
This is an electronic reprint of the original article.
This reprint may differ from the original in pagination and typographic detail.

Powered by TCPDF (www.tcpdf.org)

This material is protected by copyright and other intellectual property rights, and duplication or sale of all or 
part of any of the repository collections is not permitted, except that material may be duplicated by you for 
your research use or educational purposes in electronic or print form. You must obtain permission for any 
other use. Electronic or print copies may not be offered, whether for sale or otherwise to anyone who is not 
an authorised user.

Velazquez Martinez, Omar; Van Den Bogaart, K. G.; Lundström, Mari; Santasalo-Aarnio,
Annukka; Reuter, Markus; Serna Guerrero, Rodrigo
Statistical entropy analysis as tool for circular economy: Proof of concept by optimizing a
lithium-ion battery waste sieving system

Published in:
Journal of Cleaner Production

DOI:
10.1016/j.jclepro.2018.12.137

Published: 01/03/2019

Document Version
Peer reviewed version

Published under the following license:
CC BY-NC-ND

Please cite the original version:
Velazquez Martinez, O., Van Den Bogaart, K. G., Lundström, M., Santasalo-Aarnio, A., Reuter, M., & Serna
Guerrero, R. (2019). Statistical entropy analysis as tool for circular economy: Proof of concept by optimizing a
lithium-ion battery waste sieving system. Journal of Cleaner Production, 212, 1568-1579.
https://doi.org/10.1016/j.jclepro.2018.12.137

https://doi.org/10.1016/j.jclepro.2018.12.137
https://doi.org/10.1016/j.jclepro.2018.12.137


Statistical Entropy Analysis as Tool for Circular 
Economy: Proof of Concept by Optimizing a Lithium-
Ion Battery Waste Sieving System 
 

O. Velázquez Martínez (1), K. G. Van Den Boogaart (2), M. Lundström (1), A. Santasalo-
Aarnio (1), M. Reuter (2), R. Serna-Guerrero (1)* 

 
(1) Department of Chemical and Metallurgical Engineering, School of Chemical Engineering, Aalto 

University, P.O. Box 16200, 00076 Aalto, Finland 
(2) Helmholtz Institute Freiberg for Resource Technology, Chemnitzer Str. 40, 09599 Freiberg, Germany 

 
*Correspondence to rodrigo.serna@aalto.fi 

Abstract 
With the concept of circular economy gaining strength as an alternative for the sustainable 
production of raw materials, there is an inherent need to develop methods capable of 
quantifying the efficiency of recycling systems, provide guidelines for optimization of existing 
technologies, and support the design of new products based on sound, scientific and 
engineering principles. The work hereby presented proposes the use of statistical entropy 
coupled with material flow analysis as a basis for the optimization of separation and 
purification processes. Unlike other efficiency parameters, this approach provides an analysis 
of component concentration or dilution from a systemic perspective, taking into consideration 
products, by-products and waste streams. As a proof-of-concept, a sieving process for waste 
lithium-ion batteries (LIB1) was chosen. It is demonstrated that using this approach it is 
possible to determine the stages that do not contribute to the concentration of components thus 
offering guidelines for process optimization. In the present case, the total number of sieving 
stages can be decreased with a minimum impact on the concentration of the products. In 
comparison, it is also shown that the widely accepted exergy analysis is not able to identify the 
opportunities for optimization due to the particular characteristics of this exemplary system, 
i.e., negligible change in energy consumption as a function of sieving stages and absence of 
chemical changes. Finally, the experimental results suggest that Al and Cu can be concentrated 
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using a simple sieving pre-processing step, perhaps in preparation for a subsequent refining 
stage.  
 
Keywords: Circular economy; material flow analysis; relative statistical entropy; lithium-ion 
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1. Introduction 
The impact of human activities on the planet has become so significant that some authors 
propose we are currently living in a new geological period dubbed the “Anthropocene” (Waters 
et al., 2016). Among the main characteristics defining this new age are the impacts related to 
climate change and the modification of the Earth’s crust geology with the generation of 
anthropogenic deposits, which are directly related with an increasing demand for raw materials 
and the associated generation of waste. The concept of circular economy (CE2), for example, 
was developed precisely to alleviate the impact of human activity on the environment as a result 
of an ever-increasing demand of raw materials. Although the circular economy philosophy was 
proposed as far back as the 1970’s, it has recently gained plenty of attention from the various 
stakeholders in the material value chain, i.e. industry, government and general public (Ellen 
MacArthur Foundation, 2013). Recycling systems represent one of the stages of the circular 
economy model, whose noble task is to reinsert into the economic process the raw materials 
after the end-of-life of products, thus reducing the need to extract virgin raw materials. 
However, recycling companies, like any other commercial enterprises, are driven by economic 
incentives and so, current recycling activities focus only on the recovery of materials with high 
value in the market. While this business approach is understandable, it does not fulfill the 
ultimate goal of a circular economy, since materials in which resources have been invested may 
end up in low-value or waste streams. CE does not only mean optimizing recycling systems, 
but also minimizing resource loss, and by consequence the future inputs. Indeed, it is well 
accepted that, in order to optimize a process, inputs and losses should be quantified and 
controlled (Gutowski, 2008). By keeping valuable materials within the economic cycle, i.e. 
reducing the losses and extending their useful lifetime, the necessity to obtain virgin raw 
materials from natural deposits will diminish, directly translating into the conservation of 
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natural resources. Consequently, a systemic analysis of the economic cycles from the material 
perspective becomes necessary. 

 
Figure 1 Circular economy model from a material-centric perspective. 

While various representations of the circular economy model are available in literature, Figure 
1 presents the material life cycle including a material-entropy evolution following the 
definition offered by the entropy of mixtures. Accordingly, the product life cycle operates by 
turning virgin raw materials of higher entropy into low entropy ones by processing and refining, 
and back into materials with high entropy levels, as it undergoes transformations into 
components, products, and eventually, waste. As represented by the lower part of Figure 1, 
every transformation step in the value chain is inherently associated with material and energy 
losses, depending on the efficiency of each process. This representation of CE also accounts 
for the possibility of different recovery actions, such as re-use, refurbish and recycle. It should 
be noted that material and energy losses are also inevitable in such regenerative processes. The 
current linear economic system is represented by the lower half of the loop (steps 1 to 7). The 
upper half of the loop is in charge of turning the economic system from linear to circular. Some 
researchers have described recovery processes as the inner loops of a circular economy, e.g., 
the consumer motivation to extend the lifecycle of ubiquitous products (Wieser and Tröger, 



2016). However, the latter have been mostly analyzed from the social perspectives, instead of 
the definition and/or optimization of recovery systems. The CE model presented in Figure 1 
describes those inner loops as a function of the usability of the final recoveries and the resource 
intensity of the processing technology. In the present work, the term usability is defined as how 
adaptable the recovered raw materials are for use in products different of those from where 
they were harvested. This approach is particularly necessary for the analysis of products 
containing materials with high degree of complexity, such as lithium-ion batteries (LIBs). 
Indeed, complex materials have the possibility to be reinserted into the economic cycle either 
as: i) components, ii) substances, or iii) pure chemical compounds or elements. For the sake of 
clarity, in the context of the work hereby presented the following definitions are used.  

i. Component: a functional constituent of a product 
ii. Substance: a heterogeneous mixture of compounds or elements 
iii. Compound: elements chemically bonded 
iv. Element: pure chemical elements 

The level at which these materials are reinserted results in a higher or lower degree of usability, 
but with the caveat of a proportionally higher degree of processing intensity (resource 
consumption) and waste generation. Figure 1 introduces a new dimension for the design of 
recycling systems, e.g., whether a process can use substances as raw material or whether 
additional resources should be invested to achieve a recovery of elements. A decision like this 
should be based on the losses and costs of the recycling systems. A clear and sound definition 
of the loops is not an easy task, as it should take into consideration the complexity of the end-
of-life products, the potential recycling steps (e.g., mechanical, hydrometallurgical, 
pyrometallurgical), and the potential quality of the possible recyclates. As will be described 
next, among the various alternatives to provide quantitative guidelines to define recycling 
systems. Material Flow Analysis (MFA3) coupled with information theory concepts, i.e. 
relative statistical entropy (RSE4), is an interesting tool to design and optimize recycling 
processes.  
MFA is a systematic assessment of the flow of a substance throughout a system within a defined 
system boundary, delivering a complete scope of the stock and flow of materials making 
evident the minor changes in it (Brunner and Rechberger, 2011). Reportedly, the application 
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of MFA and statistical entropy to different material flow systems has produced positive 
outcomes in the resource management field. This has been used, for example, to improve the 
efficiency of a smelting operation by locating losses (Bai et al., 2015), setting the base for an 
improved resource management by analyzing the Cu flow in Europe and P and N in Austria 
(Laner et al., 2017; Rechberger and Graedel, 2002; Sobantka et al., 2014), and as a tool to 
support waste management decisions (Rechberger and Brunner, 2002). Nevertheless, the use 
of this methodology has been focused on the description of the studied system and not applied 
as an optimization guideline for recycling systems. Optimization as a driver of economic 
development, is studied from multiple fronts. As example, (Abadías Llamas et al., 2019; Amini 
et al., 2007; Ignatenko et al., 2007) center their efforts into quantifying exergy losses in 
operations of copper production and recycling as an optimization driver towards CE. In 
parallel, (Bharani and Praveen Prakash, 2015; Gharaei and Pasandideh, 2016) describe an 
optimization approach from a supply-chain perspective, i.e. supplier, producer, wholesaler and 
retailer; (Gharaei et al., 2018, 2017; Gharaei and Pasandideh, 2017) by developing a model to 
obtain an ideal lot-size for supply chain. On the other hand, (Duan et al., 2018) optimizes 
machine maintenance scheduling based on stochastic constraints, while (Sobhanallahi et al., 
2016) reflects on the effect of managerial level decisions into organizational success. The wide 
variety of focus areas within the value chain in the aforementioned works reflect the interest 
on the study of optimization for the benefit of the circular economy. Indeed, parametrization 
of any process is a vital step to minimize losses (Gutowski, 2008). This work introduces a 
process optimization methodology by MFA and RSE employed to analyze pre-processing 
stages of LIB recycling, i.e. sieving system, as a proof-of-concept. Even though previous 
applications of MFA and RSE for resource management have brought positive outcomes (Bai 
et al., 2015; Laner et al., 2017; Rechberger and Brunner, 2002; Rechberger and Graedel, 2002; 
Sobantka et al., 2014) the present work reaches the point of process optimization upon which 
organizational decisions can be based.  
Admittedly, the use of exergy analysis to unveil the resource usage efficiency during recycling 
systems has been widely accepted (Amini et al., 2007; Ignatenko et al., 2007). However, these 
applications are mostly focused on thermal and chemical processes, setting aside physical 
separation processes. The treatment of LIB waste by sieving was chosen as proof-of-concept 
to demonstrate the positive impact of other types of analyses, namely statistical entropy 
analysis, on separation processes for process optimization. The present system was carefully 
selected to demonstrate the use of RSE vis-à-vis exergy, since: i) it depicts a concentration 



action of some the constituents while not presenting chemical changes under standard 
conditions of temperature and pressure, and ii) it entails a marginal impact on resource 
consumption upon addition or subtraction of sieving stages. Thus, as will be detailed, this is a 
system where the optimization of separation stages cannot be associated with changes in 
exergy. 

1.1 The relevance of LIB recycling 
The forecasted increase in production of LIBs in the upcoming years will potentially result in 
an large stream of end-of-life batteries, making them an important source of valuable materials 
(Pillot, 2016). The demand for LIB is associated with an increased market for electric vehicles, 
driven by government efforts and public awareness to decelerate global warming by limiting 
CO2 emissions (European Comission, 2014). Associated to it, an upsurge on the demand for 
raw materials for LIBs is expected. For example, the demand for cathode active materials was 
ca. 140,000 tons in 2015 and is forecasted to reach ca. 390,000 tons by 2025 (Pillot, 2016; 
Scott, 2017). Unfortunately, an estimate of 95% of the LIBs produced in Europe that reach an 
end-of-life point are not recycled, most of them ending as a fraction of landfilling material 
(Friends of the Earth, 2013; Heelan et al., 2016). This open loop in the economic system 
requires that all constituents of LIBs (Table 1) be mostly processed and manufactured from 
virgin raw materials.  

Table 1 Components of a common LIB. PVDF stand for Polyvinylidene Fluoride. 
Elemental form of LIB 

component LIB Constituent w/w% Component form of 
LIB  

Al Current Collectors ~13% Al foil 
Cu Cu foil 
Mn 

Cathode ~27% Li(MnNiCo)O2, 
LiFePO4 Co 

Ni 
Li Cathode / Electrolyte ~27% / ~10% Li(MnNiCo)O2, 

LiFePO4/ LiPF6 
C Anode ~17% Graphite 
Fe Casing ~25% Steel 

Others Binder / Separator ~4% / ~4% PVDF / Polymer 
 



As seen in Table 1, LIBs are not simple devices from the material perspective, as they contain 
a wide variety of components, especially in the electrodes and electrolyte (Georgi-Maschler et 
al., 2012; Heelan et al., 2016; Julien et al., 2014; Linden and Reddy, 2011; Nitta et al., 2015). 
By some accounts, the number of elements present in a LIB may further increase in the future, 
as new formulations are explored to offer higher energy capacity and a larger product life span 
(Goonetilleke et al., 2018; Hailey and Kepler, 2015; Heelan et al., 2016; Wang et al., 2014). 
Nevertheless, the fast-paced research and development in the LIB field is driven by a design-
for-performance approach that rarely considers its impact on the consumption of natural 
resources. 
State-of-the-art recycling systems, such as the Val’Eas process by Umicore, are mostly focused 
on the recovery of a few metallic components of LIBs (Diekmann et al., 2017; U.S. Department 
of the Interior and U.S. Geological Survey, 2017). Co is of interest due to its high market value, 
while Al, Cu and Fe are targeted due to their relative simple recovery and refining through 
pyrometallurgical processes. However, the remaining compounds and elements (e.g., Ni, Li, 
Mn, C, PVDF) are either lost or downgraded since their current market value makes their 
recovery uneconomical using State-of-the-Art recycling technologies (Pistoia, 2014; Porvali et 
al., 2019). Recent works suggest that the addition of mechanical processing operations, e.g. 
crushing, sieving, can be used to improve the recovery of materials from LIB waste (Al-
Thyabat et al., 2013). Emerging LIB recycling technologies (e.g., Accurec, Gratz, LithoRec, 
and OnTo) reportedly recover a larger variety of compounds compared to industrial processes 
by including more intensive mechanical pre-processing operations. Emerging recycling 
processes for LIBs also consider the use of low temperature hydrometallurgical processes to 
prevent losses associated with high-temperature pyrometallurgical refining (Porvali et al., 
2019). These processes with higher recovery efficiency bring us closer the CE concept, 
however their benefits may be dimmed as additional operations are bounded to systemically 
increase the generation of waste (Al-Thyabat et al., 2013; Swain, 2017; Zhang et al., 2013). 
Thus, it is of great importance to benchmark the performance of recycling systems based on a 
systemic analysis of their resource consumption, quality of recovery and material loss into 
waste streams. 

2. Materials and Methods 
The present chapter describes the methodology to apply RSE analysis on experimental data, 
using mechanical processing, i.e. the separation of shredded LIB waste as case study. Hereby, 



the mathematical background for the calculation of RSE is introduced, followed by the 
application of MFA and RSE to the sieving system under study. Finally, the background for 
exergy analysis applied to the sieving system is presented, as it will be used for comparison 
with the methodology hereby proposed.  

2.1 Physical and Chemical Characterization of LIB Waste 
The samples of crushed LIB waste fractions were obtained directly from the facilities of a 
Finnish battery recycling company. As the sample comes from industrial operations, it is 
expected to contain multiple types of LIBs, rather than a single battery chemistry. The company 
performed a preliminary sieving directly after crushing as part of their regular operations and 
thus, it was not possible to obtain a crushed sample without this preliminary separation. The 
total weight of the mixed sample used in the sieving experiment was 189 g. Even though the 
fractions were received without further information, some differences in their physical 
appearance were evident.  

i. Fraction A (Figure 2, A) appears to be formed mostly by metallic foils, likely 
conformed by Al, Cu, and Fe.  

ii. Fraction B (Figure 2, B) is mainly in the form of fine black powder with the presence 
of small metallic particles. Thus, it is likely that the fine fraction has a significant 
presence of cathode, anode, binder and separator materials.  

 

 
Figure 2 Pictures of representative samples of the LIB waste used in this study (A) overflow and (B) underflow fractions 

With the aim of producing a feed stream representative of the entire range of particles obtained 
after crushing, a 1:1 mixture of coarse (overflow) and fine (underflow) fractions was used as 
feed in the sieving experiments. A Retsch AS 300 vibrating sieve processed the waste LIB 
sample for 20 minutes using different nominal mesh opening sizes in decreasing order. Figure 
3 shows a schematic representation of the sieving system. It is worth mentioning that this 



sieving stage is part of the development of a new process for the recycling of LIB recently 
published by our research group (Porvali et al., 2019). 

 
Figure 3 Flow diagram of the sieving system, including elemental composition at each size fraction  

The chemical characterization of the sieved fractions was carried out by a private, certificated 
laboratory using Inductively Coupled Plasma Mass Spectrometry (ICP) for of Al, and by 
Atomic Absorption Spectroscopy (AAS) for Li, Fe, Ni, Co, Mn, and Cu. The mass of unknown 
composition in each fraction was collectively labeled as Others.  

2.2  Mathematical background of RSE analysis 
The term entropy, initially described by Clausius, has been developed to address phenomena 
in different scientific fields, e.g., statistical thermodynamics with Gibbs and Boltzmann 
theories (Cengel and Boles, 2015) and information theory as developed by Claude E. Shannon 
(Shannon, 1948). Although the work in both fields try to explain a similar phenomenon 
sometimes referred as chaos in a system, and present similar mathematical forms, the 
relationship between them is still under debate (Balibrea, 2016). While statistical or Shannon’s 

entropy H describe the loss or gain of information in a system, the definition of thermodynamic 
entropy S given by Gibbs and Boltzmann refers to the amount of random states in a system 



(Brunner and Rechberger, 2011; Cengel and Boles, 2015). Reflecting their application areas, 
H is measured in bits of information [bit] and S in [J/mol*K].  
As has been described by other authors (Gutowski, 2011), statistical entropy is analogous to 
the entropy of mixtures and can be used to describe the concentration of an element or 
compound as it undergoes transformations in a system. Material Flow Analysis (MFA) coupled 
with H (or its relative counterpart, RSE) offers the advantage that, using a single parameter, it 
is possible to evaluate the concentrating action of a system from a systemic perspective. Indeed, 
by applying MFA, the value of H at any given stage takes into consideration all the streams 
produced in the preceding stages, and as a consequence, it will influence the H value in the 
following stages. This section presents the mathematical background used in this work to 
describe the evolution of RSE of the sieving system (Brunner and Rechberger, 2011).  
As this methodology analyzes the mass flow in a system, it is necessary to properly define its 
boundaries. A system is described by the total number of processes n and stages q (where q = 
n + 1) it entails. Simultaneously, the stages are described by all streams generated by all 
preceding processes. The statistical entropy of each ith component in a stream, part of a total 
amount of components k, is function of its concentration and its corresponding standardized 
mass fraction. Equation 1 gives the statistical entropy, hi,s, of an ith element in the sth stream.  

ℎ𝑖,𝑠 = −�̃�𝑖,𝑠𝑐𝑖,𝑠 𝑙𝑜𝑔2(𝑐𝑖,𝑠) ≥ 0 (1) 
Where, 𝑐𝑖,𝑠 is the concentration of the ith component in the sth stream, and, �̃�𝑖,𝑠 is the 
standardized mass fraction of the ith component in the sth stream, the latter calculated with 
Equations 2 and 3: 

�̃�𝑖,𝑠 =
�̇�𝑠

∑ �̇�𝑖𝑠

 (2) 
�̇�𝑖 = �̇�𝑠𝑐𝑖,𝑠 (3) 

Where �̇�𝑠 is the mass-flow of the sth stream and �̇�𝑖 is the total substance flow induced by ith 
component. It is thus possible to account for the entropy distribution of a component in each 
stage by the total statistical entropy of Hi,q, Equation 4.  

𝐻𝑖,𝑞 = ∑ ℎ𝑖,𝑠

𝑞

 (4) 
Where Hi,q is the statistical entropy of the ith component, in the qth stage. Hi,q conveys the trend 
of the ith component to either concentrate or dilute as it undergoes the process stages.The value 



of relative statistical entropy (RSE), Equation 5, makes possible the comparison between 
different elements present in the same system. RSE, Equation 6, requires an arbitrary 
benchmark, which is typically the maximum level of entropy of the ith component in the system, 
𝐻𝑖,𝑞

𝑚𝑎𝑥. In the specific system under study, the maximum level of entropy corresponds to the 
entropy of the feed stream. Equations 5 and 6 present the 𝐻𝑖,𝑞

𝑚𝑎𝑥 benchmark and the RSE values, 
respectively.  

𝐻𝑖,𝑞
𝑚𝑎𝑥 = log2 [∑ �̃�𝑖,𝑞

𝑞

]  (5) 

𝑅𝑆𝐸𝑖,𝑞 =
𝐻𝑖,𝑞

𝐻𝑖,𝑞
𝑚𝑎𝑥 (6) 

Where, 𝐻𝑖,𝑞
𝑚𝑎𝑥 is the maximum entropy of the ith component in the qth stage. It is proposed to 

apply such benchmark to obtain the RSE value as 𝐻𝑖,𝑞
𝑚𝑎𝑥 equals the entropy level fed into the 

system. 𝑅𝑆𝐸𝑖,𝑞 is the relative statistical entropy of the ith component in the qth stage. Any RSE 
value is limited between 0 and 1, simplifying the analysis between components and stages. An 
RSE value approaching 0 means that the component is being concentrated, while an RSE value 
tending to 1 means the opposite. Furthermore, due to the additive nature of the RSE, Equation 
6 can be transformed to Equation 7 to describe the entropy of every component in the system, 
thus, presenting the systemic perspective of the RSE analysis: 

𝑅𝑆𝐸𝑞
𝑡𝑜𝑡𝑎𝑙 =

∑ 𝐻𝑖,𝑞
𝑘
𝑖=1

∑ 𝐻𝑖,𝑞
𝑚𝑎𝑥𝑘

𝑖=1

 (7) 
Where, 𝑅𝑆𝐸𝑞

𝑡𝑜𝑡𝑎𝑙 is the total Relative Statistical Entropy at the qth stage, ∑ 𝐻𝑖,𝑞
𝑘
𝑖=1  reflects the 

total statistical entropy of the group of k components in the qth stage, and ∑ 𝐻𝑖,𝑞
𝑚𝑎𝑥𝑘

𝑖=1  the total 
maximum statistical entropy of the k total of components in the same stage.  

2.3 Mathematical Background of Exergy Analysis of a Sieving System In its classical definition, exergy indicates the capacity of matter and energy to produce useful 
work in a system (Kotas, 1995). Exergy is framed by both the first and second laws of 
thermodynamics. While the first law establishes the conservation of energy, exergy can be lost 
with the increase of entropy defined in the second law of thermodynamics (Cengel and Boles, 
2015). The freedom that exergy possesses from the conservative laws of thermodynamics has 
become a cornerstone for process optimization by exergy analysis. Optimization of processes 
via exergy analysis entails the quantification of exergy changes due to material and energy 



flows in and out of a defined system. In simple terms, the internal exergy losses are a result of 
entropy gain within the system, while external exergy losses are associated with the loss of 
matter, heat and radiation. The chemical exergy of a stream is calculated as the sum of chemical 
exergies of the components and the entropy change of mixing (Ignatenko et al., 2007): 

Where 𝐸 is the total chemical exergy of the analysed stream; 𝑛𝑖, the total amount of moles of 
the component i; 𝑒𝑖, the specific chemical exergy of i; 𝑥𝑖, the molar fraction of i; 𝑅, the 
universal gas constant (8.3144 J mol-1 K-1); 𝑇0, the environment temperature [K]; and, 𝑛, the 
total number of moles in the stream. Similarities can be observed between Equations 1 and the 
second term of Equation 8. Indeed, Equation 1, and by extension Equation 4 are mathematically 
analogous forms of the thermodynamic entropy of mixtures. While it may be possible to 
evaluate the entropy change of the sieving system by applying Equation 8, as explained by 
(Gutowski, 2011) RSE presents the advantage that it can represent non-molar mixtures and can 
be eventually used to determine the costs of separation stages.  
For the sieving system discussed hereby, the first term of Equation 8, i.e. the chemical exergy 
term, remains constant in the system due to the fact that the mass in the system is conserved 
and its constituent chemical species remain unchanged. Nonetheless, the exergetic efficiency 
 can be obtained for the sieving system, presented in Equation 9 in general form and Equation 
10 in extended fashion (Gutowski and Sekulic, 2011): 

Where ∑ 𝐸𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠 is the exergy of the products; ∑ 𝐸𝑖𝑛𝑝𝑢𝑡 is the total exergy input to the 
system, including those coming from material and energy (e.g., electricity, heat); ∑ 𝐸𝑤𝑎𝑠𝑡𝑒, is 
the material exergy of the waste stream; 𝐸𝑄, the exergy due to heat transfer; and, 𝛥𝐸𝐷𝑒𝑠𝑡𝑟𝑢𝑐𝑡, 
is the exergy destruction within the system due to irreversibilities. In the analysed sieving 
system, considered to be a closed system where only physical separation happens 𝐸𝑄 and 
𝛥𝐸𝐷𝑒𝑠𝑡𝑟𝑢𝑐𝑡 are considered to be negligible particularly since it is assumed that the sieves 
operate at constant temperature. The term ∑ 𝐸𝑖𝑛𝑝𝑢𝑡 accounts for the feed of material in their 

𝐸 =  ∑ 𝑛𝑖𝑒𝑖 + 𝑅𝑇0𝑛 ∑ 𝑥𝑖 ln(𝑥𝑖) (8) 

𝜓 =
∑ 𝐸𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠

∑ 𝐸𝑖𝑛𝑝𝑢𝑡
  (9) 

𝜓 =
∑ 𝐸𝑖𝑛𝑝𝑢𝑡 − (∑ 𝐸𝑤𝑎𝑠𝑡𝑒 + 𝐸𝑄 + 𝛥𝐸𝐷𝑒𝑠𝑡𝑟𝑢𝑐𝑡)

∑ 𝐸𝑖𝑛𝑝𝑢𝑡
 (10) 



chemical exergy form (Equation 8), and exergy input from energy sources. Thus, Equation 10 
yields:  

𝜓 = 1 −
∑ 𝐸𝑤𝑎𝑠𝑡𝑒

∑ 𝐸𝐸𝑛𝑒𝑟𝑔𝑦 + ∑ 𝐸𝐹𝑒𝑒𝑑
 (11) 

As seen in Equation 11 the value of  depends heavily on the ∑ 𝐸𝑤𝑎𝑠𝑡𝑒 term as the rest can be 
considered constant for this sieving system. In the present system, the passing material is 
considered to be the useful product. Thus, as the throughput undergoes sieving, there is a 
systemic increase on the amount of side and/or waste streams within the boundaries of the 
system, decreasing systematically the exergetic efficiency. In addition, exergy efficiency relies 
on the definition of a stream as a useful product. This lack of systemic perspective may result 
in losses of valuable information, possibly leading to errors of interpretation if, for example, 
two or more streams can be considered products in reality or if the stream with the most suitable 
product is unknown a priori. Furthermore, while 𝜓 accounts for the efficiency of the resources 
used, which is continuously decreasing in the system hereby presented, it does not reflect the 
contribution of the system towards concentration of components. In such scenarios, applying 
RSE becomes a useful, complementary tool for the analysis and decision-making regarding 
physical separation processes, or processes with similar characteristics as the one hereby 
studied.  
In the following section exergy efficiency is evaluated in comparison to RSE. The specific 
chemical exergy, 𝑒𝑖, values applied are presented in Table 2, and to account for energy usage, 
a value of 410 W was assumed, according to the specification of the equipment with a 75% 
efficiency, based on the typical range expected for electrical motors. The operation time of 20 
min leads to an energy input of 360 kJ to perform the separation of the waste LIB. Hence, 
∑ 𝐸𝐸𝑛𝑒𝑟𝑔𝑦 = 360 𝑘𝐽, as it is the only input of energy to the system. 
Table 2 Specific chemical exergies of the elements in standard environmental conditions T=298.15K and P=101.325 kPa (Bakshi et al., 2011; Szargut, 1989). 

Li 
[kJ/mol] 

Fe 
[kJ/mol] 

Ni 
[kJ/mol] 

Co 
[kJ/mol] 

Mn 
[kJ/mol] 

Cu 
[kJ/mol] 

Al 
[kJ/mol] 

C 
[kJ/mol] 

393.0 374.3 232.7 265.0 487.7 134.2 795.7 409.87 
Although admittedly several of the LIB components are found as chemical compunds, the use 
of elemental specific chemical exergies was necessary for this proof-of-concept since, due to 
the heterogenous nature of waste LIB it is not possible to determine the exact chemical 
formulations used by all manufacturers. Moreover, this may be a reasonable approximation 



considering that no chemical changes occur within the system and thus the exergy changes are 
based on the distribution of elements which are directly associated with the compounds they 
belong to. Finally, it is relevant from the raw materials production perspective to trace valuable 
elements, even if they are in the form of chemical compounds. 

2.4 Application of MFA, RSE and Exergy Analysis to the Sieving System Following MFA methodology, the sieving system is formed by a set of 6 sieving processes 
(i.e., n = 6), hence 7 stages, as depicted in Figure 4 in the form of a node-stage diagram. In 
Figure 4, even-numbered S-nodes and S13 were analyzed for a total of 7 elements (Al, Cu, Mn, 
Co, Ni, Li, Fe), leaving the materials of unknown composition as Others. Odd-numbered nodes, 
excluding S13, were obtained by mass-balance.  

 
Figure 4 Node-stage diagram of the sieving system 

The RSE value at any given stage is defined by the streams produced during the same and 
previous processes. As an example, Stage_2 is described by streams S2 and S3. Moving 
downstream, the number of streams present at each stage increases until Stage_7, which is 
described by S2, S4, S6, S8, S10, S12, and, S13. The exergy analysis requires the definition by 
the user of material input and products. In this case, the input material is the same as in the 
RSE Analysis, S1, while the definition of product will be that of underflow fractions streams: 
S3, S5, S7, S9, S11, and S13. Therefore, the 𝐸𝑤𝑎𝑠𝑡𝑒 term for Equation 11 is a gradual addition 
of the streams: S2, S4, S6, S8, S10, and, S12, as the analysis evaluates from first to last stages. 
At this point, there is a notorious difference on application perspective between RSE and 
exergy analysis, as  requires the definition of a product stream whose exergy is indirectly 
calculated through the chemical exergy of the waste. RSE, on the other hand considers the 
totality of nodes along the system. In a similar way, both RSE and exergy, value will depend 
on a larger amount of variables as a system increases its length. As a result, a single processing 



step in a complex system will have a lower impact on both analyzes. Therein lies one of the 
advantages of using RSE coupled with MFA: a system with a single, highly efficient process 
will be penalized if it is preceded or succeeded by a series of inefficient separations.  
3 Results and Discussion 

3.1 Chemical and Physical Characterization of LIB Waste 
Figure 5 presents the cumulative results of the chemical composition with respect to the various 
size fractions obtained. It is common practice to use this type of distribution curves to determine 
a cutting point for enrichment operations, basing this decision on the value at which the highest 
relative difference between components is found.  

 
Figure 5 Separability curve of the analyzed LIB components 

Figure 5, reflects that, even if the sieving system is not a concentration but a classification 
process, sieving LIB waste can be employed to concentrate some of its components. In 
addition, the current collectors of the waste LIB contain Al and Cu which, due to their 
mechanical properties (Beer et al., 2012), report to the larger size fractions. Over 60% of Li, 
Ni, Co, and Mn report to the finer fractions, meaning that these elements are present in brittle 
or powdered substances, such as cathode materials. It is worth pointing out that in this sample, 
Fe also reports at the fine fractions, suggesting that its presence is mainly found in the cathode 
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material, rather than in the casing. Thus, it is likely the cathode material in the processed 
material is a mixture of Li(MnNiCo)O2, and LiFePO4. In addition, Li, Ni, Co and Mn are 
similarly distributed in all the fractions supporting the idea that they are all part of the same 
compounds. The last stream, namely Others, is expected to be a mixture of graphite and 
polymer which, as seen from Table 1, are present as anode and binder/separator, respectively.  
Following the typical use of separability curves, it is possible to suggests from Figure 5 a 
separation set point at the 1000 μm-opening sieve, which would result in an oversize containing 
> 80% of metals and < 30% cathode materials. The Others stream is equally distributed in all 
the fractions obtained, hence, at any separation point there will be a considerate amount of 
graphite, and polymers. This separation set point may be used for metallic recovery of the Al 
and Cu with a marginal losses and impurities. While this simple analysis can be useful as a 
starting point, this approach does not take into account the material losses into waste or side 
streams. It, therefore, lacks the possibility to provide clear, quantitative guidelines for process 
optimization. 

3.2 Statistical Entropy Analysis of a Sieving System 
Figure 6 presents RSE and Exergy analyses for the experimental sieving system. The top figure 
includes the RSE and Exergy evolution at a system level. This level of analysis is proposed to 
be used as a first approach to unveil the concentration nature of a process and as a baseline for 
optimization. The bottom section of Figure 6 presents the graphical representation of RSE 
evolution at the element level. Both figures show a clear trend of concentration by the system, 
described by the decreasing RSE value of the charts as the stages go on. Optimization based 
on RSE is based on promoting abrupt negative slopes, which are associated with strong 
concentrating actions.  



 
Figure 6 Evolution of: total RSEand Exergy (top), and, RSE per element (bottom) for the original sieving system. 

Initially, the negative trend of the total RSE curve (Figure 6, top) reports a concentration action 
on most of the elements, including Li, Fe, Ni, Co, and, Mn, being Al and Cu the elements with 
greatest concentration action. Basing the analysis uniquely on the separability curve (Figure 5) 
such conclusion would be limited for Al and Cu. Figure 6 (bottom) depicts two sections with 

Feed 4000 µm 2000 µm 1000 µm 500 µm 250 µm 125 µm

0%

20%

40%

60%

80%

100%

0.90

0.92

0.94

0.96

0.98

1.00

STAGE_1 STAGE_2 STAGE_3 STAGE_4 STAGE_5 STAGE_6 STAGE_7

EX
ER

G
Y

 E
FF

IC
IE

N
C

Y

R
EL

A
TI

V
E 

ST
A

TI
ST

IC
A

L 
EN

TR
O

P
Y

System RSE System Exergy Efficiency

0.80

0.85

0.90

0.95

1.00

S T A G E _ 1 S T A G E _ 2 S T A G E _ 3 S T A G E _ 4 S T A G E _ 5 S T A G E _ 6 S T A G E _ 7

R
EL

A
TI

V
E 

ST
A

TI
ST

IC
A

L 
EN

TR
O

P
Y

Others

Li

Fe

Ni

Co

Mn

Cu

Al



a plateau-like behavior, according to the RSE analysis these stages reflect a low or no-
concentration action, i.e. before Stage_2, and after Stage_5. It is important to notice that based 
on the separability curve, no further separation may have been proposed beyond the 1000 μm. 
Thus, optimizing based solely on the separability curve would have effectively discarded the 
additional concentration provided by an additional sieving stage. Furthermore, as observed by 
comparing Figures 5 and 6, elements equally distributed along the different fractions leads to 
a quasi-unchanged RSE, being the case of the Others. Hence, the slight decrease in RSE value 
in the Others stream can be explained by the mathematical influence of the rest of the elements, 
with special influence by the abrupt and low RSE progression of the Al and Cu curves.  
The top section of Figure 6 includes the exergy analysis for the sieving system. It is observed 
that the system uses the energy efficiently at initial stages, yielding an efficiency of 95% at the 
4000 µm sieve (Stage_2). In further stages the exergy efficiency gradually lowers to a 33% 
value at the 125 um sieve (Stage_7), going through an inflection point at Stage_3. During the 
initial stages of the system, i.e. Stage_1 to Stage_3, the Exergy and RSE behave similar, 
attributed to the strong influence of the entropy factor on the material chemical exergy. Starting 
at Stage_3 the exergy efficiency is reduced as the process goes on. Indeed, the reduction of 
exergy efficiency is due to the systemically increase on the amount of waste streams and the 
reduction of mass-pull of useful product. It is suspected that the weight of the entropy term of 
the chemical exergy of the useful product is reduced in comparison to the same term of the 
increasing amount of waste streams, irremediably leading to a decrease of exergy efficiency. 
As seen from the behaviour of  in Figure 6, there is no clear point upon which an optimization 
decision may be based, unlike the above-described plateau behaviour reflected by RSE. As 
exemplified by this sieving system, exergy analysis does not provide sufficient information, 
particularly regarding physical separation processes relevant for recycling.  
As seen, Figure 6 shows that only Al presents any significant concentration action before 
Stage_2, and there is a minimum contribution to the concentration action for all the elements 
after Stage_5. Therefore, it is reasonable to suggest the removal of processes 1, 5 and 6 (i.e., 
4000, 250 and 125 m, respectively) of the original sieving system. RSE and  of such 
modified process is shown in Figure 7.  



 
Figure 7 Evolution of: total RSEand Exergy (top), and, RSE per element (bottom) for the modified sieving system. 

Upon comparison of Figures 6 and 7, the system optimization becomes evident as every single 
process remaining shows a significant concentration action in both systemic and elemental 
levels. Admittedly, a change in the final RSE value is presented due to change in concentration 
of components. Indeed, as seen from the bottom section of Figure 7, the final value of the RSE 
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is slightly higher than in the original system. Thus, the modified process has a lower overall 
entropy reduction, hence lower concentration action in comparison to the original system. 
Nevertheless, this difference is minor and, thus, the modification sustains. The modified 
process presents clear advantages in comparison to the original, as the continuous decrease of 
total RSE value reflects a more efficient use of each separation process, while a diminished 
number of stages can be translated in lower processing costs and/or lower capital expenditure.  
On the other hand, the exergy efficiency of the modified system (dotted line in Figure 7), 
presents the same trend to decrease efficiency as the system evolves. Nevertheless, the exergy 
value at the final stage is considerably higher compared to the last stage of the original system, 
i.e., 49% versus 33%. Hence, it is possible to conclude from the exergy efficiency perspective 
that a process with lower amount of physical separations processes (stages) becomes more 
efficient utilizing the available energy. Nevertheless, Figure 7 (top) reiteratively presents no 
point for process optimization from the exergy efficiency perspective, illustrating the need for 
a parameter such as RSE.  

3.2.1 Process Specific RSE: Information Gain A further use of the RSE methodology is the analysis of Information Gain (IG) as a specific 
parameter of the concentration action executed per process, defined in Equation 12 as the 
difference in RSE between two consecutive stages, q, and, q-1 :  

The Information Gain permits the identification of processes which contribute in a higher or 
lower manner to the concentration effect. This value grants a numerical value, intrinsically 
linked to the process and throughput, which reflects in a sound and engineering way the 
efficiency of each separation step. Thus, IG, can be used to support design decisions, as 
presented in Section 3.2, or as a design parameter to improve a single element recovery, as it 
describes the interaction between an element and a process. Figure 8 presents the IG chart of 
the system using Cu as an illustrative example.  

𝐼𝐺𝑃𝑟𝑜𝑐𝑒𝑠𝑠 =  𝑅𝑆𝐸𝑖,𝑞 − 𝑅𝑆𝐸𝑖,𝑞−1 (12) 



 
Figure 8 Reduction of RSE per sieve in the Cu stream (original system). 

Initially, the RSE curve for Cu, shown in Figure 8, shows a steep concentrating action in just 
three out of the six steps from the original separation system, located at the middle size sieves 
of the system under study. This correspond to the stages with lower SCE values depicted in 
Figures 6 and 7. This further supports the use of a process consisting of only three sieving 
processes, 2000μm, 1000μm and 500μm sieves for the concentration of Cu.  

3.3 Proposed Methodology  The results obtained exemplify the idea of optimization based on RSE, particularly in cases 
where exergy analysis does not provide clear parameters for optimization. The following 
methodology is proposed as guideline for recycling process design or recycling process 
optimization:  
1. Definition of the system boundaries  
2. Determination of the mass flow and composition of each stream 
3. Plot node-stage diagram of the system. 
4. Calculation of the RSE and SCE values and plot RSE-vs-Stage diagram.  

4.1. Identify processes with low or negative concentration action  
4.2. Evaluate IG to identify with increased certainty the processes that may represent a 

bottleneck in the reduction of RSE. 
5. Calculate RSE, IG and SCE of the modified system for validation 

0.00

0.01

0.02

0.03

0.04

0.05

0.06

0.07

4000 µm 2000 µm 1000 µm 500 µm 250 µm 125 µm

C
H

A
N

G
E 

IN
 R

SE
 -

C
u



5.1. Perform or discard changes upon the result of RSE and SCE 
Ideally, an efficient concentration system should present a relative small number of processing 
steps with steep negative slopes in the RSE-vs-Stage diagram, reflecting a strong concentration 
trend.  
4 Conclusions and Future Work 
The current work presents the application of RSE methodology for process optimization using 
the sieving of crushed LIB waste as a proof-of-concept. The discussed approach aims to cover 
the gaps present in exergy analysis with the aim of offering parameters to analyze recycling 
processes in a systemic manner and bring them closer to a circular economy philosophy. Even 
though the exergy analysis has gained a wide acceptance, as shown in this work, this approach 
may encounter some limitations in the analysis of physical separation processes. The 
combination of RSE and MFA provides a methodology that allows the analysis of a system 
from its capacity to concentrate materials, thus offering an alternative parameter upon which 
to base design and optimization decisions. “Moreover the results obtained by applying RSE 

and MFA to a system, reflect the influence of past processing stages upon the final recoveries. 
From the perspective of circular economy, this methodology provides a value that weights on 
the importance to the pre-processing stages (e.g. sieving) on the recovery of materials. 
Traditional decision-making on recycling technologies are focused only on the quality of a 
final product and its associated market value, while overlooking the losses of potentially useful 
material in waste and side streams. Being a parameter that penalizes such material losses, it is 
expected that RSE-MFA analysis will help to demonstrate the advantages of technologies 
where potentially valuable materials in LIBs are recovered, even when this implies a larger 
number of processing stages.” 
As seen in this proof-of-concept, the clear trends presented by RSE as a function of sieving 
stages offered means upon which an optimized system was modeled, offering a reduced 
number of sieving steps with a minimal impact on the final concentration of materials. This 
work sets the ground to include an additional parameter, i.e. statistical entropy, for the analysis 
of material processing systems. Such may be used as a tool for a systemic approach of analysis, 
design and optimization of recycling processes. Unlike other efficiency parameters, this 
approach takes a holistic view of the separation systems, including products and side streams. 
It is expected that optimization based on RSE and MFA of pre-processing stages influence the 
final entropy value of the consecutive pyro- and hydrometallurgical steps. Whereas, a positive 



impact, i.e. reduction of the value of RSE due optimization of pre-processing stages, improve 
the efficiency of recycling processes, hence, improving the Circular Economy of LIB.  
Although the recycling of LIB is an interesting application of this methodology, RSE analysis 
is by no means limited to this example. It is also expected that the approach presented is not 
exclusive to mechanical processing operations and could be applied to entire recycling systems, 
including mechanical processing, pyro- and hydrometallurgical operations. Due to the 
complexity of industrial recycling systems, the implementation of RSE analysis may require 
the support of digital tools such as HSC-Sim®. Furthermore, the application of RSE as hereby 
discussed augments the work on the thermo-economic (exergetic) analysis of larger systems 
by (Abadías Llamas et al., 2018). In such work significant parts of the CE are simulated in the 
HSC-Sim® platform, obtaining simultaneous analyses of exergy and energy flows, material 
recovery, life cycle analysis, capital expenditure (CAPEX) and operational expenditure 
(OPEX). This implies that product design can be linked to metal recovery, hence, make a 
fundamental assessment of product design and Circular Economy performance. RSE and MFA 
can be added to this suite of indicators obtained by HSC-Sim® in order to not only capture the 
chemical and physical exergy of a system but also to link them to the Shannon entropy of 
particulate parts within CE systems (Reuter et al., 2015; Van Schalkwyk et al., 2017). Based 
on the results of this proof-of-concept, and the availability of process simulation tools, it may 
be worth pursuing the analysis of complex systems by simulation-based RSE and MFA in 
future studies by researchers and practitioners in the field of raw materials production. 
5 Supporting Information  
The detailed calculations steps and values for RSE, and Exergy can be found in the Supporting 
Information.  
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List of Symbols Symbol  
ℎ𝑖,𝑠 Statistical entropy of the ith component in the sth stream 
�̃�𝑖,𝑠 Standardized mass fraction 
�̇�𝑖 Total substance flow induced by ith component. Hi,q Total statistical entropy of the ith component in the qth stage 

𝐻𝑖,𝑞
𝑚𝑎𝑥 Maximum level of entropy of the ith component in the qth stage 

𝑅𝑆𝐸𝑞
𝑡𝑜𝑡𝑎𝑙 Total relative statistical entropy k Total group of components 

𝑆𝐶𝐸𝑖,𝑖𝑛𝑝𝑢𝑡−𝑜𝑢𝑡𝑝𝑢𝑡 Substance concentration efficiency of the ith element between any input and output. 
𝐼𝐺𝑃𝑟𝑜𝑐𝑒𝑠𝑠 Information Gain of a process 

𝑛𝑖 Number of moles of the component i 
𝑒𝑖 Specific chemical exergy of the component i  
𝑅 Universal gas constant = 8.3144 J/mol*K 
𝑇0 Environmental temperature 
𝑛 Total number of moles in the fraction 
𝑥𝑖 Molar fraction of the component i.  
𝜓 Exergetic efficiency 

𝐸𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠 Exergy of the products 
𝐸𝑖𝑛𝑝𝑢𝑡 Exergy of the input material 

𝐸𝑂𝑣𝑒𝑟𝑠𝑖𝑧𝑒 Exergy of the oversize material 
𝐸𝑈𝑛𝑑𝑒𝑟𝑠𝑖𝑧𝑒 Exergy of the undersize material 

𝐸𝐹𝑒𝑒𝑑 Exergy of the fed material 
𝐸𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 Exergy added in the form of energy to power the sieve  


