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Abstract. This paper presents a framework for combining data envelopment analysis with process 

systems engineering tools, aiming to improve the sustainability of chemical processes. Given a set of 

chemical processes, each characterised by performance indicators, the framework discriminates 

between efficient and inefficient processes regarding those indicators. We develop an approach to 

quantifying the closest targets for an inefficient process to become efficient, while preventing 

unrealistic targets by accounting for its thermodynamic limitations represented as mass and energy 

flow constraints. We demonstrate the capabilities of the framework by assessing a methanol 

production process with captured CO2 and fossil-based H2, in comparison to ten alternatives. The 

methanol fuel is found to be suboptimal in comparison with other fuels. Making it competitive would 

require a significant (unrealistic in the short term) reduction in H2 price. Alternatively, the methanol 

fuel could become competitive upon combining fossil-based H2 with sustainably produced H2 via wind-

powered electrolysis.

Keywords: data envelopment analysis; chemical process targeting; sustainability; practical closest 

targets; process synthesis; liquid transportation fuels
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Introduction

Nowadays chemical engineers are facing the challenge of embedding sustainability principles into the 

design of new, or the retrofit of existing, processes and products1–8. The area of process design has 

been receiving increasing attention in this context, given its potential role in underpinning the 

transition towards a greener chemical industry. It is well known that decisions taken at an early stage 

of development of chemical systems can have a dramatic influence on their techno-economic and 

environmental performance, making process design paramount to achieving sustainable development 

goals 9–11. 

Incorporating sustainability principles into process design is nevertheless challenging, as it 

requires the simultaneous consideration of a wide range of economic, environmental and social 

criteria12,13. Defining adequate sustainability metrics in the form of key performance indicators (KPIs) 

is essential to effectively support the decision process14,15. The need to consider all of these KPIs 

simultaneously leads to complex multi-criteria decision-making problems, whereby identifying the 

best decisions over a wide range of potential alternatives becomes critical. A handful of techniques 

and tools have been developed by the Process Systems Engineering community to assist in this type 

of problems4,16–18. Among those techniques, multi-objective optimisation (MOO) has recently emerged 

as the preferred paradigm to design and plan more sustainable chemical systems1,4,18,19, but its 

application to process design presents several limitations. Firstly, the complexity of MOO increases 

with the number of objectives, both in terms of computational burden and the difficulty of analysing 

and interpreting Pareto optimal solutions20–22. Secondly, in the context of process design, MOO models 

tend to focus on a single chemical route and to optimize decisions pertaining to the plant topology 

and operating conditions only. Instead, one may wish to compare multiple designs based on different 

chemical pathways, while simultaneously considering multiple indicators. Lastly, in process and 

product design, and particularly in superstructure optimisation, the emphasis is always on identifying 

a globally optimal solution from a set of feasible designs, often in the sense of a unique objective 23,24. 

Suboptimal designs are systematically discarded without trying to understand the reasons of their 
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underperforming compared to other designs. This information could provide valuable insight on how 

to improve emerging chemical routes that are deemed suboptimal, but have the potential to become 

optimal via targeted modifications.

Bearing these limitations in mind, this paper proposes a framework combining data 

envelopment analysis (DEA) and process simulation in order to assess different process flowsheets in 

terms of multiple KPIs, while also providing clear quantitative guidelines on how to improve potential 

suboptimal designs. This framework is meant to complement standalone MOO tools to assist in the 

transition towards a greener chemical industry. 

DEA is a non-parametric linear programming (LP) method, originally introduced in operations 

research and economics25–28. It has recently found applications in the environmental assessment of 

products and processes29–33. Broadly speaking, DEA quantifies the relative efficiency of a set of 

comparable decision-making units (DMUs, the equivalent of chemical processes herein) that 

transform multiple inputs into outputs (the equivalent of sustainability KPIs herein). DEA allows 

discrimination between efficient (optimal) and inefficient (suboptimal) DMUs by computing an 

efficiency score for each DMU. DEA furthermore computes quantitative targets for an inefficient DMU 

to become efficient, by projecting it onto the frontier made by the efficient DMUs.

The original DEA25,34 was not developed to assess chemical processes, and its application in 

the chemical industry has remained scarce so far32,35. Notwithstanding its capabilities, DEA presents 

two shortcomings with regards to computing improvement targets, which could hinder its direct 

application to process design: the usual radial projection approach could target a point on the 

efficiency frontier that would require significant process modifications to reach, as opposed to a 

closest projection approach; and this target may be unattainable in practice since the thermodynamic 

limitations of the underlying process system are not taken into account during the projection. Herein, 

we shall tailor DEA to address the specific needs of the process design problem, with a view to 

providing meaningful and practical improvement targets for suboptimal designs. Notice that in the 

context of chemical engineering, the term targeting traditionally refers to the identification of limits 
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(typically thermodynamic) that cannot be exceeded by any design alternative 36. These targets often 

apply to subparts of a flowsheet, such as the minimum utilities requirements in heat integration37–39, 

maximum yields in reactor networks40,41, and minimum freshwater consumption in water exchange 

networks42,43. As will be explained in more details later on, we take a broader view of targeting here, 

based on benchmarking alternatives against one another to establish performance targets according 

to multiple criteria. To the best of our knowledge, this work is the first of its kind to apply such 

targeting in chemical process design for sustainability. In the reminder of the paper, we introduce a 

motivating example and use it to illustrate the limitations of existing DEA in process design and the 

workings of the proposed DEA model for targeting of chemical processes. Then, we demonstrate the 

capabilities of our approach on a case study assessment of liquid fuels for transportation.

Targeting for sustainable process and product design: motivating example

To motivate our approach, we consider the design of a new chemical process for producing a given 

amount of final product (functional unit of 1 kg used as reference in the calculations). This chemical 

route consumes 2.84 kg of raw material and 1.01 MJ of energy for each unit of product. Its 

environmental impact is measured in terms of the global warming potential per unit of raw material 

and unit of energy, which are 0.57 kgCO2eq/kg and 3.35 kgCO2eq/MJ, respectively; and the unit costs 

of raw material and energy are 0.94 US$/kg and 0.32 US$/MJ, respectively. The process furthermore 

has a theoretical minimal consumption of raw material of 1.25 kg and a theoretical minimal energy 

requirement of 1.01 MJ for each unit of product, respectively dictated by the stoichiometry of the 

reaction and the minimum utilities consumption.

Given this information, we are interested in assessing this new design (denoted by G) in 

comparison with six existing process alternatives (denoted by A – F), which may follow different 

chemical routes. All of these processes are assessed in terms of two KPIs, representing a specific cost 

(measured in US$) and an environmental impact (global warming potential, measured in kgCO2eq) in 

reference to the functional unit of 1 kg of final product (see Table 1). We reiterate that all seven 

Page 37 of 121

AIChE Journal

AIChE Journal

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For peer review only

processes produce the same amount of final product, but may follow different routes involving specific 

unit operations, equipment, etc. 

In our capacity as decision-makers, we would like to compare the new design G with the other 

routes A – F and elucidate whether the former can be economically and environmentally (and, when 

possible, socially as well) competitive in the market. If the new design G were to be identified as non-

competitive with respect to the other options, we would furthermore like to set improvement targets 

in order to make it a competitive option. Therefore, the main questions we wish to address here are: 

(i) How might we decide which chemical processes perform best when both KPIs (cost and 

environmental impact) are considered simultaneously? 

(ii) How might we improve a suboptimal process design in order to make it competitive with 

other existing efficient routes?

The approach presented in the following section combines DEA with process simulation tools in order 

to shed light on these two questions. The idea is to develop a simplified model of the process under 

investigation, e.g. based on mass and energy flow inventories, and introduce it as constraints in a DEA 

model formulation to provide both nearest and realistic targets for that process. 

Note that MOO fails to answer the foregoing questions. Firstly, because MOO aims to 

generate solutions within the limits of some constraints, whereas the alternatives are already given in 

our context. Secondly, because MOO simply discards suboptimal alternatives during the search, which 

does not allow for a further analysis of these alternatives.

To contextualise the use of DEA in the field of chemical engineering, henceforth we will 

consider every chemical process to be a DMU, characterised by several (economic, environmental or 

social) KPIs that capture the sustainability performance of the processes all together (see Figure 1). In 

DEA terminology, these KPIs will be categorised as either inputs or outputs, and then aggregated into 

a single overall performance measure, called efficiency score, which provides a means of calculating 

improvement targets for each KPI in return.
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Methodology

This section starts with a review of the traditional DEA approach, where we highlight its limitations for 

process design applications. In response to this we propose a novel formulation, where a simplified 

model (surrogate) derived from process simulation is introduced as constraints in a nearest-projection 

type DEA model. We also illustrate these concepts step-by-step with the motivating example 

introduced earlier.

Traditional DEA approach

DEA is a data-oriented, non-parametric approach based on mathematical programming for the 

assessment of the relative efficiency a set of peer entities, referred to as decision-making units 

(DMUs)25,26. Each DMU converts multiple inputs into multiple outputs, where an input traditionally 

refers to an indicator to be minimised and an output to an indicator to be maximised. DEA provides 

two main pieces of information: efficiency scores and improvement targets. The first step of DEA 

entails the construction of a polyhedral envelope, called efficient frontier or best-practise frontier, 

which comprises all the Pareto-optimal units; that is, non-dominated units producing more of certain 

outputs while using less of certain inputs. A DMU lying on the efficient frontier is said to be efficient, 

otherwise it is deemed inefficient. In the second step, DEA determines quantitative targets for an 

inefficient unit to become efficient, via the projection of that unit onto the best-practise frontier, so it 

is no longer dominated by any other units. Owing to its flexibility, ease of use and decision-aiding 

capabilities, DEA has been applied to a wide variety of systems, including hospitals, universities, cities, 

banks, countries, molecules and technologies44–48.

The original DEA derives from the concept of efficiency49, broadly defined as the ratio between 

weighted outputs and weighted inputs in a production entity. Given a set of  DMUs ( ), each 𝑛 𝑘 = 1…𝑑

consuming  inputs ( ) and generating  outputs ( ), the question about 𝑚 𝑥𝑘,𝑖 𝑖 = 1…𝐼 𝑛 𝑦𝑘,𝑗 𝑗 = 1…𝐽

whether or not the DMU  is efficient can be answered via the solution of the following CCR factional 𝓁

model27:
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(1)𝜃 ∗
𝓁  ≔ max 

∑𝐽
𝑗 = 1𝑣𝑗𝑦𝓁,𝑗

∑𝐼
𝑖 = 1𝑢𝑖𝑥𝓁,𝑖

(2)             s.t.  
∑𝐽

𝑗 = 1𝑣𝑗𝑦𝑘,𝑗

∑𝐼
𝑖 = 1𝑢𝑖𝑥𝑘,𝑖

≤ 1,  𝑘 = 1…𝐾,  𝑘 ≠ 𝓁  

(3)                     𝑢𝑖,𝑣𝑗 ≥ 0,  𝑖 = 1…𝐼,  𝑗 = 1…𝐽

where  and  denote the linear weights of outputs and inputs, which are treated as variables to be 𝑢𝑖 𝑣𝑗

optimised; and the relative efficiency score  indicates whether the DMU  is efficient ( ) or 𝜃 ∗
𝓁 𝓁 𝜃 ∗

𝓁 = 1

inefficient ( ) in comparison to the other DMUs. The best-practice frontier consists of the subset 𝜃 ∗
𝓁 < 1

of all efficient DMUs and may be used as a benchmark to define improvement targets for the 

inefficient units.

The CCR fractional model (1)-(3) is nonlinear, but it may be conveniently reformulated into an 

equivalent linear program (LP) by applying fractional programming and duality theory26,27. The 

following model is commonly known as the input-oriented dual CCR model27:

(4)𝜃 ∗
𝓁  ≔ min  𝜃𝓁 ― ε(∑𝐼

𝑖 = 1𝑆 ―
𝑖 + ∑𝑛

𝑗 = 1𝑆 +
𝑗 )

(5)             s.t.  ∑𝐾
𝑘 = 1𝜆𝑘𝑥𝑘,𝑖 =  𝜃𝓁𝑥𝓁,𝑖 ― 𝑆 ―

𝑖 ,   𝑖 = 1…𝐼

 (6)                     ∑𝐾
𝑘 = 1𝜆𝑘𝑦𝑘,𝑗 = 𝑦𝓁,𝑗 + 𝑆 +

𝑗 ,   𝑗 = 1…𝐽

(7)                      𝜆𝑘 ≥ 0,   𝑘 = 1…𝐾

(8)                      𝑆 ―
𝑖 ≥ 0,   𝑖 = 1…𝐼

(9)                     𝑆 +
𝑗 ≥ 0,   𝑗 = 1…𝐽

In addition to indicating whether or not the DMU  is efficient based on the relative efficiency score 𝓁 𝜃 ∗
𝓁

, the optimal variable values , and provide improvement targets in case this DMU is 𝜆𝑘 𝑆 ―
𝑖   𝑆 +

𝑗  

inefficient50. Positive weights  are attached to the subset of efficient DMUs against which the 𝜆𝑘 > 0

inefficient DMU  is compared, called the reference set or peer group  of DMU . These weights 𝓁 𝑅𝓁 𝓁

 a linear combination of efficient DMUs, which corresponds to the radial projection of the DMU yield

 onto the best-practise frontier. The slacks variables (resp. ) represent the surplus amount by 𝓁 𝑆 ―
𝑖   𝑆 +

𝑗

which an input (resp. output) could be reduced (resp. increased) to become a non-dominated solution, 
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i.e. a strongly efficient DMU25,26,51. The infinitesimal  in the objective function (Eq. 4) pre-empts 𝜀 > 0

the optimisation of the slacks and . When the optimal efficiency score is  and the slacks 𝑆 ―
𝑖   𝑆 +

𝑗 𝜃 ∗
𝓁 = 1

and  are all equal to zero, the DMU  is said to be strongly efficient; with an optimal efficiency 𝑆 ―
𝑖   𝑆 +

𝑗 𝓁

score of  but one or more non-zero slacks and , the DMU  is said to be weakly efficient. 𝜃 ∗
𝓁 = 1 𝑆 ―

𝑖   𝑆 +
𝑗 𝓁

The part of the best-practise frontier comprised of facets interpolating between strongly efficient 

DMUs is called the strongly efficient frontier, and the remaining part comprised of unbounded facets 

constitutes the weakly efficient frontier (see Figure 2 for an illustration). Lastly, when the optimal 

efficiency score is  and the slacks and  are all equal to zero, the radial projection of the 𝜃 ∗
𝓁 < 1 𝑆 ―

𝑖   𝑆 +
𝑗

DMU  lies on the strongly efficient frontier; with an optimal efficiency score of  and one or 𝓁 𝜃 ∗
𝓁 < 1

more non-zero slacks and , the radial projection of the DMU  lies on the weakly efficient 𝑆 ―
𝑖   𝑆 +

𝑗 𝓁

frontier. The corresponding hypothetical targets for the inputs and outputs along this radial projection 

are given by:

(10)𝑥proj
𝓁,𝑖 = 𝜃 ∗

𝓁 𝑥𝓁,𝑖 ― 𝑆 ―
𝑖 = ∑

𝑘 ∈ 𝑅𝓁
𝜆𝑘𝑥𝑘,𝑖

(11)𝑦proj
𝓁,𝑗 = 𝑦𝓁,𝑗 ― 𝑆 +

𝑗 = ∑
𝑘 ∈ 𝑅𝓁

𝜆𝑘𝑦𝑘,𝑗

All of these DEA concepts and principles will be illustrated below for the motivating example 

introduced earlier. 

Note that the LP model (4)-(9) is input-oriented (IO) and of constant returns to scale (CRS) 

type, since an inefficient unit is turned into efficient through a proportional radial reduction of its 

inputs, while keeping the same proportional level of outputs. Alternative output-oriented (OO) models 

may be considered instead, which maximise the outputs while keeping the inputs constant. The 

efficiency frontier is identical in both IO and OO models, yet the targets and reference sets for the 

inefficient units can differ. Others DEA models are of variable returns to scale (VRS) type, whereby the 

inputs and outputs are no longer required to change proportionally. For instance, a VRS type model 

may be derived from a CRS type one by adding the scalar linear constraint  into the LP ∑𝐾
𝑘 = 1𝜆𝑘 = 1
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dual CCR model (Eqs. 4-9). Ultimately, the selection of the appropriate DEA model is of course 

dependent on the case study at hand and the main purpose of the analysis25,44,52,53.

In the context of process synthesis and design, inputs often represent intakes of the process 

to be minimised (undesirable) while outputs are outlets to be maximised (desirable). There are 

exceptions to this rule nonetheless, such as pollutant emissions which are outlets that need 

minimising. In applying DEA as part of a life cycle assessment (LCA), it is convenient to normalize all of 

the efficiency indicators with respect to a functional unit, e.g. representing the production of 1 kg of 

product. Furthermore, this functional unit may be considered as the sole DMU output, with all the 

other efficiency metrics being regarded as DMU inputs via ad hoc linear transformations53–57. It is 

important to note that such a normalization does not affect the DEA results as radial projections are 

unit invariant51,58, and makes a VRS type model with constraint and a CRS type model identical.

Motivating example revisited: limitations of traditional DEA

We apply the input-oriented dual CCR model (Eqs. 4-9) to the motivating example introduced earlier 

(Table 1). In reference to the functional unit, we define the production indicator of 1 kg as the only 

output. Then, we treat both the cost and GWP as inputs to be minimised, despite the second being an 

undesirable output of the process59. 

According to the DEA results in Figure 2, the designs A, B, C and D are efficient ( ) since 𝜃 ∗
𝓁 = 1

neither of these units have both a higher cost and higher GWP than any other unit (for the same 

output level). These units correspond to the vertices of the strongly efficient frontier and can be used 

as benchmarks for the inefficient designs. Conversely, the designs E, F and G are inefficient ( ) 𝜃 ∗
𝓁 < 1

since they have a higher cost and GWP than one or more units on the efficient frontier A – D; that is, 

they are dominated. 

Take the inefficient unit G as an example. The hypothetical target for G to become efficient is 

obtained via radial projection onto the efficiency frontier, which gives rise to the hypothetical unit g. 

The efficiency score of  quantifies the ratio between the distance  from the projected 𝜃 ∗
G = 0.75 Og

target to the origin and the distance  from the actual unit to the origin. The hypothetical design g OG
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is a linear combination of the efficient designs B and C, which define the peer group  for G. The 𝑅G

weights in this linear combination are computed as , and so reducing both the cost and 𝜆B = 𝜆C = 0.5

GWP of the design G by 25%, that is down to 2.25 US$ and 3.75 kgCO2eq, would make G competitive 

with B and C.

In some cases, the radial projection may lead to weakly efficient units, as in the case of the 

design E. The projection of E lies on the weakly efficient frontier since it is dominated by A. The slack 

variable for the cost is equal to at this point, indicating the need for a further cost 𝑆 ―
cost = 1 US$ 

reduction of 1.00 US$ before the projection can become strongly efficient; the corresponding target 

e is identical to the design A in this case.

Clearly, the targets derived from DEA can play a key role in process design by spotting 

weaknesses of candidate processes. Unfortunately, two major limitations arise on applying the 

standard DEA to the assessment of chemical flowsheets. Firstly, a radial projection might not be the 

best choice since the projected solutions could lie far away from the original operating conditions of 

the unit and thus require drastic changes. Alternative projections could be employed instead, e.g. 

based on other metrics60–66. Secondly, and perhaps more importantly, a projected target could be 

unreachable in practice since the entire DEA study is carried out using data points only, without any 

knowledge about the physical limits of the underlying process system. 

Turning our attention back to the motivating example and considering the theoretical 

minimum consumption of raw material and energy, we find that the minimal attainable GWP is  

. Therefore, the radial projection target of 3.75 kgCO2eq 1.25 × 0.57 + 1.01 × 3.35 = 4.1 kgCO2eq

cannot be reached here. This calls for a new DEA model that is tailored to process synthesis and design, 

whereby more information about the process is exploited to render the targets as realistic as possible. 

The following section describes one such framework in order to overcome these two limitations.

Novel DEA approach tailored to process synthesis and design

The proposed DEA framework comprises three steps, which are depicted in Figure 3 and detailed next.
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Step 1. The first step consists of gathering information from a detailed process simulation of 

the candidate design in order to develop a simplified input-output model representation to be used 

in the DEA model in Step 2. The detailed simulation can be conducted in any process simulation 

environment, such as Aspen HYSYS®67 or gPROMS68. The simplified input-output model describes the 

elementary mass and energy streams entering and leaving the control system. In essence, these 

equations should relate a set of elementary mass and energy flows  ( ) to the KPIs, treated Z𝑓 𝑓 = 1…𝐹

either as DMU inputs or outputs . For instance,  could comprise the flows 𝑥𝓁,𝑖(Z1,…,Z𝐹)  𝑦𝓁,𝑗(Z1,…,Z𝐹) 𝑍𝑓

of raw materials and utilities (e.g. thermal energy and electricity) in connection to DMU inputs, or 

products, emissions and wastewater in connection to DMU outputs. In turn, thermodynamic limits in 

the system can be enforced by restricting the flows, e.g. in the form of inequality constraints 𝑔

, and these restrictions are then reflected on the KPIs. For instance, these constraints (Z1,…,Z𝐹) ≤ 0

could represent the minimum amount of raw materials and energy that the process would consume 

under the assumption of a 100% yield and a full heat integration of streams to meet the minimum 

utility requirements dictated by a composite curve. In practice, one may also wish to vary certain 

parameters, such as unit prices or impact intensities, based on which the KPIs are calculated. 

Restrictions could be imposed on the range of these parameters, in a similar manner as the inequality 

constraints on the mass and energy flows before.

Step 2. In the second step, the simplified input-output model from Step 1 is combined with a 

closest-target DEA model, based on work by Aparicio et al.63. Our enhanced DEA model projects 

inefficient DMUs onto the efficient frontier by minimising the distance to target (according to a given 

metric), while accounting for the thermodynamic limits of the process so as to prevent unrealistic 

targets. A certificate of infeasibility for this model is an indication that the candidate design may not 

be projected onto the efficient frontier within the design envelope dictated by the thermodynamic 

limits. The model takes the form of a mixed-integer program, either linear (MILP) or nonlinear (MINLP) 

depending on the nature of the simplified input-output model. Given the of all strongly efficient 
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processes and , as determined from the repeated solution of the LP model (4)-(9), the 𝐸 ⊂ {1,…,𝐾}

targets for an inefficient DMU  are computed from:𝓁 ∉ 𝐸

(12)min  ∑𝐹
𝑓 = 1|𝑍𝑓 ― 𝑍ref

𝑓

𝑍ref
𝑓

| 
(13)  s.t.  ∑𝑘 ∈ 𝐸𝜆𝑘𝑥𝑘,𝑖 = 𝑥𝓁,𝑖(Z1,…,Z𝐹),   𝑖 = 1…𝐼

(14)          ∑𝑘 ∈ 𝐸𝜆𝑘𝑦𝑘,𝑗 = 𝑦𝓁,𝑗(Z1,…,Z𝐹),  𝑗 = 1…𝐽

(15)          𝑔(Z1,…,Z𝐹) ≤ 0

(16)           ∑𝐼
𝑖 = 1𝑢𝑖𝑥𝑘,𝑖 = ∑𝐽

𝑗 = 1𝑣𝑗𝑦𝑘,𝑗 + 𝑑𝑘 = 0,  ∀𝑘 ∈ 𝐸

(17)           𝑑𝑘 ≤ 𝑀(1 ― 𝑏𝑘),  ∀𝑘 ∈ 𝐸

(18)         0 ≤ 𝜆𝑘 ≤ 𝑀𝑏𝑘,  ∀𝑘 ∈ 𝐸

(19)           𝑏𝑘 ∈ {0,1},  ∀𝑘 ∈ 𝐸

(20)          𝑑𝑘 ≥ 0,   ∀𝑘 ∈ 𝐸

(21)          𝑢𝑖 ≥ 1,  𝑖 = 1…𝐼

(22)          𝑣𝑗 ≥ 1,  𝑗 = 1…𝐽

The main degrees of freedom in this model are the modified mass and energy flows  in  𝑍𝑓

order to make the DMU  efficient. The objective function in Eq. (12) minimises relative deviations 𝓁

between  and the original flows . The improvement targets are enforced in Eqs. (13)-(14), where 𝑍𝑓 𝑍ref
𝑓

  have the same interpretation as in the dual CCR model (4)-(9). These targets are the weights  𝜆𝑘

constrained by thermodynamic limits in the system via the generic inequality constraints in Eq. (15). 

The linear constraints in Eq. (16) combined with the big-M constraints in Eqs. (17) and (18) determine 

the peer group of the DMU . A binary variable  equal to 1 indicates that the DMU  belongs to the 𝓁 𝑏𝑘 𝑘

peer group, in which case  and , and the corresponding weight  can 𝑑𝑘 = 0 ∑𝐼
𝑖 = 1𝑢𝑖𝑥𝑘,𝑖 = ∑𝐽

𝑗 = 1𝑣𝑗𝑦𝑘,𝑗 𝜆𝑘

be adjusted freely (provided that the constant M is set to a large enough positive value)63. Otherwise, 

having  equal to 0 forces  when the DMU  does not belong to the peer group of the DMU .𝑏𝑘 𝜆𝑘 = 0 𝑘 𝓁
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Figure 4 presents a flowchart summarizing the workflow in the second step of the proposed 

framework (Figure 2), which is broken down into three sub-steps: 

o Step 2.1. Definition and normalization of attributes. The attributes are classically labelled as 

inputs or outputs according to whether they are to be maximised (DMU outputs) or minimised 

(DMU inputs). A tailored approach to sustainability assessment in process synthesis and design 

entails the selection of a single DMU output, corresponding to the functional unit in LCA; while 

all of the economic, environmental and social indicators are normalized in reference to the 

functional unit, possibly with a negative sign to enable their minimisation.

o Step 2.2. Characterization of efficient frontier. Determine the set E of (strongly) efficient 

alternatives from the repeated solution of the dual CCR model (4)-(9). This set serves as 

benchmark in setting improvement targets for an inefficient candidate design.

o Step 2.3. Target setting within thermodynamic limits. Quantify improvement targets for any 

inefficient design by solving the closest-target mixed-integer optimisation model (12)-(22), which 

embeds the simplified model obtained in Step 1 of the framework. The targets given by Eqs. (13)-

(14) are guaranteed to be consistent with the thermodynamic limits of the process; or, else a 

certificate of infeasibility is returned, which indicates that the candidate design cannot be 

projected onto the efficient frontier without violating the process thermodynamic limits.

Step 3. This final step seeks to exploit the results of the previous Step 2 in either one of two 

ways. In case the closest-target mixed-integer optimisation model (12)-(22) is feasible, one may feed 

the optimised mass and energy flows back into a detailed process simulator and take further 

corrective actions as appropriate. Naturally, one could also investigate process updates in order to 

move beyond the efficient frontier and make a candidate design more sustainable than its peers. If 

the projection is otherwise proven to be infeasible, one may identify the main factors that prevent the 

process from reaching the efficient frontier, and be in a position to provide guidelines for further 

technological developments. 
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Motivating example revisited: application of enhanced DEA

We now revisit the motivating example and follow the enhanced DEA framework delineated in Figure 

3. In Step 1, we consider a simplified input-output model of the candidate process G relating the GWP 

indicator and specific cost to the mass and energy flows:

(23)          𝑥G,GWP = 𝑍rm𝐼rm + 𝑍en𝐼en

(24)          𝑥G,cost = 𝑍rm𝐶rm + 𝑍en𝐶en

(25)              𝑍rm ≥ 1.25 kg/kg

(26)                𝑍en ≥ 1.01 MJ/kg

The GWP impact and cost associated to design G ( ) in Eqs. (23)-(24) are functions 𝑥G,GWP, 𝑥G,cost

of the elementary flows of raw material ( ) and energy ( ), treated as degrees of freedom next; 𝑍rm 𝑍en

whereas their respective environmental impact intensities ( ,𝐼rm = 0.57 kgCO2eq/kg  𝐼en = 3.35 kg

) and unit cost ( ) are treated as parameters in the CO2eq/MJ 𝐶rm = 0.94 US$/kg ,𝐶en = 0.32 US$/MJ

model. The restrictions in Eqs. (25)-(26) account for the physical limits of design G, which were 

described earlier in the example definition.

The results of Step 2 are presented in Figure 5. We first solve the dual CCR model (4)-(9) to 

characterize the efficient frontier. The designs A – D are found to be efficient, while the designs E – G 

are inefficient. To quantify the feasible improvement targets and the peer designs to be used as 

benchmark, we apply the enhanced closest-targets model (12)-(22) and compare the projected point 

to the radial projection from model (4)-(9). We have reported earlier that the radial projection target 

(point g) has a GWP impact of 3.75 kgCO2eq and a specific cost of 2.25 US$, which lies outside the 

theoretical limits of the system. By contrast, the enhanced closest-target DEA (point G*) yields a GWP 

impact of 4.42 kgCO2eq and a specific cost of 2.03 US$. The latter target is consistent with the physical 

limits that govern the process and accordingly, the candidate design G may reach the efficient frontier 

under realistic flow conditions. Nevertheless, since a simplified input-output representation of the 

flowsheet is employed in the calculations, these targets could still be infeasible in the original 

simulation model. More detailed models could be used instead in the enhanced DEA problem (12)-
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(22) to yield more reliable predictions, yet at the price of introducing nonlinearity and nonconvexity 

in the optimisation. Note that target G* reaches the efficient frontier, and so these targets will ensure 

that G becomes competitive. 

Case study in liquids fuels for transportation 

We illustrate the capabilities of the enhanced DEA framework through the sustainability assessment 

of liquid fuels for transportation, which could be potentially employed in the automotive fleet 

powered by internal combustion engines. According to the International Energy Agency69, the total 

volume of emissions has kept increasing over the last two decades, showing an average annual growth 

rate of 2.2% since 2002. Out of the total CO2 emission reported in 2015, the transport sector was 

responsible for 24%, which represents 7.7 GtCO2eq69. 

Our main objective is to assess methanol with H2 derived from fossil fuels, and compare it with 

ten alternative transportation liquid fuels (see Table 3), including gasoline, bio-gasoline, Fischer-

Tropsch naphtha from natural gas, ethanol produced from three different processes and feedstocks 

(i.e. corn, sugarcane, switchgrass), liquid hydrogen produced from three fuel sources (i.e. natural gas, 

coal, biomass), and methanol employing electrolysis powered by wind as a source of H2. The methanol 

production process of interest is based on work by Gonzalez-Garay and Guillén-Gosálbez70, where CO2 

captured from power plants using amines reacts with H2 generated from the cracking of fossil fuels71. 

If this process were found to be inefficient, a further objective is to quantify practical improvement 

targets that would make it competitive.

The scope of our analysis follows a well-to-wheel (WTW) approach, which is further 

decomposed into well-to-pump (WTP) and pump-to-wheel (PTW) contributions72. This approach 

assesses a fuel from the procurement of its feedstock until its combustion in the engine, thus 

neglecting the emissions associated with the manufacturing and recycling of the vehicles.

Two indicators are used to assess the performance of the liquid fuels: the total driving cost 

(DC) and the global warming potential (GWP) per driven mile. Both indicators are defined as inputs to 
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be minimised, while the output is set to 1 driven-mile. The choice of 1 driven-mile as the functional 

unit (rather than 1 kg of fuel) is motivated by the need to compare different types of fuels fulfilling the 

same function. Notice that GWP is physically an undesirable output of the process, but we treat it as 

a desirable input to be minimised instead, based on earlier considerations. This analysis could be 

extended by considering other economic, environmental and social aspects.

The DC of fuel comprises the total costs of production (TC) and the transportation costs (TrC). 

The former includes the costs associated with procuring the fuel feedstock, its transportation to the 

conversion facility as well as the capital and operation and maintenance costs of the conversion 

facility. The second includes the capital and infrastructure costs required to transport the fuel from 

the refinery to end-users. Cost data for all the fuels were sourced from the International Energy 

Agency report on production cost of alternative liquid fuels73. For our methanol process of interest, 

the  was estimated from detailed process simulations70, while the  was obtained from a report TC TrC

of the International Energy Agency report73. 

The GWP indicators that quantify the environmental impact of the fuels follow a WTW 

approach and account for the emissions of CO2, CH4 and NOX, expressed as CO2-equivalent and 

projected to 100 years. GWP data for all the fuels were obtained from the GREET Software®72, except 

for methanol employing electrolysis (85-MeOHre) which is sourced from the LCA study by Bhandari et 

al.74. For our methanol process of interest, WTP emissions were calculated based on a simplified model 

derived from detailed process simulations70, and their associated environmental impact intensities 

were sourced from the Ecoinvent database71. PTW emissions were computed from the Greet 

Software72. More details about the simplified input-output models are given in the results section 

below. 

Results

We present and discuss the case study results by following the steps in the enhanced DEA framework 

(Figure 3 and Figure 4). 
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Step 1. A linear model relating both selected KPIs (  and ) to mass and energy flows is DC  GWP

derived from detailed simulations70 of the methanol production process of interest (85-MeOHf). The 

flows  (Figure 6) comprise the two feedstocks CO2 and H2, the thermal and electric energy utilities, 𝑍𝑓

the methanol product, the water by-product (to be treated), and the CO2 emissions attributed to the 

energy generation. The complete set of costing and impact parameter values are reported in Table 2, 

alongside the corresponding data source. 

The total driving cost (Eqs. 27-30) reflects the cost of the fuel per driven distance from the 

acquisition of raw materials up to the stage where the fuel is burnt in the engine:

DC = 0.85 DCMeOH + 0.15 DCG  (27)

DCMeOH = TPC + TrC  (28)

TPC = VPC + FPC + ACC  (29)

 VPC =
𝑌v

𝑍MeOH LHVMeOH
∑

𝑓𝑍𝑓𝐶𝑓
 (30)

For a blend containing 85% of methanol (M85), DC consists of the cost of the methanol ( ) and DCMeOH

gasoline ( ).  is considered a constant, while  is calculated as the sum of the total DCG DCG DCMeOH

production cost ( ) and transportation cost ( ) of the methanol.  is considered a constant TPC TrC TrC

since it is not influenced by design or operation decisions, whereas  is computed as the sum of the TPC

variable production cost ( ), the fixed cost of production ( ), and the annualised capital cost (VPC FPC

). The latter two are considered constants since they represent only around 20% of the 70. ACC TPC

 is calculated from the mass and energy flows  and their associated unitary costs . The VPC 𝑍𝑓 𝐶𝑓

parameters ,  and  representing the methanol flow, methanol lower heating value,  𝑍MeOH LHVMeOH 𝑌v

and vehicular yield, respectively, are used as conversion factors.

The of the methanol-gasoline blend (Eqs. 31-33) is computed according to: GWP 

GWP = GWPWTP + GWPPTW  (31)

Page 50 of 121

AIChE Journal

AIChE Journal

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For peer review only

GWPWTP = 0.85 GWPWTP
MeOH + 0.15 GWPWTP

G
 (32)

 GWPWTP
MeOH =

𝑌v

ZMeOH LHVMeOH
∑

𝑓𝑍𝑓𝐼𝑓
 (33)

The  of the fuel relies on a WTW approach, summing the emissions from the stages of WTP (GWP

) and PTW ( ).  is considered constant since PTW emissions are not GWPWTP GWPPTW GWPPTW

influenced by changes in the manufacturing phase.  is made up by emissions related to the GWPWTP

production of methanol ( ) and gasoline ( ). Finally,  is calculated from the GWPWTP
MeOH GWPWTP

G GWPWTP
MeOH

mass and energy flows  and their associated unitary impact ( ) 71,74.𝑍𝑓 𝐼𝑓

Step 2. We link the simplified model (Eqs.27-33) for the methanol process obtained previously 

with the closest-target DEA model (Eqs. 12-22), and we solve it to identify the mass and energy flows 

that enable the projection of our fuel 85-MeOHf onto the efficient frontier with minimum changes 

with respect to the original flows or costs. This step entails the following sub-steps:

Step 2.1. All of the fuel alternatives (DMUs) are shown in Table 3, along with their respective 

attributes. DC and GWP are considered as inputs, while the output is defined as a 1 constant mile for 

the whole set of fuels. As mentioned before, instead of considering one kilogram of product/fuel, here 

we consider one driven mile since it enables comparison of different fuels meeting the same function. 

It also takes into account the efficiency of the fuels during the combustion in the type of car engine 

employed (spark-ignition internal combustion engine vehicle)72. Some liquid fuels are blends 

containing 15% of regular gasoline. This assumption is made in order to consider the same engine 

efficiency and type of car, thereby avoiding the need to include the impact embodied in the 

manufacturing of the car in all of the cases (such impact now cancels out as all the fuels require the 

same type of vehicle). 

Step 2.2. We solve the dual CCR model (4)-(9) for all 11 fuels in order to identify the set E of 

(strongly) efficient alternatives. The results in Figure 7a show that 4 fuels are efficient ( ), 𝜃 ∗
𝓁 = 1

namely gasoline, EtOHsc-85, Bio-gasoline and 85-MeOHre. Gasoline shows the lowest price, but the 
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second highest GWP, being overcome only slightly by FT-naphtha. Ethanol from sugarcane has a very 

similar cost to gasoline, but a lower GWP. Bio-gasoline and methanol based on H2 from renewable 

electrolysis are the cleaner fuels, showing the lowest GWP. On the other hand, ethanol from corn or 

switchgrass, liquid hydrogen from coal, natural gas or biomass, and our fuel of interest (85-MeOHf) 

are all deemed inefficient. The comparison in Figure 7b confirms that liquid H2 from coal, natural gas 

and biomass perform significantly worse than the other fuels, both in terms of DC and GWP. This is 

principally due to the high cost and energy consumption associated to the transport and storage 

stages72,73. Observe also that our fuel 85-MeOHf shows the second highest DC, just behind methanol 

employing renewable electrolysis as source of H2 (85-MeOHre).

Step 2.3. Having determined the reference set E of efficient fuels, we now turn to the task of 

determining improvement targets for our fuel 85-MeOHf, by embedding the simplified model of the 

fuel attributes in terms of the process mass and energy flows (Eqs. 27-33) into the enhanced closest-

targets DEA model (Eqs. 12-22). We consider the following three illustrative cases:

Case 1: The flow of H2 is a variable, with lower-bound given by:

𝑍H2 ≥ 𝑍L
H2

 (34)

This lower bound = 10.34 tH2/h is derived from the stoichiometry ratio between H2 and methanol 𝑍L
H2

in reaction R1 and the production rate of methanol (see Figure 6). All the other flows  and costs  𝑍𝑓 𝐶𝑓

are fixed. 

Case 2: The cost of H2 is a variable, without setting any lower-bound on this cost, while all the 

mass and energy flows and the other cost are constant. Also modify the objective function in Eq. (12) 

to minimise the deviation with respect to the current hydrogen cost, . |𝐶H2 ― 𝐶ref
H2

𝐶ref
H2

|
Case 3: The flow of H2 is a variable, with the same lower-bound as in Eq. (34), and H2 may be 

produced from two different sources (Eq. 35), namely fossil fuels ( ) and wind-powered 𝑍H2,ff

electrolysis74 ( ):𝑍H2,re
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𝑍𝐻2 = 𝑍𝐻2,𝑓𝑓 + 𝑍𝐻2,𝑟𝑒  (35)

The results for the three case studies are shown in Figure 7 and Table 4. Case 1 is proved to 

be infeasible. Therefore, our fuel 85-MeOHf cannot be projected onto the efficient frontier by 

modifying the sole flow of H2 subject to the stoichiometric limit given by Eq. (34). In Case 2, it is found 

that 85-MeOHf could reach the target defined by its peers, 85-EtOHsc and Bio-gasoline, on the efficient 

frontier, but this would call for a 60% reduction in H2 price, down to 1.17 US$/kg (see Figure 7b). In 

practice however, such a large drop in H2 price is unlikely in the foreseeable future given the current 

state-of-the-art in H2 production technology73,74. In case 3, it is found that 85-MeOHf could also reach 

the target set by its peers, 85-MeOHre and Bio-gasoline, on the efficient frontier, by allowing for a mix 

of H2 from fossil fuels and wind-powered electrolysis in addition to reducing the flow of H2 to the 

production process (see Figure 7b). This projection increases DC by 7.9% and reduces GWP by 9.4% 

with respect to their initial values in Table 3. It is enabled by: (i) the reduction of the total H2 flow to 

the stoichiometric lower bound , which represents a decrease of 14.5% compared with 𝑍L
H2 (Eq. 34)

the initial H2 flow in Figure 6; and (ii) the use of a 26-74% mix of H2 from fossil fuels and wind-powered 

electrolysis, respectively, which suggests that our fuel 85-MeOHf may only become competitive upon 

substituting a majority of the H2 feedstock from fossil fuels by a more sustainable production route, 

despite the resulting increase in fuel price. Notice that one cannot extend the projection beyond the 

efficient frontier in this case, because it would result in a violation of the stoichiometric constraint 

. However, a modified projection can be assessed, whereby the flow of  is maintained at (Eq. 34) H2

the stoichiometric lower bound , while sourcing 100% of this flow from wind-powered electrolysis 𝑍L
H2

( ). The resulting projection crosses the best-practise frontier and improve on 𝑍𝐻2 = 𝑍𝐻2,𝑟𝑒,  𝑍𝐻2,𝑓𝑓 = 0

the existing fuel 85-MeOHf (which is not operating at stoichiometric minimal  flow), by reducing H2

both its DC and GWP.

Step 3. With the results of the closest-target DEA model in hand, we may either identify the 

main limitations that prevent the methanol fuel 85-MeOHf from becoming sustainable and establish 
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work guidelines for promoting its competitiveness; or else update the methanol process conditions 

(H2 flow and price herein) that render our fuel 85-MeOHf competitive.

Discussion

Our results show that the methanol fuel 85-MeOHf could become competitive with other fuels, either 

by allowing a significant reduction in the H2 price, or by considering alternative sources of H2 with a 

lower GWP across their entire life-cycle. The finding that 85-MeOHf becomes competitive upon 

combining H2 flows from fossil-fuel and renewable feedstocks in order to reduce the GWP at the cost 

of a higher DC, is new. Moreover, the finding regarding the H2 price concurs with the results of other 

studies70,75 looking at the production of methanol from captured CO2 and H2, which have also 

identified the H2 price as a major impediment to economic competitiveness. Although the projected 

H2 price of 1.17 US$/kg appears unrealistic as of today, our results help identify technological gaps 

and bottlenecks in the methanol production, where further efforts should be directed to enhance its 

competitiveness. For instance, our results suggest that one mechanism could be sponsoring research 

programs concerned with the lowering of H2 production costs. Furthermore, it is worth pointing out 

that many renewable energy sources, such as wind, solar photovoltaic and biofuels, rely on policies 

such as consumption subsidies, mandated minimum levels of consumption and other market 

incentivisation76–78, in order to be economically competitive with fossil fuels. In that sense, another 

approach which is gaining attention could be to penalise fossil fuels, or to compensate cleaner fuels, 

according to their externalities76,79–82, thereby accounting for the real cost. Fossil fuels could be 

subjected to emission taxes on the basis of the negative externalities related to travelled miles, such 

as local air pollution and GHG emissions, land use, water pollution and loss in biodiversity82. 

Conversely, cleaner fuels such as biofuels and methanol could be subsidised on the basis of their 

positive externalities, such as decreasing harmful emissions, increasing energy independency and 

other social benefits. We have shown that another approach to making the methanol fuel 85-MeOHf 

competitive could be sourcing H2 from renewables, for instance wind-powered electrolysis, instead of 

(or in combination with) fossil-derived H2. This corresponding reduction in GWP could indeed 
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compensate for the higher methanol fuel price. To sum up, all of these approaches could be deployed 

to boost the methanol fuel 85-MeOHf, whose widespread use would not only help mitigate climate 

change, but also help reduce reliance on fossil fuels until electric cars eventually take off. 

We have already pointed out that the transportation sector is responsible for 24% of the total 

CO2 emissions, coming second after the electricity sector69. In this context, our framework provides a 

valuable tool for researchers and decision-makers to: (i) assess new or emerging processes that could 

potentially produce more sustainable fuels and therefore help tackle the reduction target in CO2 

emissions (based on their comparison with current fuels technologies while considering several 

sustainability KPIs simultaneously); (ii) understand why a certain fuel underperforms in comparison 

with others, thereby providing useful insight on how to improve emerging fuels which have the 

potential to become sustainable through targeted modifications; and (iii) provide realistic conditions 

during the targeting phase, which do not violate the thermodynamic limits of the underlying fuel 

production process and therefore make the targeting more reliable.

Conclusions

This paper has presented a systematic framework for improving the sustainability of chemical 

processes, based on the synergistic combination between DEA and process synthesis tools. Our 

framework improves the capabilities of standard DEA models and process targeting methodologies by 

providing realistic targets for suboptimal processes. Its main advantages are four-fold: (i) It remains 

applicable in the presence of multiple sustainability KPIs; (ii) It discriminates between the efficient and 

inefficient options among a set of candidate process designs, thereby defining a best-practise frontier 

which can be used as a benchmark for improving the inefficient process designs; (iii) It identifies 

quantitative targets for the inefficient process, which are at a minimum distance of the best-practise 

frontier in terms of mass and energy flow modifications; and (iv) It defines realistic targets that 

account for the thermodynamic limits of the underlying process, by embedding a (simplified) model 
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of the sustainability KPIs in terms of the process mass and energy flows into the enhanced closest-

targets DEA model. 

The framework has been demonstrated on a real-life case study, for assessing the economic 

and environmental performance of a new methanol fuel (85-MeOHf) utilizing CO2 captured from 

power plants and H2 sourced from fossil fuels, in comparison with ten existing liquid fuels employed 

in the automotive fleet powered by internal combustion engines. Application of the DEA framework 

reveals that gasoline, ethanol from sugarcane-gasoline blend, bio-gasoline, and methanol employing 

H2 from wind-based electrolysis result are efficient and thereby define the best-practise frontier. On 

the other hand, none of FT-naphtha, ethanol from switch grass-gasoline blend, ethanol from corn-

gasoline blend, the three H2-based fuels from biomass, natural gas and coal, and the methanol fuel 

85-MeOHf are competitive in view of their higher cost and GWP. Regarding the methanol fuel 85-

MeOHf more specifically, the closest-targets DEA model has helped to quantify realistic and attainable 

operational targets that would make it competitive with all its peers in terms of cost and GWP. The 

current price of H2 is a major impediment to the economic competitiveness of MeOHf, a finding which 

is in agreement with other research studies. The sole reduction of the flows of H2 from fossil fuels does 

not allow to reach the best-practise frontier when the stoichiometric limits are taken into account. 

However, if flexibility is introduced in the H2 source by mixing H2 from fossil fuels and wind-powered 

electrolysis, it is found that MeOHf could indeed become competitive due to a reduction in GWP 

despite an increase in price.

Apart from employing the enhanced DEA framework to promote a more sustainable chemical 

industry, applications could be in other areas of sciences and engineering as well. This framework aims 

to support decision- and policy-makers in the systematic assessment and selection of the best 

alternatives, but also to provide practical targets for improving the sustainable level of current 

alternatives. In the context of this work, it provides a tool for decision-makers to discriminate among 

a set of process designs, the principal sources of inefficiency, the definition of improvement targets, 

and the quantification of feasible material and energy flows to reach those targets. Lastly, subject to 
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further analysis, the proposed framework could provide valuable insight for identifying technological 

gaps that deserve future research efforts. 
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Figure 2. Results of standard DEA (input-oriented dual CCR model) applied to the motivating example. 

Designs deemed as efficient are represented by green points. The solid blue line connecting them 

denotes the strong efficient frontier. The weak efficiency frontier is represented by a dashed blue line. 

The inefficient designs are shown using red circles, which are radially projected onto the strongly 

efficient frontier giving rise to the targets depicted with yellow circles. The radial projection of design 

G lies outside the thermodynamic limits of the process, delimited by the grey area. The radial 

projection of design E is on the weak efficient frontier, which activates the slack  in order to reach 𝑆 ―
cost

the strongly efficient frontier.
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Figure 3. Overall DEA framework for targeting in process synthesis and design.
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Figure 4. Workflow of Step 2 in enhanced DEA framework for targeting in sustainable process 

synthesis and design.
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Figure 5. Results of enhanced DEA (closest-target model with thermodynamic limits) applied to the 

motivating example. The efficient designs A – D are represented by green points, and connected by 

the strongly efficient frontier in solid blue line. The inefficient designs are shown using red circles, 

alongside their radial and closest-target projections as yellow and orange small circles, respectively. 

Unlike the radial projection g, the closest-target projection G* satisfies the thermodynamic limits of 

the process, as delimited by the grey area.
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Figure 6. Input and output mass and energy flows in the methanol process with H2 derived from fossil 

fuels (85-MeOHf).
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Figure 7. Results of the enhanced DEA framework applied to the transportation fuels case study: 
a) Efficiency assessment using dual CCR model; b) Closest-target DEA model for Cases 2 and 3.
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Table 1. List of chemical processes in the motivating example. All seven chemical process designs are 

characterised by two indicators to produce a given amount of final product. The assessment focusses 

on Process G.

Processes Cost (US$) GWP (kgCO2eq) Production (kg)

A 4.00 1.00 1.00

B 2.50 3.00 1.00

C 2.00 4.50 1.00

D 1.80 6.00 1.00

E 6.00 1.20 1.00

F 5.00 4.00 1.00

G 3.00 5.00 1.00
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Table 2. Economic and environmental information employed for computing the DC and GWP 

associated to methanol fuel.

Impacts
Component a𝐶𝑘 d𝐼𝑘

CO2 0 (US$/kg) -322.290 (kg CO2eq/t)
H2 cracking of fossil fuels 2680 (US$/t) 1700 (kg CO2eq/t)

H2 wind electrolysis 3804 (US$/t)e 970 (kg CO2eq/t)f

Heat recovery -0.008 (US$/MJ) -0.082 (kg CO2eq/MJ)
Electricity 0.015 (US$/MJ) 0.166 (kg CO2eq/MJ)

Cooling water 0.023 (US$/t) 0.303 (kg CO2eq/t)
H2O (treatment) 1.50 (US$/t) 0.501 (kg CO2eq/t)

Air emissions 0 1000 (kg CO2eq/t)
Parameters

 (US$/mi)aVCP 0.127
 (US$/mi)aFCP 0.013
 (US$/mi)aACC 0.021

 (kgCO2eq/mi)bTrC 0.015
 (kgCO2eq/mi)cGWPPTW 0.320
 (kgCO2eq/mi)cGWPWTP

G 0.101
 (t/h) aZMeOH 54.766
 (MJ/t)cLHVMeOH 34366

 (MJ/mi) c𝑌v 4.525
a70, b73, c72, d71, e83, f74

Page 75 of 121

AIChE Journal

AIChE Journal

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For peer review only

Table 3. DMUs and the attributes considered for the case study

Liquid Fuel Description  (US$/mi)𝐃𝐂  (kgCO2eq/mi)𝐆𝐖𝐏

Gasoline Petroleum refinery operation 0.083 0.420

85-EtOHc
* 85% of ethanol from corn 0.110 0.420

85-EtOHsc
* 85% of ethanol from sugarcane 0.085 0.370

85-EtOHsw
* 85% of ethanol from switch grass 0.133 0.390

Bio-gasoline
Renewable gasoline from pyrolysis 

of residual forest
0.121 0.290

FT-naphtha
Fischer-Tropsch naphtha from 

natural gas
0.091 0.480

H2ng Liquid hydrogen from natural gas 0.438 0.700

H2co Liquid hydrogen from coal 0.437 1.310

H2b Liquid hydrogen from biomass 0.460 0.380

85-MeOHre
*

85% of methanol from CO2 and H2 

from renewable electrolysis
0.2192 0.2873

85-MeOHf
*

85% of methanol from CO2 and H2 

from fossil fuels 
0.162 0.3320

*Liquid fuels blending 15% of regular gasoline. 
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Table 4. Results of the closest-target DEA framework applied to the transportation fuels case study.

Case Variable Target

1  (kg/h)𝑍𝐻2
Infeasible

2  (US$/kg)𝐶𝐻2
1.17 

 (t/h)𝑍𝐻2ff 2.70

3
 (t/h)𝑍𝐻2re 7.64
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