ the 
coefficients of the polynomial [26]. The RSM model with a second-order 
polynomial simplifies the underlying system significantly, but its use for 
statistical analysis of experiments remains high [27]. In this study, the 
RSM model in the rsm library in R is used [28]. After calibrating the 
model by fitting its parameters to experimental data, the validation of 
the model is crucial to confirm both the goodness of fit of the estimation 
and its predictive capability for the system it was calibrated for [41]. In 
the case of the RSM model, the model is validated by an analysis of 
variance (ANOVA). Furthermore, common validation metrics which 
quantitatively express both the goodness of fit and the predictive ca-
pacities are the coefficient of determination R2 and the root mean square 
error RMSE , which are both used in this study. A detailed description is 
provided with the supplementary material. 

For the hydrothermal pretreatment, the factors for the design of 
experiments are chosen to be the reaction temperature T in the interval 
T = [160,195]

◦

C and the reaction time in the interval t = [20, 60]min.
The central composite design (CCD) is chosen with α = 0.714 , two cube 
center points, and one star center point, which yields eleven experi-
mental points. For the dilute acid pretreatment, the factors for the design 
of experiments are chosen to be the reaction temperature T in the in-
terval T = [160,195]

◦

C , the reaction time t in the interval t =
[20, 60]min and the acid concentration Cac in the interval Cac =

[0.8, 1.3]wt% . The CCD is chosen to be circumscribed with α = 1.69 , 
two cube center points, and one star center point, which yields seven-
teen experimental points. The response variable y for all is the xylose 
concentration. A detailed description of the setup of the design of ex-
periments can be found in the supplementary material. The scripts for 
the design of experiments are provided through a GitHub repository 
[29]. 

2.5. Gaussian process regression 

A GPR model’s predictive capacities derive from the eponymous 
stochastic process: the prediction of interpolated values is governed by 
prior covariances of training data points and described by specific kernel 
functions, whose parameters are fitted to these points [25]. This is 
expressed as follows: 

y = μ(x)+ σ2∙Z (x,ω), μ(x) = ρ∙β(x). (2–2) 

Here, the predicted output y is described by μ(x) as the mean value of 
the stochastic process with the input x and σ2 as its variance; Z (x,ω)

denotes a zero mean unit variance stochastic process with the mentioned 
kernel function ω . For the mean value, ρ relates to parameters which are 
fitted based on the training data and β(x) describes a set of basis func-
tions. Regarding the employable basis and kernel functions, the reader is 
referred to the book by Rasmussen [30]. In this study, the fitrgp function 
of the Statistics and Machine Learning Toolbox in MATLAB is used for 
fitting the GPR model. Analogously to the RSM model, the model input x 
consists of the three design factors T , t and Cac , and the model output y 
respectively corresponds to the measured concentrations. The model 
validation is performed by cross-validation equally by calculating the 
coefficient of determination, and the root mean square error for the 
model, as described in section 2.4. Further explanation on the validation 
is given in the supplementary material. 

2.6. Mechanistic model 

The backbone of most published models for the pretreatment of 
lignocellulosic biomass are mass and energy balances; however, 
different types of reaction equations are employed. Mostly, these are 
pseudo-first or second-order reaction kinetics [31–33]. Generally, it is 
rather difficult to develop a wholesome model, as some reaction 
mechanisms and some components are unknown and vary highly be-
tween different feedstocks and pretreatment methods [34]. Further-
more, measuring these components in experimental setups is not 
straightforward, as subsequent reactions occur relatively fast at a 
particular stage. Hence, mechanistic models for biomass pretreatment 
commonly only capture one specific pretreatment method in a certain 
range of operational conditions for a selected number of components, 
depending on the provided experimental data and the respectively 
estimated parameters. 

For the model in this study, we choose an equivalent approach based 
on mass balances and reaction kinetics. The considered set of compo-
nents J in this model is listed in Table 1: 

The set of occurring reactions I which are considered in the model 
are illustrated in the following Fig. 1: 

Hence, the number of reactions is |I| = 8. The reaction equations, 
including their stoichiometry, are provided in the supplementary ma-
terial. Each reaction i ∈ I occurs at a reaction rate ri which can be 
calculated with the rate constant ki of the reaction and the concentra-
tions of the participating reactants Cj in wt% or g/100g of dry biomass 
for j ∈ Ji⊂J with Ji as a subset of the set of all reactants J . 

ri = ki∙
∏

j∊Ji
Cj∀i ∈ I. (2–3) 

The rate constant ki for every reaction i can be determined by the 
Arrhenius law as follows: 

ki = Ai∙exp
(

−
EA,i

R∙T

)

∙Cni
acid∀i ∈ I, (2–4) 

with Ai as the frequency factor in min− 1 , EA,i as the activation energy 
in kJ∙mol− 1 , R as the universal gas constant in kJ∙mol− 1∙K− 1 , T as the 
temperature of the reaction in K , Cacid as the concentration of supplied 
acid in case of dilute acid pretreatment in wt% or g/100g of dry biomass 
and ni as reaction order exponent for the participation of acid in each 
respective reaction. 

For each component Cj a component balance can be formulated: 

dCj

dt
=

∑

i∈IJ

si∙ri∀j ∈ J, (2–5) 

with IJ⊂I as the subset of reactions which involve component j and si 

as the stoichiometric factor for the reaction ri . All stoichiometric factors 
can be summarized in the stoichiometric matrix S with the dimensions 
|I| × |J| : 

Table 1 
List of considered components in the pretreatment model.  

Number Component Shorthand symbol in model 

1. Xylan (Xyn) 
2. Xylose (Xyl) 
3. Cellulose (Cel) 
4. Glucose (Glu) 
5. Arabinan (Arn) 
6. Arabinose (Ara) 
7. Acetyl Groups (Act) 
8. Acetic Acid (Aac) 
9. Furfural (Fur) 
10. 5-Hydroxymethylfurfural (5-HMF) (Hmf) 
11. Formic acid (Fac) 
12. Further Degradation Products (Deg)  
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S =

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

− 1 1.136 0 0 0 0 0 0 0 0 0 0
0 0 − 1 1.111 0 0 0 0 0 0 0 0
0 0 0 0 − 1 1.136 0 0 0 0 0 0
0 0 0 0 0 0 − 1 1.364 0 0 0 0
0 0 0 − 1 0 0 0 0 1 0 0 0
0 0 0 0 0 0 0 0 − 1 1 0 0
0 − 1 0 0 0 − 1 0 0 0 0 1 0
0 − 1 0 0 0 0 0 0 0 0 0 1

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

,

(2–6) 

The values for the reaction towards xylose, glucose arabinose, and 
acetic acid take into account the anhydrous form in which the individual 
molecule is present in the biomass’s polymeric structure [24]. All 
equations as indicated are implemented in MATLAB and solved subse-
quently. The differential equations are solved with the ode15s solver. 
The model validation is performed by a train & test single-split valida-
tion. Also, the coefficient of determination and the root mean square 
error for the model are used as described in section 2.4. Further expla-
nation regarding the validation is provided through the supplementary 
material. 

2.7. Parameter estimation & identifiability analysis 

2.7.1. Parameter estimation 
The approach in this section is based on maximum-likelihood esti-

mation described by Sin and Gernaey (2016) [35]. A detailed summary 
can be found in the supplementary material. The values which are 
determined by the maximum-likelihood estimation are the mean esti-
mate θ̂ i of the parameter i , the standard deviation σi and the lower and 
upper bound of the 95% confidence interval of the estimate li and ui . 

2.7.2. Identifiability analysis 
Depending on the modeled system, a mechanistic model can 

comprise a very high number of parameters that are supposed to be 
estimated. Depending on the model structure and the amount of avail-
able experimental data, this can lead to high standard deviations for the 
estimated values. Hence, it is paramount to identify a subset of param-
eters θk ∈ θ which is significant for the model output and uniquely 
estimable by parameter estimation from a distinct data set [36]. The 
described identifiability analysis methodology is based on a local 
sensitivity analysis known as one-factor-at-a-time (OAT) method as 
described by Brun et al. (2002) [37]. The analysis quantifies the sig-
nificance of each parameter – expressed by the value δmsqr – and de-
scribes the collinearity of each possible combination of datasets by a 
collinearity index γ . A detailed explanation regarding the calculation is 
given in the supplementary material. 

2.8. Uncertainty and sensitivity analysis 

2.8.1. Monte Carlo-Based uncertainty analysis 
Due to several error sources introduced in the model, e.g., mea-

surement errors in experimental data, there is a need to quantify the 
uncertainty in the model output [36]. Several ways of performing this 
assessment exist, of which a Monte Carlo method is employed here. 
According to Sin et al. (2009), Monte Carlo-based uncertainty analysis is 
practically performed in four steps: 1) definition of input uncertainty, in 
this case, the uncertainty from measurement errors in the parameter 
estimation, 2) sampling, in this study Latin Hypercube Sampling, 3) 
Monte Carlo simulations, and 4) result analysis. A detailed description of 
the procedure can be found in the supplementary material. The entire 
procedure is implemented in MATLAB. 

2.8.2. Variance-Based sensitivity analysis 
After performing an uncertainty analysis, which describes the model 

output uncertainty with uncertain input, the complementary analysis is 
a sensitivity analysis, aiming to apportion the output uncertainty on the 
different inputs [36]. For this, commonly, the first-order sensitivity 
index Si and the total sensitivity index STi are calculated for each vari-
able. They describe respectively the sensitivity of the model output to 
the respective parameter solitarily, hence the first order, and the 
sensitivity of the model output to the parameter including all in-
teractions with other parameter, hence the total sensitivity [38,39]. In 
particular, in this study, a global sensitivity analysis based on the work 
of Saltelli et al. (2010) is implemented: the numerical calculation of both 
sensitivity indices is performed with Sobol sequence sampling: As a first 
step, two sampling matrices A and B are generated by Sobol sampling. 
Subsequently, two mixed matrices Ai

B and Bi
A are generated, in which 

column i from the one matrix is replaced by the same column of the 
respective other matrix, and all other columns are maintained. Then, the 
model outputs are calculated for all four sampling matrices, and the 
respective sensitivity measures can be calculated. The first-order sensi-
tivity index is calculated as: 

Si = V(y) −
1

2N
∑N

j=1
(yB(j) − yABi(j) )2

, (2–7) 

and the total sensitivity index as: 

Si =
1

2N
∑N

j=1
(yA(j) − yABi(j) )2

, (2–8) 

according to the referred methods [40]. A detailed description of the 
backgrounds of the method can be found in the supplementary material. 
The easyGSA toolbox in MATLAB is used for the analysis [38]. 

Fig. 1. Illustration of the considered reactions occurring during the pretreatment, describing the transfer of components of the HF, CF, and LF into hydrolysate 
and residue. 
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2.9. Optimization 

2.9.1. Optimization excluding uncertainty 
To maximize the monomer yield by optimizing the operative con-

ditions of the biomass pretreatment, all presented data and knowledge- 
driven models can be employed. The optimization problem, which needs 
to be solved for this is independent of the model and can be formulated 
as follows: 

maxy = f (x)
x ∈ X⊂Rn (2–9) 

The optimization problem is defined as a constrained nonlinear 
program (NLP). Dependent on each model, different optimization 
techniques are applicable; they are described in detail for each model in 
the supplementary material. For the optimization with the RSM model, 
the rsm package in R is chosen [28]. For the optimization with the GPR 
model, the ga solver in MATLAB is chosen. Finally, for the optimization 
with the mechanistic model, the fmincon solver with a sequential 
quadratic programming algorithm and a multi-start setup with the 
MultiStart function in MATLAB is chosen. 

2.9.2. Optimization including uncertainty 
As models predict results with inherent uncertainties, ideally, these 

should be considered when optimizing. Furthermore, the assumptions 
taken before building a model can significantly impact the prediction of 
the model output. Therefore, taking these into account while optimizing 
the operational conditions can potentially find a more robust optimum 
under more robust conditions. A more detailed introduction is given in 
the supplementary material. For this, the MOSKopt solver in MATLAB is 
used [42]. 

3. Results 

3.1. Feedstock analysis 

The weight percentages per total dry weight of biomass of the 
composition of the wheat straw were determined according to the 
description in section 2.1 and are listed in the following Table 2: 

Vassilev et al. (2012) reviewed nine different research papers that 
indicate the composition of wheat straw and present the mean value 
[43], which is used for a comparison here. Thus, it becomes evident that 
the wheat straw composition in this study is in good agreement with the 
literature values; only the present amount of cellulose is slightly lower 
than the reference value. 

Regarding the composition of the hemicellulosic fraction, also 
several values are reported in the literature. Hence, it is assumed that an 
average value of 80% is attributed to xylan, 10% to arabinan, and 10% 
to acetyl groups for straw [43,44]. This assumption will be revisited and 
also taken into account in the optimization under uncertainty in sub-
section 3.8. 

3.2. Hydrothermal pretreatment 

For the experiments, a solid-to-liquid ratio of 1 : 10(w/w) is chosen 
with a dry mass of feedstock of 30g . The experiments are performed as 
described in section 2.2, and the results are listed in Table 3. 

The yield of xylose YXyl(w/w) in the hydrothermal pretreatment lies 

at around YXyl = 5 − 6% . It becomes evident that the selected pretreat-
ment method combined with the feedstock and the experimental con-
dition is not a suitable combination for the given criteria in section 1. 
The most obvious reason for this is possibly the high recalcitrance of the 
feedstock. Due to the mild conditions of the hydrothermal pretreatment, 
the polymeric chains are not entirely broken down into monomers, but 
many oligomeric sugars are released from the biomass and are not 
depolymerized furtherly [45,46]. 

For a further analysis of the hydrolysate, a post-hydrolysis is per-
formed as described in section 2.3. The detailed results are listed in 
Table 4. 

As a result, the only notable increase in the concentration of xylose 
monomers occurred for the experiment with the highest temperature 
and the longest reaction time; the yield is YXyl = 65.7% . Other studies 
also report a maximum hemicellulosic sugar recovery for post- 
hydrolyzed fractions of hydrothermally pretreated wheat straw of 
around 60% to 70% [45,46]. Considering that such reaction conditions 
are unfavorable from an economic perspective, the additional post- 
hydrolysis step does not significantly improve the feasibility of the hy-
drothermal pretreatment in this setup. 

3.3. Dilute acid pretreatment 

For the experiments, a solid-to-liquid ratio of 1 : 10(w/w) is chosen 
with a dry mass of feedstock of 30g . The chosen acid is sulfuric acid and 
the acid concentration Cac concerning the solid mass is chosen to be in 
the interval Cac = [0.8,1.3]% . The experiments are performed as 
described in section 2.2, and the results are listed in Table 5: 

For the sugar monomer yield, it becomes apparent that the dilute 
acid pretreatment releases a significantly higher amount of xylose 
monomers compared to the results of the hydrothermal pretreatment in 
section 3.2. Especially points in the octants with a higher temperature 
than the center point, longer reaction times than the central point, and 
higher and lower acid concentrations than the central point – points 3, 4, 
8, 9, 10, 13, 14, and 15 – show very high monomer yields. Taking into 
account the stoichiometric factor, an average hydrolysate volume of V =

250mL , as well as the amount of xylan in hemicellulose, the highest 
yield is obtained for point ten with YXyl = 98% . Similar high yields have 
been reported for a combined dilute-acid and steam explosion pre-
treatment of wheat straw, for the pretreatment of wheat straw with a 
subsequent enzymatic hydrolysis step, or for lower absolute monomer 
concentrations. [47–49]. The degradation of the cellulosic fraction is 
comparatively small. As the furfural production occurs by the degra-
dation of xylose, the amount of furfural for these conditions is low. On 
the other hand, the amount of acetic acid for these conditions is high, 
indicating an equally high yield for this reaction. In conclusion, the 
dilute acid pretreatment for combining the given feedstock, pretreat-
ment method, and experimental conditions seems advantageous and a 
good option for the study. 

3.4. Model calibration of mechanistic model 

All model calibration and validation will only be performed based on 
the dilute acid pretreatment. Furthermore, published studies indicate 
that the prediction of xylose with a rate constant, as shown in equation 
(2–4), might impair predictions over the large design space considered 
in this study [31,50]. Preliminary analyses with the presented experi-
mental data confirm this. Hence, the mechanistic model will only be 
fitted to a spherical sector of the design space described earlier in section 
3.3, as the resulting xylose concentrations were the highest over the 
whole design space. The reasoning behind this is the potential applica-
tion in a biorefinery context, where a maximum amount of monomers, 
as one of the defined criteria, is required. Hence, the data points for 
estimation are points 3, 8, 10, 13, 14, 15, and 16, as listed in Table 5. 
Data points 4 and 9 are used for the model validation. The design space 

Table 2 
Results of the composition analysis of the fiber fraction of wheat straw.  

Component This study Vassilev et al., 2012 [43] 

Cellulose 40.7wt.% (σ = 0.0003) 44.5wt.%  
Hemicellulose 33.6wt.% (σ = 0.0025) 33.2wt.%  
Lignin (soluble & insoluble) 24.9wt.% (σ = 0.0041) 22.3wt.%   
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including these points is illustrated in Fig. 2. 
The scripts for the identifiability analysis and the parameter esti-

mation are provided through a GitHub repository [29]. 

3.5. Identifiability analysis 

The Identifiability analysis for the kinetic model is performed as 
described in section 2.7.2. The values which are determined by the 
maximum-likelihood estimation are the mean estimate θ̂ i of the 
parameter i , the standard deviation σi and the upper and lower bound of 
the 95% confidence interval of the estimate li and ui . 

The used values for the parameters are obtained by a preliminary run 
of the parameter estimation as described in subsection 2.7.1 with arbi-
trary initial values: all frequency factors were set to Ai = 1∙1010s− 1 , all 

activation energies were set to Ei = 100kJ∙mol− 1 and all reaction order 
exponents were set to ni = 1 . The values for the initial parameter values 
are provided in the supplementary material. The resulting values for 
δmsqr are illustrated in Fig. 3. 

The figure clearly illustrates that the most significant parameters are 
all activation energies, whereas both the frequency factors and the re-
action order exponents are of minor significance. This is in agreement 
with similar investigated results, e.g., in Prunescu et al. (2015) [33]. In 
consequence, the activation energies are selected as the parameters to be 
estimated. 

3.5.1. Parameter estimation 
The mechanistic model’s parameter estimation is performed as 

described in section 2.7.1 for the eight parameters selected in section 

Table 3 
Results from the HPLC analysis of the autothermal pretreatment experiments.  

Number Temperature Time Xyl Glu Ara Aac Hmf Fac Fur  

◦C Min wt% wt% wt% wt% wt% wt% wt% 
1 165 40 1.62 0.56 0.15 0.61 0.00 0.13 0.00 
2 177.5 54 1.67 0.46 0.54 1.31 0.01 0.23 0.02 
3 177.5 40 1.70 0.54 0.41 0.92 0.01 0.18 0.01 
4 177.5 26 1.62 0.57 0.11 0.47 0.00 0.10 0.00 
5 190 40 1.69 0.39 0.67 1.33 0.01 0.29 0.03 
6 160 20 1.59 0.57 0.07 0.39 0.00 0.00 0.00 
7 160 60 1.66 0.58 0.86 0.75 0.00 0.15 0.00 
8 177.5 40 1.54 0.49 0.32 0.85 0.01 0.17 0.01 
9 177.5 40 1.65 0.53 0.39 0.92 0.00 0.18 0.01 
10 195 60 1.66 0.29 0.84 2.95 0.05 0.87 0.54 
11 195 20 1.55 0.54 0.14 0.54 0.00 0.12 0.00  

Table 4 
Results from the HPLC analysis of the posthydrolyzed autothermal pretreatment experiments.  

Number Temperature Time Xyl Glu Ara Aac Hmf Fac Fur  

◦C Min wt% wt% wt% wt% wt% wt% wt% 
1 165 40 1.82 1.12 0.34 0.43 0.14 0.18 0.04 
2 177.5 54 3.95 1.42 1.45 1.63 0.10 0.27 0.17 
3 177.5 40 1.60 1.50 1.12 0.96 0.11 0.26 0.12 
4 177.5 26 2.18 1.31 0.31 0.46 0.18 0.22 0.04 
5 190 40 5.84 1.59 1.76 1.87 0.09 0.31 0.36 
6 160 20 2.13 1.23 0.24 0.35 0.16 0.18 0.03 
7 160 60 1.97 1.09 0.50 0.53 0.11 0.20 0.05 
8 177.5 40 1.47 1.37 1.24 1.66 0.12 1.70 0.11 
9 177.5 40 1.53 1.39 1.13 0.91 0.11 0.23 0.12 
10 195 60 15.29 1.63 1.70 3.62 0.12 0.66 1.16 
11 195 20 2.34 1.36 0.43 0.54 0.14 0.25 0.06  

Table 5 
Results from the HPLC analysis of the dilute acid pretreatment experiments.  

No. Temperature Time Acid Xyl Glu Ara Aac Hmf Fac Fur Xylyield  

◦C Min wt. % wt. % wt. % wt. % wt. % wt. % wt. % wt. % % 
1 160 10 0.8 1.47 0.58 1.18 0.38 0.00 0.00 0.00 6.21 
2 160 26 1.7 17.84 1.80 2.25 2.82 0.17 0.00 0.28 75.38 
3 173 18 1.25 20.28 1.63 2.66 2.85 0.12 0.00 0.09 85.69 
4 186 26 1.7 19.48 0.40 2.63 4.11 0.22 0.31 1.99 82.35 
5 186 10 0.8 4.61 0.75 2.15 0.88 0.03 0.00 0.01 19.48 
6 160 10 1.7 3.15 0.51 1.50 0.81 0.01 0.00 0.00 13.31 
7 160 26 0.8 12.79 1.06 2.37 1.65 0.07 0.00 0.03 54.07 
8 173 18 1.25 21.04 1.84 2.64 2.95 0.15 0.00 0.13 88.92 
9 186 26 0.8 23.27 2.48 2.72 3.57 0.28 0.24 0.56 98.34 
10 195 18 1.25 23.29 2.27 2.72 3.63 0.23 0.19 0.34 98.42 
11 151 18 1.25 1.44 0.61 1.68 1.49 0.01 0.00 0.00 6.07 
12 173 4.55 1.25 1.44 0.56 0.96 0.31 0.00 0.00 0.00 6.10 
13 173 18 1.25 20.45 1.72 2.55 2.95 0.14 0.22 0.12 86.43 
14 173 31.45 1.25 21.30 2.56 2.62 3.71 0.26 0.28 1.01 90.02 
15 173 18 2.0 21.03 2.12 2.56 4.62 0.20 0.23 0.28 88.89 
16 173 18 0.5 13.80 1.24 1.70 2.04 0.10 0.13 0.10 58.32 
17 186 10 1.7 1.66 0.67 1.57 0.38 0.01 0.00 0.00 7.01  
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3.4.1, namely the activation energies. The estimated parameters’ initial 
values are the results from the initial estimation, as performed in section 
2.7.1. They are listed in the supplementary material. With these set 
values, the estimated values for the activation energies, their standard 
deviations, and upper and lower bounds for the confidence intervals 
result are given in Table 6: 

Also, the following correlation matrix results from the parameter 
estimation: 

CORR =

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

1 0 0.02 0 0 0 0.01 0.56
0 1 0 0 0.69 0.01 0 0

0.02 0 1 0 0 0 0.57 0.28
0 0 0 1 0 0 0 0
0 0.69 0 0 1 0.01 0 0
0 0.01 0 0 0.01 1 0 0

0.01 0 0.57 0 0 0 1 0.51
0.56 0 0.28 0 0 0 0.51 1

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

The resulting standard deviations of the parameter estimation are 
low and thus indicate a very good fit. This is equally reflected in the 
correlation matrix, where only a few estimated parameters have a sig-
nificant but not critical covariance. In comparison with other reported 
values, the found values for the activation energies in this study are in 
good agreement with findings in other studies [33,51,52]. Overall, it can 
be concluded that the parameter estimation in combination with the 
identifiability analysis leads to an excellent estimation result that can be 
further investigated. 

Fig. 2. Design space of the experiments for all 17 operational conditions(• not estimated, ○ training data set, ● testing data set).  

Fig. 3. Values for the parameter significance calculated as δmsqr for all parameter values.  

Table 6 
Values of the estimated parameters of the pretreatment model.  

Parameter θ̂i  σi  li  ui  

EXyn,Xyl   121.29   0.1048   121.08   121.5  
ECel,Glu   39.246   0.2618   38.718   39.775  
EArn,Ara   56.917   0.3761   56.158   57.677  
EAct,Aac   38.66   0.2469   38.161   39.159  
EGlu,HMF   66.425   1.2743   63.851   68.998  
EHMF,Fac   38.036   2.5472   32.891   43.18  
EXyl,Fur   25.907   0.7316   24.429   27.384  
EXyl,Deg   37.374   0.2053   36.959   37.789   
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3.5.2. Model validation 
With the given experimental data points for the dilute acid pre-

treatment, the RSM, the GPR, and the mechanistic model are fitted. For 
the GPR model. the used basis function β is constant, and the used kernel 
function ω is an exponential function. For the mechanistic model, the 
split between training and testing data set is described in section 3.4. 
The scripts for all model validations are provided through a GitHub 
repository [29]. 

The metrics for each model are calculated as indicated in section 2.4. 
This comprises the analysis of variance (ANOVA) for the RSM model, a 
k-fold cross-validation for the GPR with k = 5 and a single-split vali-
dation with training and testing data set for the mechanistic model. The 
validation metrics for all models for training and testing data sets (if 
applicable) are indicated in Table 7: 

The ANOVA returns F = 6.403 on 10 and 6 degrees of freedom, in 
connection with p = 0.0169 < 0.05 . Hence, the null hypothesis is 
rejected, and the model is considered validated. In conclusion, the RSM 
model combined with a CCD appears to be a viable combination to build 
a data-driven model from experimental data in this study’s scope. The 
GPR training data set metrics indicate an excellent fit, whereas the 
testing data set RMSE increases significantly, indicating a possibly 
inferior predictive capacity. For the mechanistic model, both metrics for 
both data sets show a very good fit with even lower RMSE for the testing 
set than the GPR; hence, the model also validates well. 

3.6. Uncertainty and sensitivity analysis 

3.6.1. Uncertainty analysis 
The uncertainty analyses for all model outputs of the mechanistic 

model were performed as described in section 2.8.1. The considered 
uncertainty here is the one deriving from the estimation of the model 
parameters. The errors are assumed to be normally distributed accord-
ing to their standard deviation, as measurement errors from the exper-
imental data as error source are assumed to have random character. 
With the correlation matrix and the standard deviation of the parame-
ters, a multivariate normal random distribution is generated for N =

1000 Monte Carlo samples. The Monte Carlo procedure is performed N 
times for all 17 operational conditions. The scripts for the uncertainty 
analysis are provided through a GitHub repository [29]. The results for 
the uncertainty in the predictions of xylose, acetic acid, and furfural are 
illustrated in the following violin plot in Fig. 4. The violin plots for the 
other components are provided with the supplementary material. 

For the uncertainty in the xylose prediction, it becomes apparent that 
the uncertainty in the prediction is generally very low and that the 
model predicts closely the experimental results from both the training 
and the testing data set. For data points that were excluded from the 
estimation, however, the model overpredicts these values significantly. 
As already mentioned in the introduction of section 5.5, this is expected 
and reflects the fact that based on this expected behavior, only a subset 
of all available data points was chosen for the estimation as described in 
subsection 3.4.2. 

Similar behavior for the uncertainty in the acetic acid prediction is 
displayed, however at a smaller scale as the concentrations are generally 
lower: the data points which were not used for estimation are slightly 
overpredicted, and all but one data point in the training and testing data 
set are predicted within the range of the model uncertainty. For point 

15, the model underpredicts the acetic acid concentration. The used acid 
concentration for this data point is Cac = 2.0wt% , which possibly ex-
plains a higher release of acetyls from the polymeric structure than 
predicted by the model as the reaction might be more than propor-
tionally dependent on the acid concentration. 

The uncertainty in the furfural prediction also happens at a generally 
low level; in contrast to the xylose and acetic acid predictions, the model 
does mostly not overpredict the values for data points, even for points 
that have not been estimated. Solely for point 15, the model under-
predicts the furfural concentration. The operational conditions for this 
data point with T = 186◦C , t = 26min and Cac = 2.0wt% are all close to 
the upper bound of their range. Hence, these conditions are rather se-
vere for the pretreatment, potentially leading to increased xylose 
degradation and a high furfural concentration. In conclusion, the 
mechanistic model shows low uncertainty in predicting all considered 
component concentrations. 

3.6.2. Sensitivity analysis 
Similar to the uncertainty analyses, the sensitivity analyses were 

performed for all mechanistic model outputs for all three operational 
parameters. The considered ranges for the variables are T = [173,195]

◦

C 
, t = [18,30]min and Cac = [0.5,2.0]wt% . All sensitivity analyses were 
performed with N = 8192 Sobol samples. The scripts for the sensitivity 
analysis are provided through a GitHub repository [29]. The resulting 
first-order and total sensitivity indices for all three operational variables 
for all output concentrations are presented in the heatmap in Fig. 5 

Reviewing the results for the first-order sensitivity indices in detail, a 
tendency for moderate sensitivities in the time and acid concentration 
becomes apparent. Equally, a generally low sensitivity for the temper-
ature is seen. Reciprocally, the results for the total sensitivity indices 
illustrate that only the influence of the temperature in the given interval 
would be negligible. Referring back to the uncertainty analysis results in 
subsection 5.6.1, the conclusions regarding the underprediction of 
acetic acid for high acid concentrations agree with a high first-order 
sensitivity index for the acid concentration on the output of acetic 
acid. Similarly, the furfural output is susceptible to the acid concentra-
tion due to a higher release of xylose monomers; hence the higher the 
acid concentration, the higher the furfural output. Combined with a high 
temperature and time, this can yield very high furfural outputs, whereas 
a maximal acid concentration with moderate temperature and time 
yields moderate furfural outputs. The importance of all three parameters 
in different absolute orders is also seen in other studies [31,50]. 

3.7. Optimization of operational conditions 

As the last part of the presented study, the operational conditions of 
the dilute acid pretreatment are optimized with all developed models. 
The scripts for all optimization setups are provided through a GitHub 
repository [29]. The considered objective is the output concentration of 
xylose, which is to be maximized. The objective function, as stated in 
(2–9), is the respective model evaluation function. The considered 
bounds for the input variables as stated in (2–9) are T = [173,195]

◦

C , 
t = [18, 30]min and Cac = [0.5,2.0]wt . However a further constraint is 
included that the optimal point can only lie within the design space of 
the CCD for which the design of experiments is valid. This is expressed 
with the following equation: 
⃒
⃒
⃒
⃒
T ◦ C− 1 − 173

13

⃒
⃒
⃒
⃒+

⃒
⃒
⃒
⃒
tmin− 1 − 18

8

⃒
⃒
⃒
⃒+

⃒
⃒
⃒
⃒
Cac − 1.25

0.45

⃒
⃒
⃒
⃒ ≤ α, (3–1) 

With the value of α = 1.69 for the CCD of the dilute acid pretreat-
ment experiments. 

4. Results 

The optimized variables, as well as the value for the objective 

Table 7 
Validation metrics of the RSM, the GPR, and the mechanistic model.   

RSM GPR Mechanistic Model 

R2
train   0.914   0.999   0.988  

R2
test   − 0.141   0.305  

RMSEtrain   2.537   0.969   0.842  
RMSEtest   − 1.277   0.682   
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function, are listed in Table 8: 
For the RSM, the point does not lie in the vicinity of already 

measured data points but rather within the design space. A single 
experiment for these conditions is performed to verify these conditions, 
as described in section 2.2. The resulting concentration of xylose is 
CXyl = 20.97wt% and hence a deviation from the predicted value by 
18.5% . The RSM model hence overpredicted the maximum concentra-
tion significantly. 

For the GPR, although the predicted concentration is notably lower 
than the one predicted with the RSM model, the experimental value for 
this point is CXyl = 23.29wt% , which is an excellent prediction. It is to 
mention that the point is part of the training data set of the GPR, namely 
point 10. 

The predicted xylose concentration is even higher for the mecha-
nistic model than the one predicted by the GPR model, while the dif-
ference within both the selected conditions and the output 
concentrations is marginal. This point is not verified experimentally due 

to the close vicinity of this point to point 10 of the experimental design 
and the minimal difference in the output concentrations within the 
uncertainty range of the experimental values. Nonetheless, given the 
sensitivity analysis results in subsection 3.6.2, a slightly reduced acid 
concentration compared to point 10 is conclusive as the most sensitive 
operational condition for the xylose concentration is the acid 
concentration. 

4.1. Comparison 

After calibrating all models to experimental data and calibrating 
them respectively, conclusions regarding their comparability and per-
formance shall be drawn in this section. Fig. 6 shows contour plots for all 
three introduced models, with the output being the xylose concentration 
for respectively two of the three operational conditions, while the third 
operational condition is fixed at its mean value. 

For the RSM model, the contour of the xylose output is characterized 

Fig. 4. Violin plots for the results of the Monte Carlo-based uncertainty analysis for N = 1000 samples for all 17 operational conditions(• not estimated, ○ training 
data set, ● testing data set) for the concentrations of xylose, acetic acid, and furfural. 
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by the underlying second-order polynomial, illustrating the global op-
timum for a maximum xylose output as a single point within the design 
space. For the GPR model, the contour plot illustrates the general 
behavior, which accounts for GPR models: The prediction in close vi-
cinity of known points is excellent, whereas the uncertainty in predic-
tion significantly increases for areas that do not lie in the vicinity to 
known data points. This also relates to the fact that the validation 
metrics – particularly the RMSE – for the testing data set were the 
highest of all models. This leads to the fact that several local maxima can 
be seen in the contours for the training data points. Lastly, the contour 
plots of the mechanistic model resemble the kinetic behavior of the first- 
order rate expressions, which predicts the global optimum towards 
higher temperatures, average times, and lower acid concentrations. 
Lower xylose concentrations are, however, overpredicted. 

As a concluding remark, it should be stated that all models involve a 
certain level of heuristics and approximations since the exact mecha-
nisms of all occurring reactions in biomass pretreatment with the 
inherently high number of components is infeasible to describe. Hence, 
using a particular model always indicates a trade-off between different 
characteristics, and there is no best one-fits-all candidate modeling 
approach. To this end, it is noted that data sets resulting from typical 
designs of experiments usually are analyzed by RSM, where our study 
highlights shortcomings of this methodology [27,53]. In point of fact, to 
determine optimal conditions, predicting unseen data with a small error 
is of vital importance. Therefore, a diligent approach is the benchmark 
of different modeling approaches against each other regarding the pre-
diction of unseen or test data sets. Since the mechanistic model is 

validated best in this regard, it is used for the optimization under un-
certainty and verifies the assumptions taken regarding the feedstock. 

4.2. Optimization of operational conditions under uncertainty 

The purpose of the optimization step is to use the model to rigorously 
explore the design space for any conditions that can improve process 
yield. Therefore, the model is optimized under uncertainty to assess the 
effects of both the model uncertainties and the assumption regarding the 
feedstock. The uncertainty in the parameters is expressed through the 
covariance matrix and used for sampling. For the assumption in the 
feedstock composition, it is assumed that the original amount of xylan in 
hemicellulose of 80% is uniformly distributed in an interval of [70,80]%,

and the arabinan and acetyl amounts are uniformly distributed in an 
interval of [10,15]% as a worst-case scenario. The solver is performing 
N = 250 Monte Carlo simulations for each solver iteration and initially 
performs 25 simulations and subsequently performs 75 iterations. The 
chosen infill criterion is mcFEI, and the corresponding infill solver is a 
particle swarm solver. The scripts for the optimization under uncertainty 
are provided through a GitHub repository [29]. 

Additionally, two further constraints for the concentration of acetic 
acid and furfural are introduced in order to assure that the predicted 
optimum does not yield higher concentrations of both components 
compared to the optimum, which was found without considering the 
uncertainty in the feedstock: 

CAac ≤ 3.705wt%, (3–2)  

CFur ≤ 0.5289wt%. (3–3) 

When hedging against the uncertainty with the mean value of the 
predictions of the objective function and constraints, optimizing the 
conditions predicts a concentration of xylose of CXyl = 22.68wt% at a 
temperature of T = 191.2◦C , t = 18min and Cacid = 1.12wt% . The 
resulting objective is only marginally smaller than the one predicted 
without considering uncertainty while maintaining the same opera-
tional conditions. Hence, it can be concluded that even with varying 
feedstock composition, the operational conditions remain optimal, and 
on average, the output yield is reduced by about 3.3%.

Fig. 5. Heat map for the values of the sensitivity analysis of all operational parameters for all model outputs of the mechanistic model.  

Table 8 
Results for the optimized operational variables and the value for the objective 
function of all models.  

Variable Unit RSM GPR Mechanistic Model 

T  ◦C  182.4  195  191.6  
t  min   26.2  18  18  
Cac  wt%   1.25  1.25  1.13  
CXyl  wt%   25.72  23.23  23.47   
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When hedging against the uncertainty with the mean value plus one 
standard deviation of the predictions of objective function and con-
straints, optimizing the conditions predicts a concentration of xylose of 
CXyl = 20.88wt% at a temperature of T = 182.6◦C , t = 18min and Cacid =

0.84wt% . The yield for the output concentration is now reduced by 
around 10.8% compared to the deterministic optimum. The chosen 
operational conditions vary significantly: the selected temperature is 
reduced, and the dilute acid concentration. This is because the formation 
of particularly acetic acid and partially furfural are influenced by the 
dilute acid concentration and the temperature in the case of acetic acid, 
as seen in the first-order sensitivity indices presented in Fig. 5. In order 
to not infringe the constraints with the hedge against uncertainty, milder 
conditions are selected. 

In conclusion, the optimization under uncertainty showed both that 
the assumption taken about the feedstock composition and the intrinsic 
uncertainty of the model due to the parameter estimation do not 
significantly influence the prediction of the objective to produce a 
maximum amount of xylose. A study with corn stover as feedstock 

confirms that feedstock variability – apart from trivial effects – does not 
significantly influence the monomer yields [54]. Moreover, the opti-
mization under uncertainty with a variability of the feedstock compo-
sition only moderately influences the xylose concentration, as the 
chosen operational conditions are milder. 

5. Conclusions 

In the scope of this paper, a model for biomass pretreatment was 
developed based on a case study and validated for optimizing the 
operational conditions of the pretreatment to assist the conceptual 
process design of a biorefinery. Wheat straw was chosen as feedstock, 
and pretreatment experiments with both hydrothermal and dilute acid 
pretreatment were performed. The analysis of the experiments showed 
the clear favorability of the dilute acid pretreatment. A response surface 
model, a Gaussian process regression model, and a mechanistic model 
based on mass and energy balances and first-order reaction kinetics were 
fitted to the data. All models show considerably good validation metrics. 

Fig. 6. Contour plots of the xylose concentration for two out of three operational conditions, with the third fixed at its mean value.  

N.I. Vollmer et al.                                                                                                                                                                                                                               



Chemical Engineering Journal 430 (2022) 133106

12

However, the optimal conditions found with the three models differ, 
which is relatable to each model’s properties. A comparative analysis 
shows that the predictions of the mechanistic model are most reliable for 
the underlying case study, which is thus recommended for use in con-
ceptual process design. Furthermore, optimizing the operational con-
ditions under different uncertainty scenarios shows that the model 
assumptions do not affect the predicted performance and consequently 
confirm the robustness of the model for use in process design applica-
tions under uncertainty. 

Furthermore, more fundamental knowledge about the reaction 
mechanisms and the factors influencing them will significantly improve 
the predictive quality of knowledge-driven pretreatment models and 
broaden their validation range. Moreover, this allows for evaluating 
different pretreatment methods and feedstocks with the same 
knowledge-driven model, facilitating the conceptual process design 
even further and helping to assess viable biorefinery concepts for more 
sustainable production of chemicals. 
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