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ABSTRACT

Multi-objective optimization is an important decision-making tool for energy processes, as
multiple targets need to be achieved. These objectives are usually conflicting since a single
solution cannot be optimal for all objectives, resulting in a set of Pareto-optimal solutions.
Multiple indicators might be available to describe a sustainability objective, such as the
environmental impact which is commonly evaluated by performing a life cycle assessment. In

this study, Pareto aggregation is proposed as a method which employs a novel multi-objective
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optimization-based approach as an alternative to the classically used aggregation in life cycle
assessment. This method identifies conflicting environmental indicators and performs an
aggregation among those that require a trade-off. An environmental-economic optimization of
a second-generation bioethanol plant is used to illustrate and evaluate the proposed method.
Process parameters from a biochemical conversion pathway flowsheet simulation model are
chosen as optimization variables. To reduce the computational time, surrogate models, based
on artificial neural networks, are used. Out of the eighteen ReCiPe Midpoint environmental
indicators, five were identified as conflicting, resulting in an aggregated environmental
objective, which was then traded off with the economic objective function, chosen as the
levelized cost of ethanol. Comparison with the widely used single-score Ecolndicator99
showed that the Pareto aggregation method can reduce most of the environmental indicators by
up to 6.5%. This research provides an insight on non-redundant objective functions, aiming at
reducing the dimensionality of multi-objective optimization problems, while taking into

consideration decision-makers’ preferences.

KEYWORDS

Multi-objective optimization, sustainability optimization, life cycle assessment, bioprocess

modelling, biorefinery

NOMENCLATURE

Abbreviations

ANN: Artificial neural network

BP: Best point

CAPEX : Capital expenditure
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LCA: Life cycle assessment

MOQ: Multi-objective optimization

MSE: Mean squared error

OPEX: Operational expenditure

Symbols

a: annuity factor

Crc;: fixed capital investment (EUR)
Coperiap- Operating labor cost (EUR/h)
Coprix fixed operating cost (EUR/y)
Copvar: variable operating cost (EUR/y)
Ji: predicted value of J;
J:B%: objective value of J; on the Best point
Jagg,env: aggregated environmental objective
Jcony: set of conflicting objectives J;
Jenv: set of environmental objectives J;

J;: objective function i

BP,EI99,
Ji :

objective value of J; on the Best point of the Ecolndicator99-economic Pareto front
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BP,agg .
Ji

Pareto front

Jopj: set of objective functions

k: number of objectives for each combination
LCE': levelized cost of ethanol (EUR/L)

N: number of Pareto fronts

n: number of samples

n;: number of objective functions J

n;¢: number of conflicting objectives J;
Njenyy: NUmMber of environmental objectives

PEion: annual ethanol production (L/y)

PF¢: number of conflicting Pareto fronts
W;: weights of each conflicting objective J; € Jeonfs

x: vector of optimization variables

Xmax: Vector of the maximum values of the optimization variables

Xmin: vector of the minimum values of the optimization variables

y;: variable of min-max scaling

y;: normalized value of y; variable

: objective value of J; on the Best point of the aggregated environmental-economic
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U: Utopia point of two objective functions J; and J;;

1. INTRODUCTION

During the design and operation of energy systems, decisions have to be taken
considering multiple objectives, namely: maximizing economic performance (e.g., Net Present
Value (NPV), profit), while minimizing environmental impact (e.g. global warming potential,
carbon footprint, ecosystem quality savings) [1]. These objectives can be conflicting, as
improving one can result in worsening the other. In such a situation, there is not one optimal
solution, but rather several mathematically equivalent trade-off solutions exist (i.e., Pareto
optimal solutions) [2]. Multi-objective optimization (MOO) methods generate such a set of
Pareto optimal solutions, called the Pareto front [3], and have been widely used in energy
applications [4]. These mathematically equivalent trade-off solutions can then assist in the
decision-making process. The systematic generation and efficient presentation of these optimal
alternatives to decision-makers plays a key role in computer-aided decision making. Decisions
need to be made in an efficient and well-informed manner while the decision-makers’

preferences also need to be taken into account [1].

In environmental assessments, such as the widely used life cycle assessment (LCA),
many different indicators are exploited to quantify and evaluate environmental impacts [5].
Usually only CO; emissions are taken into consideration in multi-objective optimization
problems on energy systems [6,7], neglecting the rest of the indicators. On the other hand,
multiple environmental indicators can be normalized and weighted, resulting in a single score
indicator. The use of a single aggregated indicator facilitates the communication and
interpretation of the comparative results from LCA practitioners to decision-makers [8]. For

example, endpoint impact categories (i.e., damages to human health, ecosystem quality and
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resources) are used to have a comprehensive view on environmental impacts [9]. Then, these

impact categories are often aggregated into a single Eco-Indicator [10] (e.g., Eco-indicator 99

[9D.

However, the weighted sum procedure has received lot of criticism over the years, due
to the danger of incorrectly interpreting the weighted results, as weighting factors are subjective
and might not represent decision-makers’ preferences [8,11]. As a result, multiple efforts have
been made to improve the aggregation approach in environmental assessments. Afrinaldi et al.
[8] have proposed a novel method for normalization and aggregation in LCA based on fuzzy
logic, which was applied in automotive engines. Similarly, Agarski et al. [12] have used fuzzy
logic for impact category weighting in an LCA study on waste treatment processes. The
analytical hierarchy process (AHP) has also been applied to estimate weighting factors for an
electricity generation case study [11]. Moreover, Sohn et al. [13] have developed a novel
weighting method, called Argumentation Corrected Context Weighting-LCA (ArgCW-LCA),

which uses multi-criteria decision analysis to aggregate midpoint impacts to a single indicator.

Despite these efforts, the use of aggregated impact indicators as the final environmental
objective function in optimization problems, can lead to suboptimality and a loss of information
for decision makers [14,15]. Indeed, the attained solution of the problem is influenced by the
weighted sum procedure as the conflicting behavior of different impact categories is not
considered, leading to suboptimal solutions. A recent study by Zacharopoulos et al. [16] focused
on optimizing battery electric vehicles (BEV) charging profiles by minimizing their
environmental impact, while also including the identification of conflicting and non-conflicting
environmental midpoint impact indicators. The conflicting indicators were determined by first
optimizing each impact indicator separately, then calculating the rest of the indicators for these

optimized charging profiles and finally measuring the deviation between the objectives. Despite
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identifying conflicting environmental objectives, the aggregation of these conflicting indicators

into a single final environmental objective was not included in the study.

To address this knowledge gap, a novel method named Pareto aggregation is proposed
in this study which firstly solves systematically a multi-objective optimization problem related
to environmental sustainability using different indicators and identifying which indicators are
truly conflicting and between which ones a tradeoff needs to be made. In contrast to the current
state-of-the-art, by identifying the difference between conflicting and non-conflicting
objectives, the objective space is reduced by only retaining the conflicting ones, as the non-
conflicting ones will lead to the same optimal solution (and hence a waste of computational
power and time). Based on decision-maker preferences and/or the level of conflict between the
objectives, an aggregation is performed, resulting in one aggregated environmental objective,
which is then traded off against an economic objective function when solving a second bi-
objective environmental-economic optimization problem. This method is especially designed
to tackle in a systematic way multi-objective optimization formulations which are normally
solved via aggregation, although it is generally applicable to all types of MOO problems. Thus,
it can serve as a useful tool in decision-making processes, commonly encountered during the
design and operation of energy systems, when the technical, exergetic, economic,

environmental and/or social performances are often evaluated.

To illustrate this methodology, second-generation bioethanol production is chosen as a
realistic and complex energy conversion case study. Biomass has emerged as a renewable
energy resource with a high potential in the worldwide efforts for a greener energy transition
[17]. Out of its various applications, the production of biofuels can assist in achieving future
climate targets and meeting energy demand [18]. In particular, lignocellulosic biomass is an

abundant carbon source, rich in energy components that can be converted to biofuels,



148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

commonly known as second-generation biofuels [19]. Due to its recalcitrant structure, the
bioconversion of lignocellulose requires multiple complex processes [20]. The optimization of
such energy conversion systems has been an area of interest for the past years, with numerous
studies focusing on the optimal process design of biofuels production with respect to economic
and environmental criteria [21]. Dynamic process models are developed for the upstream
processes, those being dilute acid pretreatment, enzymatic hydrolysis and fermentation, by
using already developed kinetic models. Due to their complexity and long computational time,
surrogate models are developed and used instead [22], calculating the final optimization
objectives. In addition to this case study, the Pareto aggregation method can easily be applied
to different types of MOOs and systems. Its applicability is explained further in subsection

3.4.1, along with specific directions and requirements.

2. MATERIAL AND METHODS

The proposed methodology consists of three steps, indicated by A, B and C in Figure 1.
First, rigorous process models are developed to calculate mass and energy balances which are
the basis for the environmental and economic objective functions (Figure 1 (A)). For the
lignocellulosic bioethanol production these models are developed in ASPEN Plus, by using
kinetic models available in literature. Through an interface connection between ASPEN Plus
and MATLAB, the final economic and environmental objectives are calculated. Due to the
computationally expensive interface between ASPEN Plus and MATLAB and time required to
solve multi-objective optimization problems, artificial neural networks (ANN) are developed
as surrogate models for each objective function (Figure 1 (B)). As such the computational cost
to evaluate objective functions is reduced and the optimizations can be conducted efficiently.
The development of surrogate models is also highly relevant when more complicated models

are used that require more computational time. Finally, the Pareto aggregation method is



172 applied in order to calculate the final aggregated environmental objective, which is then traded
173 off against the economic objective (Figure 1 (C)) through a multi-objective optimization. A

174 detailed description of each methodology step is given in the next subsections.
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Figure 1. Schematic overview of the methodology steps applied: (A) Dynamic process

modelling and calculation of objective functions, (B) Development of ANN surrogate models,

(C) Pareto aggregation and multi-objective optimization.
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2.1 Rigorous process model development & simulations

Bioethanol production from corn stover is simulated in ASPEN Plus®v.12.1 [23], based
on the model of the National Renewable Energy Laboratory (NREL) [24]. Three main upstream
processes are included: dilute acid pretreatment, enzymatic hydrolysis and co-fermentation.
Dilute acid pretreatment was modelled according to Shi et al. [25] for hemicellulose
degradation, while the solubilization of lignin according to Lavarack et al. [26]. Following the
model of Humbird & Aden [27], a two-stage pretreatment process was assumed with 70%
conversion of oligomers to monomers. The kinetic model of Kadam et al. [28] was used for the
enzymatic hydrolysis (saccharification), assuming three main reactions with competitive
inhibition. Finally, co-fermentation by recombinant Zymomonas mobilis was assumed for the

final process, applying the kinetic model of Leksawasdi et al. [29].

Thus, all reaction yields are estimated based on the kinetic models used for each process
(see Supporting Material). The developed Ordinary Differential Equation (ODE) and
Differential Algebraic Equation (DAE) systems are solved in MATLAB R2022b with the built-
in odel5s function, transferring the calculated reaction yields to ASPEN, through an ActiveX

interface connection.
2.2 Economic indicator calculation

The levelized production cost of ethanol (LCE, EUR/L) is chosen as the main economic

indicator, calculated using equation (1) [30]:

L — (CAPEX - a + OPEX) (1)

PEtOH

Where CAPEX is the capital expenditure (EUR), OPEX the operational expenditure (EUR/y),

o the annuity factor (y!) and Pron the annual ethanol production (L/y). The annuity factor is

11
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calculated assuming 20 years of project lifetime and 15% discount rate [30], for a production

plant starting its operation in 2022.

The CAPEX is calculated by summing the fixed capital investment Crc; (EUR), the
working capital (5% of the Cr;) and the land cost (2% of the Cr¢;) [24]. The Cp¢; consists of
the total direct and indirect costs. The OPEX is calculated as the sum of the variable operating

(Copvar) and the fixed operating (Coprix) costs. Details on the input values and calculations are

given in the Supporting Material.
2.3 Environmental indicators calculation

The environmental performance is evaluated through a life cycle assessment (LCA).
The system covers the cultivation and supply of biomass, the supply of raw materials and energy
as well as the production of the final product. A cradle-to-gate approach is chosen, as the case
study is limited to the upstream processes of lignocellulosic ethanol (EtOH) production. The
functional unit is taken as 1 L of ethanol production. For the biomass cultivation, an economic

allocation 1s applied (11.3% for corn stover).

The Ecolnvent database [31] and data on Belgian corn agriculture are used to develop
the life cycle inventory (see Supporting Material). The input and output flows are taken from
the ASPEN model and are expressed per L EtOH (i.e. the functional unit). The life cycle impact
assessment is performed in SimaPro® v.9.4.02, using the ReCiPe 2016 v1.1 Midpoint method

[32] and calculating eighteen environmental impact indicators.

For the validation of the suggested methodology, the Ecolndicator99 is also calculated,
using the ReCiPe 2016 v1.1 Endpoint method and its normalization factors, while weights are
taken from the methodology report on the Ecolndicator 99 [9]. This single score was chosen as

it is well recognized and widely used in relevant studies.

12



223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

2.4 Multi-objective optimization problem formulation

Multi-objective optimization problems of the following form are studied in this work:

min{J; (x,p), -, Jn, (6, D)} 2)

subject to
c(x,p) <0
Xmin Sx < Xmax

With J,p; = {J1(X, ), -, Jn ’ (x,p)} the n; objective functions, c(x, p) the constraint functions,

x the vector with optimization variables, p the model parameter vector, Xx,,;, the vector
containing the minimum values of the optimization variables and x,,,, the vector with the

maximum values of the optimization variables.

The solution of such a multi-objective optimization problem is a Pareto front of tradeoff
solutions. The Non-dominated Sorting Genetic Algorithm I (NSGA-II), an elitist evolutionary
algorithm, is used in this work. Problems are solved in MATLAB R2022b using the gamultiobj
function, taking function tolerance at 10 and constraint tolerance at 10°'?. All calculations were
performed using the Intel® Xeon® Gold 6334 CPU @ 3.60GHz — 3.59GHz (4 processors) and

16.0 GB RAM.
2.5 Surrogate modelling

Surrogate models are used for the calculation of the objective functions, as the coupling
of ASPEN and MATLAB is computationally expensive. Artificial Neural Networks (ANN) are
developed in this study for each objective function [33]. Thus, a set of 20 models is created, as

shown in Table 1.

13
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Table 1. Objective functions for the multi-objective optimization of second-generation
bioethanol production. /;is the economic indicator, J,-/;9 are the environmental indicators and

J20is the Ecolndicator used for comparison.

Optimization objectives Objective functions Units

LCE A EUR/L

Global warming I kg CO; eq/L
Stratospheric ozone depletion I3 kg CFC11 eq/L
Ionizing radiation Ja kBq Co-60 eq/L
Ozone formation, Human health Js kg NOx eq/L
Fine particulate matter formation Js kg PM2.5 eq/L
Ozone formation, Terrestrial ecosystems J7 kg NOx eq/L
Terrestrial acidification Js kg SO, eq/L
Freshwater eutrophication Jo kg P eq/L
Marine eutrophication J10 kg N eq/L
Terrestrial ecotoxicity J1i1 kg 1,4-DCB/L
Freshwater ecotoxicity J12 kg 1,4-DCB/L
Marine ecotoxicity Ji3 kg 1,4-DCB/L
Human carcinogenic toxicity J1a kg 1,4-DCB/L
Human non-carcinogenic toxicity J1s kg 1,4-DCB/L
Land use J1i6 m?a crop eq/L
Mineral resource scarcity J1i7 kg Cu eq/L
Fossil resource scarcity Jis kg oil eq/L
Water consumption J19 m’/L
Ecolndicator 99 J20 Points/L

2.5.1 Sampling and generation of training data

The training data required for the surrogate models are obtained by sampling the design
space with the Best Candidate algorithm [34]. The chosen algorithm performs well and satisfies

major requirements for surrogate modelling applications [35].

Feed rate, acid loading, pretreatment temperature, pretreatment residence time,
saccharification residence time and fermentation residence time are the optimization variables
chosen. The six-variable design space (6D) is sampled at once for 5000 samples, according to

the permitted lower and upper bounds of Table 2. These limits are selected based on the

14
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constraints of the kinetic models used for the process modelling, while ensuring that the
simulation model runs without errors (simulation status was checked after each run). The
generated samples are then used to run the simulation model and calculate the economic and
environmental indicators. Since both inputs and outputs have different scales that affect the
sensitivity and convergence of the developed surrogate models, they are both normalized from

0 to 1, using the min-max scaling equation (3):

) y; — min(y;)
Yi = . 3)
max(y;) — min(y;)
Where y; is the normalized value of y; variable.
Table 2. Upper and lower limits of optimization variables.
Optimization variables (x) Lower bound (x,,;,) Upper bound (X,,4)
x1: Acid loading (mg/g dry biomass) 1 2
X,: Pretreatment temperature (°C) 155 185
X3: Pretreatment residence time (min) 1 20
x4: Feed (dry t/d) 80 2000
xs: Saccharification residence time (min) 10 120
X¢: Fermentation residence time (min) 10 50

2.5.2 ANN development

First, the architecture of the ANN is studied and optimized for each objective. In this
study, only shallow and two-hidden layers ANNs are considered due to their simplicity. The
number and size of layers are optimized, taking a maximum number of neurons per layer as
double the amount of inputs based on rules-of-thumb [36], that being 12. The mean squared

error (MSE) is used as the performance criterion to select the optimal ANN architecture:

— 1 C 7\2
MSE = 5;(11- ) @)

15
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Where n is the number of samples, J; is the real value and J; is the predicted value.

The ANN models are developed in MATLAB R2022b, using the fitnet function of the
Deep Learning Toolbox. The training data are partitioned into training, validation and testing
sets at a 70%, 20% and 10% ratio respectively. The Levenberg-Marquardt training method is

chosen, while the rest of the training parameters are kept the same as the default options.
2.6 Pareto aggregation algorithm

The proposed Pareto aggregation algorithm is presented in Figure 2. First, multiple bi-
objective Pareto fronts are computed for each unique combination of two environmental

objectives. The number of Pareto fronts N is calculated by equation (5):

— n]env!
k' (n]env - k)'

N(n]env: k) (5)

Where 1y, is the number of environmental objectives and k is the number of objectives for
each combination. In this work, the environmental objectives are Njepn, = 18: Jop, = {J;i | i =

2, ...,19}. For 18 environmental indicators taken two at a time, 153 Pareto fronts are required.

Then, the most conflicting objectives are identified based on specific criteria, and
weights are generated as described in the following subsections. This way the optimization is
focused on finding solutions that balance the conflicting objectives first, leading to more robust
results. Finally, the aggregated environmental objective is formed and traded-off against the

economic objective J;.

16
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Figure 2. Schematic representation of the Pareto aggregation algorithm (BP: Best point, U:

Utopia point, d: Euclidean distance between BP and U, tol: tolerance value, W: Weights used

for aggregation).

2.6.1 Identification of conflicting objectives

The most conflicting objectives J; € J.,,, are identified using the following criteria:

1. The Pareto front should consist of more than one point.

17



294

295

296

297

298

299

300

301

302

303

304

305

2. The minimum Euclidian distance of the Pareto points from the Utopia point should be greater

than a tolerance value:

min{\/|U—]i|2+|U—]j¢i|2}2tol, ]i,]j;tiejenv (6)

Where U = (min(J;), min(] jii)) is the Utopia point and tol is the tolerance value. The Utopia

point consists of the individual minima of each objective function. The tol parameter can be
specified by the decision-maker, reflecting what is defined as conflicting. Indeed, its value can
be varied to make the criterion more or less strict. In this study, a tolerance of 107 is deemed
as suitable, as the objective values are normalized from O to 1. The point of each Pareto front
that satisfies the left part of equation (6) is hereby mentioned as “Best point” (BP). A simplified

example 1s given in Figure 3.

A

o
S ¥
5 d= (V=12 410~ jul?
2 [
[=
]
-
o o
2 BP
& o

B o
min(J;) e @
‘ >
min(J;) Environmental objective J;

Figure 3. Environmental Pareto front for aggregation between objectives J; and J;. U is the

Utopia point, BP the Best point and d the distance of each Pareto point from U.
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By satisfying both of these criteria, the most conflicting objectives (Joons) are identified,
with Jeons S Jeny- The number of conflicting objectives is n;¢ corresponding to PFjc Pareto

fronts.
2.6.2 Weights generation

The final aggregation of the most conflicting environmental objectives can be done
through a weighted sum method:
]agg,env = z JiW; (7)
i€[2,19]|Ji€J conf

Where W; is the weight of the conflicting objective J; € Joony, With Xie[2,19)); W, = 1.

€Jconf

For the generation of the weights, a novel approach is suggested that accounts for
decision-makers’ preferences (if available) and/or the level of conflict between the objectives.
Higher weights can be assigned to objectives that are more important to decision-makers and
are highly conflicting:

mmi/n Z wyJ;BF 8)
1€[2,19]1Ji€J cons

S.t.
Wi =1
i€[2,19]|Ji€J conf

A-W<bh
c(W)<0
0.01=swW<1
Where W is a vector containing the weights, ;57 are the objective values on the Best Point

(BP)of J; € Jeons, Ais amatrix, b a vector and ¢ (W) a nonlinear inequality function that returns

19
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a vector. The values of A and b can be chosen in order to reflect the decision-makers’

preferences and/or the level of conflict between the objectives. The nonlinear inequalities are
taken as c(W) = (]iBP — Wl-]iBP)2 — 1078 < 0, ensuring that the weight generation is not
significantly influenced by the absolute values of the objectives (e.g. extremely high weights
assigned to low objective values). For the same reason, the lower bound of the weights is taken
as 0.01 in order to guarantee that high objective values J;°* are not given extremely low
weights, close to 0 (e.g. 10°5-10™). The finincon MATLAB function is applied, using the default

options of the Interior Point Method.
3. RESULTS AND DISCUSSION

3.1 Surrogate modelling results

The 6D design space was sampled 5000 times using the Best Candidate algorithm [34],
requiring 470 seconds of running time. Detailed results on its performance are available in the
Supplementary Material. ANNs were then used to create 20 surrogate models in total between
the optimization variables and the optimization objectives; one for each out of the 19 ReCiPe
environmental indicators and one for the Ecolndicator99. The optimal architecture, identified
through the calculation of MSE, was found for each surrogate model, as shown in Table 3.
Mean squared errors in the magnitude of 10°-10° were achieved for all models for a two-
layered ANN. The coefficients of determination (R?) for the training, validation, testing total
data are also shown in Table 3. These are higher than 99% for all models and data, indicating
good predictions and that surrogate models are able to capture the relationships between the

objective functions and optimization variables.
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Table 3. Performance and architecture of the optimal ANN for each surrogate model/objective function. R? train, R? val, R? test and R? total are

the coefficients of determination for the training, validation, testing and total data respectively.

Surrogate MSE R?train  R*>val R?test R”total No of neuronsin  No of neurons in
model/Objective function 1% layer 2" Jayer
J1 8.36e-06  0.9992 0.9995 0.9997 0.9993 10 8
J2 1.70e-05  0.9999 0.9976  0.9997 09995 11 9
J3 9.65e-06  0.9993 0.9998  0.9997 0.9995 12 10
Ja 2.58e-06  0.9998 0.9986 0.9997 09995 12 6
Js 1.40e-05  0.9999 0.9998 0.9956 09995 11 7
Je 1.47e-05  0.9992 0.9997  0.9996 0.9995 10 6
J7 1.38e-05  0.9992 0.9998  0.9998 09995 11 9
Js 1.64e-05  0.9992 0.9994  0.9997 0.9995 11 7
Jo 1.29e-05  0.9993 0.9997 0.9998 0.9995 12 7
J10 1.23e-05  0.9993 0.9998 0.9997 09995 11 6
J11 1.29¢e-05  0.9993 0.9998 0.9998 0.9995 12 8
J12 7.82e-06  0.9994 0.9998 0.9998 0.9995 12 10
J13 1.07e-05  0.9998 0.9997 0.9955 09995 11 8
J1a 9.56e-06  0.9993 0.9998 0.9997 09995 12 5
Jis 9.99¢-06  0.9993 0.9997 0.9997 09995 11 9
J16 1.12e-05  0.9999 0.9979  0.9999 0.9995 12 7
J17 7.74e-06  0.9999 0.9981 0.9998 09995 12 9
Jis 1.45e-05  0.9999 0.9998 0.9962 09995 12 10
J19 1.64e-05  0.9999 09974 0.9984 0.9995 12 9
J20 1.25¢-05  0.9999 0.9977 0.9998 0.9994 12 9
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3.2 Pareto aggregation results

In total, 153 Pareto fronts were calculated for 18 environmental indicators. Out of these,
four (PF;c = 4) were found to be conflicting based on the criteria specified in the Pareto
aggregation algorithm. In Figure 4, the minimum distance calculated between the Pareto points
and the Utopia point (U) is depicted, that being equal or higher to 107. Therefore, five
environmental indicators are identified as the most conflicting, those being the stratospheric
ozone depletion (/3), ionizing radiation (J,), terrestrial ecotoxicity (/;1), land use (J;¢4) and water
consumption (J19).

It is evident from Figure 4 that land use (J;4) is highly conflicting with stratospheric
ozone depletion (J3) and terrestrial ecotoxicity (J;1), while water consumption (J;9) has the least
conflicting relation with stratospheric ozone depletion (/3). Based on these observations and
given the lack of decision-makers’ preference in the current case study, the linear inequalities
of equation (8) are chosen, assigning higher weights to the most conflicting objectives, those

being J;¢, followed by /5 and /4.
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Figure 4. Conflicting objectives identified through the Pareto aggregation algorithm: (A)
Stratospheric ozone depletion (J3) vs Land use (J;4), (B) Stratospheric ozone depletion (J3) vs
Water consumption (J;9), (C) Ionizing radiation (J,) vs Land use (J;4) and (D) Terrestrial
ecotoxicity (/1) vs Land use (J;¢). The distance (d) between the Utopia Point (%) and the Best

Point (e) is also shown. Both objective values are normalized within [0,1].

The identified conflicting behaviour can be explained by the fact that corn stover has
the highest emission factor for land use, which on the other hand has an insignificant emission
factor for stratospheric ozone depletion, ionizing radiation and terrestrial ecotoxicity, which are
mostly affected by the diammonium phosphate and electricity supply. Indeed, ozone depletion

and ionizing radiation get both minimized at a very low fermentation residence time, almost
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three times less than the one for land use, due to the high impact of diammonium phosphate
consumption. Similarly, water consumption indicator is mostly affected by the wastewater
output, resulting in around 30% less acid loading required for the minimization of this indicator

compared to the rest.

The final weights for each objective are presented in Table 4. Land use has the highest
contribution to the final environmental objective, followed by stratospheric ozone depletion,
terrestrial ecotoxicity, ionizing radiation and water consumption. The  performance  and
reliability of the proposed weight generation algorithm has been verified through a robustness
check (details in Supporting Material).

Table 4. Weights assigned to the most conflicting environmental objectives

Environmental objective Weight
Stratospheric ozone depletion (J3) 0.3159
Tonizing radiation (J,) 0.0107
Terrestrial ecotoxicity (J;1) 0.2546
Land use (J1¢) 0.3188
Water consumption (J;9) 0.1000
Sum 1.0000

3.3 Environmental-economic multi-objective optimization results

The aggregated environmental objective Jug4eny Was then traded-off against the economic
objective J;. The final Pareto front is presented in Figure 5(A), obtained for 1200 maximum
number of iterations and population size taken as 200. A conflicting relationship between the
chosen economic objective and the aggregated environmental objective is identified. Detailed

results of the optimization variables can be found in the Supporting Material.

24



385

-3 3
1.18 X10 L 10
14
>
£ H
21165 il
o
i .
> 3
09
21 l -‘
B —_
2 \ Q0814
iy 2 Y
O qaz|% 2 ¥
= i 207 3
1 8 [
@ 1 «
£ % S 061 "
g 1 g 3
= B g o05f
g '\ & 3
5 108F + \ 04 7
2 4 \ ~
© ‘e
A P 03F ",
o 106 \ \
(=] 4 s,
< * *e 02 Y
104 . . . . . L ) 0.1 %= . ! d
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
386 Economic objective (J1) %1074 Economic objective (J,) <107

387  Figure 5. Final environmental-economic Pareto front of the (A) Aggregated environmental
388  objective (Jugg,env) and (B) Ecolndicator99 (J,,). The Utopia Point (%) and the Best Point ()

389 are also depicted. All objectives are normalized within [0,1].

390 As far as the optimization variables are concerned, a high biomass feed is required for
391  all of the Pareto optimal solutions, around 1800 dry t/d biomass on average, as the scale of the
392  Dbiorefinery has a significant effect in the economic performance (economies of scale) [37]. A
393  high acid loading (~2.0 mg/g dry biomass) accompanied by low temperature (~159 °C) and high
394  residence time (~20 min) is required for the acid pretreatment process. The low pretreatment
395  temperature influences both the economic and environmental performance, as less inhibitors
396  are produced while limiting the energy consumption. A high saccharification time (~120 min)
397  is also required in order to achieve a high sugar conversion, while the fermentation time is
398  significantly lower, varying from 35 to 39 min. This can be explained by the fact that after 30
399  min most of the sugars are already converted to ethanol [29].

400 In order to validate the aggregation approach proposed in this study, a comparison with

401  a commonly used environmental single-score indicator, Ecolndicator99, has been conducted.
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The Pareto front obtained for trading the economic objective against the Ecolndicator99 is

presented in Figure 5 (B).

The optimization objective values (non-normalized) on the Best Point of each Pareto
front were calculated, allowing for a more comprehensible comparison. The relative difference
between the two Pareto fronts for all optimization objectives is presented in Figure 6. It is now
evident that almost all of the environmental objectives are lower by applying the Pareto
aggregation algorithm compared to the Ecolndicator99, except for the Land Use (J;¢4) which is
however insignificantly higher, less than 1%. Notably, Fossil resource scarcity (J;g) can be
reduced by 6.5%, Freshwater ecotoxicity (J1;) by 5.1% and Marine ecotoxicity (J;3) by 4.8%
by applying the Pareto aggregation algorithm. For both MOQOs, the same value on the economic

objective (LCE) was obtained, that being 1.25 EUR/L.
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These final environmental objectives on the Best point can be attained by decreasing the

418

acid pretreatment temperature by 7°C, while increasing the feed by 47 dry t/d and the

419
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fermentation time by 3 min, compared to the Ecolndicator99 results. The rest of the
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optimization variables are almost the same. Detailed results on the optimization variables and

objectives for both Pareto fronts can be found in the Supplementary Material.

3.4 Discussion

The Pareto aggregation method suggested in this study is especially designed to tackle
in a systematic way MOO problems which are normally solved via aggregation. This is done
by identifying truly conflicting optimization objectives and performing an aggregation of those
while taking into consideration their level of conflict and/or decision-makers’ preferences, if
available.

This method allows the practitioner to account for multiple indicators that are available
to describe a single performance (e.g., economic, environmental, social). Nevertheless, the
identification of conflicting indicators before the final multi-objective optimization can
significantly reduce the dimensionality of the optimization problem. That was indeed illustrated
by the applied case study on a lignocellulosic biorefinery, as only five out of the eighteen in
total environmental indicators were found to be conflicting and an aggregation between those
was required.

Moreover, the criteria used for the identification of the most conflicting objectives are
subjected to the practitioners’ priorities, and can be adjusted to make the algorithm more or less
rigorous. Thus, the tolerance value required by the algorithm (equation (6)) should be carefully
chosen based on the case study and desired outcome. Similarly, the weight generation approach
is highly dependent on particular parameters specified by the practitioner. It is thus evident that
another advantage of the proposed method is that it can easily be adjusted to take into
consideration and reflect both practitioners’ and decision-makers’ preferences.

3.4.1 Method applicability
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The developed method was illustrated on an environmental-economic multi-objective
optimization problem, as the aggregation issue involved in environmental assessments has been
widely discussed in literature [38]. However, its usage can be further expanded and applied to
different types of multi-objective optimization problems that require an aggregation of multiple
indicators. Based on the obtained results, decisions can be made on the operating conditions of
a lignocellulosic bioethanol plant, to minimize the final production cost, while, at the same
time, supporting a more environmentally sustainable performance. For the chosen case study,
a large plant capacity in addition to low pretreatment time and high saccharification time can
achieve a large ethanol production, and thus a low production cost (economies of scale),
accompanied by a low environmental impact (less inhibitors production). It can thus serve as a
quantitative tool in decision-making processes, exploring the relationship between different
objectives and guiding decision-makers to select optimal operating parameters based on their
own priorities. Such decision-making processes are critical for energy technologies, covering
both energy generation and management, as technical, economic, environmental and social
objectives need to be satisfied [4].

The suggested Pareto aggregation method can easily be applied to different case studies.
The only requirement is the development of a dynamic model that describes the relationship
between the optimization variables and the optimization objectives. For process engineering,
this relationship is usually expressed through detailed mass & energy balance calculations. For
complex processes, process simulation software, such as ASPEN Plus used in this study, are
commonly used to facilitate these calculations. Then, the Pareto aggregation method, i.e. the
third step (C) in Figure 1, can be easily applied. In case of computationally expensive models,
parallel computing and/or surrogate models (e.g., ANNs used in this study) could help reduce

running times.
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3.4.2 Limitations & Future work

It is worth mentioning that any uncertainties related to the models applied were not taken
into consideration and left out of the scope of this study. However, these uncertainties do not
have a direct effect on the suggested method itself, but rather on the final case study-specific
results. In future work, the proposed Pareto aggregation algorithm could also be embedded in
an interactive multi-objective optimization framework, and the inherent uncertainties of the
models should also be taken into account, as these may affect the process [39]. The inclusion
of uncertainties could be done by using uncertainty propagation techniques such as
linearization, sigma points (unscented transformation) and polynomial chaos expansion to
propagate the uncertainty on the model parameters towards the objective functions and
constraint functions, as explained by e.g., Nimmegeers et al. [40], and Mores et al. [41].
Nevertheless, the application of the suggested method to different case studies, as explained in
section 3.4.1, could help to further improve and operationalize it.

4. CONCLUSIONS

A novel method, named Pareto aggregation, is suggested for generating an
environmental objective function, by identifying the most conflicting environmental indicators.
This method was applied to a bioethanol production plant in an economic-environmental multi-
objective optimization. Surrogate models were developed based on simulation and kinetic
models. Five environmental indicators, namely stratospheric ozone depletion, ionizing
radiation, terrestrial ecotoxicity, land use and water consumption, were identified as conflicting.
Based on the level of conflict, an aggregated environmental objective was developed and
traded-off against an economic objective, that being the levelized cost of ethanol. The final
Pareto optimal solutions obtained indicate the best performance possibilities for the investigated

biorefinery. The method was compared against the single-score Ecolndicator99, demonstrating
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a better performance as a decrease ranging from 1.0 to 6.5% was observed for almost all
indicators calculated through the Pareto aggregation method. This approach can significantly
reduce the multi-dimensionality of optimization problems and can be easily applied to other
energy systems, serving as a useful tool in decision-making processes when multiple objectives

need to be satisfied..
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