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Ex-ante life cycle assessment approach developed for a case study on bio-based polybutylene succinate

Introduction
The fast pace of technological progress and the increasing pressure on natural ecosystems result in an urgent need for assessment of the impacts of human activities, especially in early stages of development (Basbagill et al., 2013; Roes and Patel, 2011; Shields et al., 2011). In particular, the ability to estimate the potential impact that a new product could have on the environment, ahead of its adoption, is of fundamental importance during the design phase (Thackara, 2005). This is the case of innovative bio-based polymers. The present study is focused on polybutylene succinate (PBS), a biopolymer that is gaining interest, particularly as a replacement for petroleum-based polyolefins (Caulier and Segueilha, 2010; Jacquel et al., 2011), aiming to evaluate the potential impact of its introduction onto the market.
Life Cycle Assessment (LCA) is a scientific and structured methodology, based on international standards (ISO 14040, 2010), that represents the reference for environmental impact assessment. In a recent work, Curran (2013) described the methodology as a comprehensive and unique tool in the suite of environmental management methods. On the other hand, the author highlighted that there is much confusion regarding what Life Cycle Assessment can and cannot do, describing important overlooked or misunderstood aspects of the methodology. Another work developed by Finnveden et al. (2009) provided a review of recent developments of LCA methods. The focus was on some areas where there has been an intense methodological development during the last years. These recent developments were discussed in relation to some of the strengths and weaknesses of the methodology.
Generally, to perform a full-fledged LCA study, a complete and deep understanding of the overall life cycle of a product system is required. In the case of an innovative material that is analyzed with LCA, this condition can only be satisfied once the material has been fully developed and introduced onto the market. Thus, a fully developed LCA study often cannot be performed at an early design stage because the information required is unavailable or inadequate (Shields et al., 2011). Because of this, when LCA is used as a supporting tool in decision making processes, it is argued that an expansion of the standardized framework is required to overcome the limitations of full-fledged LCA by implementing other approaches and methodologies (Jeswani et al., 2010).
Given the above considerations, a full-fledged LCA applied to innovative materials presents two major limitations: it can be performed mainly ex-post (i.e., after the industrial production of the new material), and it accounts only for the environmental performance of the material itself, regardless of its intrinsic properties. To overcome these limitations and to forecast the potential impact of a product before its industrial production, a radical change in perspective is warranted: a shift from an ex-post (after the event) approach to an ex-ante (before the event) analysis (Roes and Patel, 2011).
Several methods have been proposed for the impact assessment of early-stage chemical processes. In order to include environmental aspects in the early phases of chemical process design, Sugiyama et al (2008) developed a novel framework comprising four stages of process modelling and a multiobjective evaluation based on both monetary and nonmonetary parameters. Such methodology has an iterative fashion with a progressive screening of the alternatives based on the available information. The framework is demonstrated on the design of a methyl methacrylate (MMA) production process. Bumann et al. (2010) based their work on the approach developed by Sugiyama et al., with the goal to evaluate the EI (energy index) in an early stage of design of a chemical process. They validated the use of this indicator, properly adjusted, as a proxy to predict gate-to-gate energy consumption for 14 organic solvent case studies. Patel et al. (2012) proposed another assessment method in the wake of the Sugiyama’s work. This method uses a multi-criteria approach to evaluate a chemical process against comparable existing alternatives, incorporating quantitative and qualitative information available at an early stage in the process development. Lee et al. (2014) developed an integrated modeling and simulation-based life cycle evaluation approach for sustainable manufacturing, called MAS2. This methodology is characterized by a theoretical background based on 20 principles and definitions of manufacturing sustainability and propose specific indicators, an evaluation method and an information management method. A validation is provided with a case study in the automotive sector.
Because the available information is limited at early stages, most of these methods are qualitative and not readily useful for a proper selection from among alternative options. In particular, a production scale issue arises when comparing new materials at an early stage of development with industrially optimized materials (Curran, 2013). Production at the lab/pilot scale cannot be directly compared to industrial systems, primarily due to the large discrepancy in the yields of the processes involved. Furthermore, these previously proposed methods are commonly focused on bulk chemical production processes, with a gate-to-gate horizon. On the other hand, they require detailed data about the reactions involved and are not usually applicable for the synthesis of polymeric materials (Bumann et al., 2010). 
For these reasons, an ex-ante LCA approach is here proposed as a comprehensive and straightforward assessment protocol. This protocol is aimed at predicting the environmental sustainability of a new material introduction onto the market, by means of a more effective and effortless approach compared to the state of the art. In the present work, the environmental performance of innovative bio-based products is assessed. The most relevant point of novelty of the proposed methodology lies in the use of primary data collected on lab/pilot scale systems, alongside data simulated from thermo-chemical considerations. The outcome of this protocol consists of a set of environmental results which represent the environmental impact of the future industrial production.

Literature review

Life Cycle Assessment
The operational framework for an ex-ante LCA is defined according to ISO 14040 standards for a full-fledged LCA (ISO, 2006). The ex-ante LCA strategy proposed in the present work is grounded in the Generic Approach developed by Patel et al. (2006) and it focuses mainly on the analysis of bio-based products (fuels, chemicals and polymers) in the context of White Biotechnology. The Generic Approach is defined as a method that allows the estimation, ex-ante, of the environmental impacts and basic economics of new biotechnological processes for which data from the pilot plant or laboratory scale are not yet available or for which industrial-scale data are not publicly accessible due to confidentiality agreements (Patel, 2006). The authors of the current work implemented such a methodology, using primary data from production at the pilot plant scale and secondary data obtained by means of a stoichiometric model of the chemical processes involved. The aim is to perform a multiscale analysis whose results will be suitable for enabling a consistent scale-up of the environmental burden at the industrial scale. The scale-up protocol is presented in section 3.
To ensure the feasibility of the ex-ante analysis, some conditions have to be granted: (a) the biotechnological processes examined (fermentation, enzymatic conversion, etc.) must be described in the literature and considered feasible; (b) the availability of basic information, theoretical and otherwise (for example, the stoichiometry of chemical reactions involved) is defined; and (c) the products analyzed are likely to be produced in large quantities within the current techno-economic context or in a reasonable future scenario.
The main objective of such an analysis is to evaluate the environmental burden associated with the production of goods and, in particular, to allow a comparison with traditional products of the chemical industry. The scope of the investigation is limited from cradle to factory gate: i.e. the system boundaries are chosen so that the final output is the studied chemical product.
Once the goal and scope of the analysis have been defined, subsequent steps of the ex-ante LCA include the creation of a flow chart representing the product system and describing inputs, outputs, internal mass and energy flows. Such a Life Cycle Inventory (LCI) analysis is the most time- and resources-demanding step. As mentioned above, the ex-ante LCA methodology adopted here does not rely on primary data collected by monitoring real industrial systems, as these do not yet exist for the product of interest, but on primary data from the lab/pilot plant scale and on a theoretically grounded model. Such a model is based on the available literature and can use analogous industrial processes for which quantitative and qualitative information is available as a benchmark. Once the processes involved in the production system have been identified, the total energy consumption and the associated environmental impacts are estimated.
In a full-fledged LCA, manifold impact categories are considered consistently with the chosen level of detail and the quality and quantity of available data. Each category summarizes the environmental effects associated with specific emissions. During the development of the ex-ante LCA approach, the authors decided to use the following impact categories:
· Cumulative Energy Demand (CED) has been one of the key indicators being addressed since the very first LCA studies (Frischknecht et al., 2015). It represents a practical performance index because all industrial processes consume energy. It measures the amount of energy involved in a system, considering the upper heating value from both renewable and non-renewable sources. 
· Greenhouse Gas emissions (GHG) is one of the indicators of greatest importance because it is used as a reference in many regulatory measures and environmental policies at the international level. It takes into account, first and foremost, the emissions of carbon dioxide, and other greenhouse gases such as CH4, N2O, etc. In the case of bio-based products, carbon uptake (i.e. the CO2 absorbed during photosynthetic processes) acquires particular relevance and must be accounted for.
The choice of such a small set of indicators, however, does not affect the validity and comprehensiveness of the analysis. In fact, Roes and Patel (2011) showed that, by linear regression, it is possible to associate the total energy consumption (CED) with most impact categories, such as acidification, eutrophication, human toxicity, etc. This correlation has been verified for a large number of products, in particular commodities, and it is justified by the fact that energy consumption (in particular from fossil sources) is the primary source of all impacts associated with their production (Huijbregts et al., 2010, 2006). Therefore, CED and GHG together represent a reasonable selection of environmental indicators for a preliminary assessment.
Nevertheless, authors are aware that CED does not take into account impacts resulting from land use, and for this reason, it cannot be regarded as a comprehensive indicator in the case of agricultural products and/or derivatives (Huijbregts et al., 2010; Patel et al., 2012).

Uncertainty in LCA
LCA studies, to be credible, should communicate the reliability of their results in terms of uncertainty based on an assessment of the data quality of the information used (Bieda, 2014; Weidema, 2000). This means that a single deterministic LCA result might not be enough for a clear understanding of the environmental performance of a system. A probabilistic distribution of LCA results is, on the other hand, a robust way to represent the uncertainty and variation of the data in a data collection and LCI analysis (Sonnemann et al., 2003).
Heijungs and Suh (2002) discussed the theory of the computational structure of LCA with an emphasis on uncertainty characterization through the perturbation theory. The authors note that this theory is of particular significance and can be used for a number of interesting subjects in LCA, including the propagation of unit processes uncertainties into uncertainties of scaling factors or environmental results.
In general terms, an LCA model is based on physical quantities (), i.e. parameters, for which we can identify a series of characterization factors (), such as global warming potential, eutrophication potential, acidification potential, etc. The impact assessment can provide deterministic results () using the following relationship:
	
	(1)


where  represents the number of physical quantities/elements of the LCA model.
The perturbation theory (Heijungs and Suh, 2002) studies the influence of perturbations of equation coefficients on the solutions to those equations. If we consider an LCA dataset realized using several parameters, uncertainty is associated with each parameter thanks to the description of the probability function and a measure of uncertainty.
Therefore, the single deterministic result in this approach becomes a vector of results that originates the perturbed matrix, a function of the original value plus a perturbation term ():
	
	(2)


Because the parameters of the LCA model are characterized by uncertainty as well, perturbed parameters are calculated as follows:
	
	(3)


In the case of ex-novo datasets, LCA practitioners directly define the basic uncertainty of LCI elements. Furthermore, additional uncertainty from data quality indicators is typically based on the pedigree matrix approach proposed by Weidema (1998, 1996), upon which this research relies.
In the present study, Monte Carlo analysis was used to process the uncertainty data for all of the assessments. The entire simulation was run 1000 times for each assessment to obtain a significant number of trials. 

Innovative biopolymers
Interest in bio-based plastics has increased in recent years. In fact, the annual growth rate of the bio-based plastics market between 2003 and 2007 averaged 40% worldwide (Shen et al., 2010), and global industrial plastic production is expected to experience 400% growth by 2017 (European Bioplastics, 2013). A total production volume of approximately 3.45 Mt can be reached by 2020 (Shen et al., 2009). This growth is due to a market demand for products with a lower environmental burden compared to traditional plastics and that are not dependent on fossil fuels. 
From a technological perspective, it is possible to estimate the maximum technical substitution potential of bio-based polymers, not considering resource availability or economic constraints. By interviewing industrial experts Shen et al. (2010) stated that the replacement of oil-based plastics by bio-based polymers might reach 90% of total global plastic consumption. Thus, the need to quantify biopolymers’ environmental impacts is becoming more important due to the requirement to provide a concrete and objective answer to the market.
In most cases, LCA studies of bio-based polymers have produced some favorable results with respect to oil-based alternatives, but those evaluations have been subject to the initial assumptions and boundaries of the system considered (Madival et al., 2009). Additionally, a relatively lower environmental burden does not imply the full sustainability of the bio-based plastics currently on the market (Álvarez-Chávez et al., 2012).
Nevertheless, apart from starch-based plastics and polylactide (PLA), many biopolymer production technologies are still at the lab/pilot-plant scale (Shen et al., 2010, 2009). Therefore, as for most bio-based products, limited reliable primary data are available with which to perform a proper environmental impact assessment by means of LCA (Patel et al., 2012).
PBS is partly bio-based (i.e., it can be obtained from bio-based monomers, in particular bio-based succinic acid) as well as biodegradable (it satisfies the criteria of ISO 14855 (ISO, 2012)).
In detail, PBS is an aliphatic polyester with mechanical properties and processability performances similar to those of widely used polymers. It has been proposed as an alternative in the production of polymeric films for use in agriculture (mulching film), shopping bags, bags for composting, etc. (Ichikawa and Mizukoshi, 2012).
PBS is obtained from succinic acid and 1,4-butanediol monomers by means of a polycondensation reaction that forms the polyester and water as byproduct. Currently, the fossil monomers are used, but alternatives from renewable sources have been studied to replace one or both of the reactants. In particular, succinic acid can be produced from starch, glucose or cellulose through yeast-based or bacterial fermentation, with a relevant potential reduction in CO2 emissions (Smidt et al., 2011). Furthermore, bio-based succinic acid can become the source for a “green” C4 chemical derivatives platform, including 1,4-butanediol (Deshpande et al., 2002; Jacquel et al., 2011; Minh et al., 2010; Patel, 2006; Werpy et al., 2004). 
The Japanese company Showa Highpolymer has successfully produced PBS at pilot scale using bio-based succinic acid. The mechanical properties and processability (extrusion bubble test) of the resulting bio-based PBS are in line with the performance of its oil-based counterpart (Ichikawa and Mizukoshi, 2012).
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The scale-up protocol is first presented in general terms and afterwards applied to the case study. To obtain a forecast of the environmental results in a cradle-to-gate framework, this methodology is based on the identification of a proper mathematical relationship between the environmental burdens at the stoichiometric, pilot and industrial scales. This relationship is here called the scale-up function. The authors organized the scale-up protocol into five fundamental steps:
(1) Choice of reference polymer. Because data collected on the industrial scale are not available for innovative bio-based products, the definition of the scale-up function requires the choice of a reference polymer. This is selected according to the following considerations: (a) the reference polymer and the biopolymer should belong to the same polymer class (e.g. polyesters); (b) the synthesis of the reference polymer and of the biopolymer should follow comparable chemical routes; and (c) data on the industrial scale must be available for the reference polymer.
(2) Pilot scale production and assessment. One or more batches of the bio-based polymer are produced in a monitored pilot plant: all of the inputs and outputs of the process and the pilot scale environmental impacts of the biopolymer are determined with the ex-ante LCA approach. Afterwards, a batch of the reference polymer is produced in the same pilot plant, again monitoring all of the inputs and outputs of the process, and the pilot scale environmental impacts of the reference polymer are determined with the ex-ante LCA approach. In this way, data on the environmental burdens of the biopolymer and the reference polymer are obtained straightforwardly on the same production lab/pilot scale.
(3) Industrial scale assessment of the reference polymer. The environmental impact of the production of the reference polymer at the industrial scale is assessed by means of a full-fledged LCA using available secondary data or product ecoprofiles.
(4) Stoichiometric baseline. For both the bio-based polymer and the reference, it is possible to define stoichiometric models for the chemical conversions (e.g. polymerization) based on theoretical information. These models represent perfectly efficient ideal systems; therefore, their environmental impact (assessed by means of ex-ante LCA) is the lowest possible for the production routes considered, so it is used as a baseline.
(5) Scale-up function definition. The result of the previous steps is a set of environmental impact values on the pilot, industrial and stoichiometric scales for the reference polymer, whereas the environmental burden on the industrial scale is still missing for the new biopolymer. Therefore, considering the complete set of data pertaining to the reference polymer, a relationship among the impacts at different scales (Environmental Impact, ) is defined as a function of the mass conversion yield () of the chemical conversion process.
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The mass conversion yield is a valid indicator of the scale of a chemical process: the pilot scale is characterized by high inefficiency and also has a low ; conversely, industrial productions are generally optimized, supported by industrial process optimization tools, such as material flow analysis, energy flow analysis and best available techniques (BAT) tools (Rodríguez et al., 2011); this leads to a much higher . Finally, the stoichiometric model represents the ideal process, and  represents the upper limit for the conversion. Because the stoichiometric mass conversion yield is characteristic of the specific process considered and does not depend on factors that are not chemical or physical, the  at each scale is normalized with respect to  to enable the subsequent application of the function to slightly different processes. Therefore, equation (4) is rewritten as follows:
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where  is the normalized mass conversion yield. Equation (5) is the generalized form of the scale-up function.
The set of data for the environmental impact of the reference polymer is made up of discrete points; therefore, a regression or interpolation is required to obtain a proper mathematical function.
A graphical representation of the 5-step methodology just described is given in Figure 1.
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[bookmark: _Ref423875842]Figure 1. Graphical representation of the 5-step methodology

Case study: polybutylene succinate
The starting monomers for the production of PBS are a dicarboxylic acid and a diol undergoing an esterification reaction. According to step 1 of the scale-up protocol, the reference polymer should be a polyester obtained with the same chemical reaction (polycondensation) and for which an industrial ecoprofile is available. From a purely chemical point of view, one of the closest polymers to PBS is polybutylene terephthalate (PBT) because, although it is partly aromatic, it is obtained by the polycondensation of terephthalic acid and 1,4-butanediol. Therefore, PBT meets both requirements (a) and (b) for the selection of the reference polymer in the first step of the scale-up protocol, but at present, a trustworthy ecoprofile for this material is not available. For this reason, it was disregarded and polyethylene terephthalate (PET) was selected as an alternative. PET is produced from terephthalic acid (dicarboxylic acid) and ethylene glycol (diol) by means of polycondensation. Furthermore, a comprehensive ecoprofile for PET is available from PlasticsEurope (2011). Thus, PET satisfies all of the selection requirements and is a suitable candidate for use as the reference polymer for the scale-up of the environmental impact of PBS.
In the following steps of the analysis, a cradle-to-gate system boundary is adopted. The initial phases of the material life cycle are considered, including all of the processes leading to the production of the polymer pellet. A reference unit of 1 kg of partly bio-based PBS is used to guarantee the consistency of results and direct comparability with the ecoprofiles available on the PlasticsEurope platform (Association of Plastics Manufacturers, 2014).
In accordance with step 2 of the scale-up protocol, some batches of PBS and PET were produced in a pilot plant while monitoring the process parameters, i.e. the input and output flows of reactants, products, emissions and waste as well as energy consumption. The pilot plant features are described by Jacquel et al. (2011) in a previous work. Because a pilot process is characterized by a small batch production, there is a power absorption associated with the initial heating of the system and with its final cleaning. The energy related to these phases of the process was neglected to mitigate the effects of the discontinuous nature of pilot production and to approach the operative conditions of a large batch or a continuous system. The primary data collected were used to determine CED (Frischknecht et al., 2007) and GHG (IPCC 2007 GWP 100a) for both the polymers produced at the pilot scale.
Afterwards, following step 3 of the protocol, the impact for PET on the industrial scale was assessed with secondary data (Polyethylene terephthalate, granulate, amorphous, at plant/RER U, as implemented in the LCA tool SimaPro).
Finally, the inventory data used to determine the stoichiometric baseline (step 4) were obtained from the chemical reactions involved in the polymerization of PET and PBS. In this case, energy consumption was estimated according to the polycondensation enthalpy of reaction, computed by means of Hess’s law. These “theoretical” inventory data were then used to assess the environmental burden (CED and GHG) of the ideal stoichiometric scale production.
Primary and secondary inventory data referring to the production of 1 kg of polymer pellet at the pilot and stoichiometric scales are reported in Table 1 and Table 2.
For protocol steps 2, 3 and 4, the uncertainty of the impact assessment was processed by means of Monte Carlo simulation. This resulted in two sets of data points for the reference polymer (PET) and the biopolymer (PBS). Each assessment was iterated 1000 times, giving rise to a statistical distribution of results whose most significant values were considered (i.e. the 5th, 25th, 50th, 75th and 95th percentiles).
Each data point is defined by the value of the environmental impact () and the corresponding normalized mass conversion yield ( that characterizes the scale of production:
	
	(6)



[bookmark: _Ref398897083]Table 1. Inventory data for polyethylene terephthalate (PET) on the pilot and stoichiometric scales.

Pilot
Stoic.
Input (kg)


Terephtalic Acid
2.66
0.87
Ethylene glycol
1.19
0.32
Liquid Nitrogen
10.15
-
Ethylene glycol (for cleaning)
11.13
-
Output (kg)


PET Pellet
2.60
1.00
Ethylene glycol (unreacted)
0.07
 -
Ethylene glycol (for cleaning)
11.13
-
Nitrogen waste
10.15
-
Waste water
0.44
0.19
Energy consumption (MJ)
220.54
0.85



[bookmark: _Ref398897085]Table 2. Inventory data for polybutylene succinate (PBS) on the pilot and stoichiometric scales.

Pilot
Stoic.
Input (kg)


Succinic Acid
1.89
0.69
1,4-Butanediol
1.51
0.52
Liquid Nitrogen
10.15
-
Ethylene glycol (for cleaning)
11.13
-
Output (kg)


PBS Pellet
2.10
1.00
1,4-Butanediol (unreacted)
0.07
-
Ethylene glycol (for cleaning)
11.13
-
Nitrogen waste
10.15
-
Waste water
0.44
0.21
Energy consumption (MJ)
198.37
0.95




Finally, a sensitivity analysis was performed to evaluate and compare different renewable sources and chemical routes available for the production of bio-based succinic acid. The biomasses considered were maize starch, sugarcane, and lignocellulosics, and the methods of extraction taken into account were crystallization and electrodialysis, for a total of 6 different cases analyzed. Data on the environmental impact of bio-based succinic acid were derived from Patel et al. (2006).

Scale-up function definition
The last step of the protocol consists of the identification of the scale-up function. Starting from the set of data points of the reference polymer (PET), different mathematical functions (regressive or interpolating) were identified. In particular, linear, logarithmic, polynomial, and power regression, as well as linear interpolation, were analyzed using Excel functions. The mathematical functions obtained for the reference polymer were then applied to the set of data points of the biopolymer (PBS), in which the missing information is the industrial scale data points. Such data points were identified using data visualization and curve fitting in order to reach the best fit.
Considering a single data point, in the case of regression functions, the industrial point () was identified by computing the value of the scale-up function corresponding to the normalized mass conversion yield in the BAT hypothesis:
	
	(7)


The resulting impacts at the industrial scale were not consistent because lower than the impact of the stoichiometric baseline for the production of partly bio-based PBS. Therefore, the regression functions showed a poor fitting with the set of data points of the biopolymer and were disregarded.
On the other hand, linear interpolation proved to be a suitable trade-off between accuracy of results and ease of implementation. For this reason, linear interpolation was adopted in the present work.
The minimum subset of data points defining the environmental impact of the reference polymer at different production scales is represented as follows:
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This subset of points can be obtained by following the scale-up protocol as previously detailed. The linear interpolation on the set defined in (8) is represented by the concatenation of the linear interpolants between each pair of data points. The resulting function is continuous of class  and is defined by the following:
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where  and  are, respectively, the slopes of the lines interpolating the pilot-industrial data points and the industrial-stoichiometric data points.
Equation (9) is called the linear scale-up function, and it can be used straightforwardly to forecast, as a first approximation, the potential environmental impact of production of the biopolymer on an industrial scale.

Scale-up of the biopolymer environmental impact
According to the previously described scale-up protocol, the minimum subset of data points for the biopolymer is as follows:
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The data point representing the biopolymer impact on the industrial scale is missing, and it can be forecasted by means of the scale-up function defined from the set of data points of the reference polymer. If the reference polymer is chosen properly (first point of the scale-up protocol, §3), it can be assumed that the environmental impact, as a function of the normalized mass conversion yield, has the same trend for both the reference polymer and the bio-based polymer. Thus, with reference to the scale-up function (9), the following can be written:
	
	(11)


In particular, if we consider the first part of function (9), relating pilot and industrial scale impacts for the reference polymer and the angular coefficient , a sheaf of lines for the biopolymer can be defined:
	
	(12)


Within this sheaf of lines, the line passing through the pilot scale data point can be identified :
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Similarly, taking into account the second part of (9), the angular coefficient  and the data point , it is possible to identify the line passing through that point:
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Finally, the intersection of (13) and (14) determines a point that represents the environmental impact of the bio-based polymer on the industrial scale (Figure 2).
The method described above can be applied straightforwardly to a larger set of data points, considering one pair of minimum subsets (as defined in (8) and (10)) per time. This way, the resulting environmental impact of the biopolymer on an industrial scale is defined not just by one number but by means of a values distribution that is representative of the forecast uncertainty.
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[bookmark: _Ref424203665]Figure 2. Intersection of the scale-up functions applied to the bio-based polymer.


Results
The iteration of the procedure just described gave rise to a considerable number of results. For example, in Figure 3, the resulting linear interpolation for GHG emissions of PET is presented. GHG values range from 15 to 45 kg CO2 eq/kg of PET, but uncertainty is considerably reduced for the industrial production, where the mean value is 2.5 kg CO2 eq/kg.
Because of the large number of data points, the scale-up function is not limited to just one polygonal chain, but to a bundle of lines (gray area in Figure 3). Each scale-up function was then applied singularly to the data points representing the environmental impact of PBS at the pilot and stoichiometric scales. The intersections of the resulting functions identified the GHG emissions of PBS produced from bio-based succinic acid (Figure 4).
Following the same methodology, the CED for partly bio-based PBS produced on an industrial scale was assessed. The resulting linear interpolation presents the same trend of the GHG indicator.


[bookmark: _Ref398564753]Figure 3. Linear interpolation of polyethylene terephthalate (PET) data points for Greenhouse Gas emissions (GHG) at different production scales.
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[bookmark: _Ref402794458]Figure 4. Greenhouse Gas emissions (GHG) of polybutylene succinate (PBS) at different production scales.


Finally, the probability distribution of results for GHG emission of PBS is presented in Figure 5. Boxplots show the probability distributions with a 90% confidence interval. The performance of PBS at the pilot scale range from 25 to 55 kg CO2 eq/kg, but, using the scale-up protocol developed for PET, it is possible to estimate a mean GHG impact of 6.35 kg CO2 eq/kg for the industrial production of PBS.
All of the results (arithmetic mean values) for both PET and PBS are summarized in Table 3.
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[bookmark: _Ref394412340]Figure 5. Greenhouse Gas emissions (GHG) of polybutylene succinate (PBS). Probability distributions of results at different production scales.


[bookmark: _Ref394413229]Table 3. Environmental impact of polyethylene terephthalate (PET) and polybutylene succinate (PBS) at different production scales (mean values).

PET
PBS
Production scale
CED
GHG
CED
GHG

(MJ/kg PET)
(kg CO2 eq/kg PET)
(MJ/kg PBS)
(kg CO2 eq/kg PBS)
Pilot
625,63
23,98
893,55
36,57
Industrial
75,71
2,54
138,85
6,35
Stoichiometric
69,05
2,15
123,3
5,5


For PET, the highest environmental burden occurs at the pilot scale due to the high inefficiencies present in a laboratory/pilot plant. At the industrial scale, the quality and reliability of inventory data are remarkable because the processes involved are highly optimized with the BAT and the operative conditions of the reaction are very close to the ideal stoichiometric case. This leads to a much lower environmental impact in terms of both CED and GHG. Furthermore, the implementation of Monte Carlo analysis highlights a reduction in the uncertainty of results moving from the pilot scale to the industrial scale.
The results obtained by applying the scale-up protocol to the case of partly bio-based PBS are in accordance with the previous statement. With a confidence interval of 90%, it was possible to forecast CED and GHG for a future industrial production of PBS characterized by the use of BAT.
Another relevant result derived from the linear interpolation is the forecast of the mass conversion yield that can be reached in the polymerization of PBS at the industrial scale. The estimated mass conversion yield for PBS ranges between 77.3% and 80.5%, which is lower than the mass conversion yield of the current industrial production of PET (82.7%). This result is reasonable in the light of the differing stoichiometry of the two polycondensation reactions. In fact, the maximum mass conversion yield that can be reached in ideal conditions (i.e. the stoichiometric case) for PET is 84.2%, whereas that for PBS is 82.7%.

Sensitivity analysis of bio-based succinic acid
The results of the sensitivity analysis performed to evaluate the different renewable sources and production routes of the succinic acid monomer are presented in Figure 6 and Figure 7. The values refer to the impact of 1 kg of PBS pellet obtained starting from the 6 different alternatives for the bio-based succinic acid. As for all of the other assessments, Monte Carlo analysis was used to cope with the uncertainty of the results. The error bars in Figure 6 and Figure 7 indicate the 5th and the 95th percentile.

Maize Starch
Sugar Cane
Lignocellulosics

[bookmark: _Ref402267062][bookmark: _Ref416984838]Figure 6. Sensitivity analysis of the Greenhouse Gas emissions (GHG) indicator for polybutylene succinate with succinic acid from different renewable sources. CR: crystallization extraction process. EL: electrodialysis extraction process.
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[bookmark: _Ref402267064]Figure 7. Sensitivity analysis of the Cumulative Energy Demand (CED) indicator for polybutylene succinate with succinic acid from different renewable sources. CR: crystallization extraction process. EL: electrodialysis extraction process.
In Figure 6, PBS produced with maize starch via crystallization showed the highest impact, with a mean GHG value of 6.35 kg CO2 eq. On the other hand, with a mean value of 4.17 kg CO2 eq, the use of sugar cane and electrodialysis showed the lowest environmental burden. This trend is not totally confirmed in Figure 7, where CED is generally lower if the workup is obtained via electrodialysis, but energy consumption is not significantly affected by the biomass source.   
Therefore, the sensitivity analysis of the bio-based succinic acid highlights two general trends. Among the renewable sources considered, sugar cane leads to the lowest GHG emissions, followed by lignocellulosics and maize starch. Regarding the extraction process, electrodialysis leads to a lower environmental impact than crystallization for both of the considered indicators and independently from the starting biomass.

Discussion
From a methodological point of view, the present work faced two among the most recognized weaknesses of LCA, turning them into points of strength: (a) the lack of primary data at the industrial scale for innovative or early-stage systems and (b) the need for characterization of uncertainty in LCA results.
The former was addressed exploiting primary data measured at the pilot plant scale and applying the scale-up protocol previously described. The latter was addressed through a probabilistic characterization of the uncertainty in the results in order to forecast their probability density functions.
This kind of approach can streamline LCA for innovative systems, without a deep understanding of the industrial engineering. Primary data from the lab/pilot plant can be processed using a predictive model based on a comparable technology, developed for a different product. Bio-based polymers and biofuels represent the potential target for future applications. In this field, several lab/pilot scale applications exist, but the scale-up is often unfeasible. Thus, an ex-ante LCA can be the tool to estimate the optimized environmental performance and to understand whether the industrial production can be effectively sustainable and competitive.    
As far as the case study is concerned, the approach presented by the authors clearly demonstrates that the environmental burden of a material at the pilot scale is characterized by high uncertainty and is generally far higher than the respective industrial scale impact. Therefore, a direct comparison among processes at different scales would lead to inconsistent results. It follows that the scale-up protocol here presented can be used to overcome this issue, allowing a consistent change-oriented environmental impact assessment of innovative materials.
Furthermore, the use of the unit of mass as a functional unit is often applied in the LCA of materials. This approach is convenient for life cycle specialists, as the unit of mass corresponds to the reference flow, but the actual function of the material is not taken into account. Regarding the case study here presented, both the CED and GHG indicators scored higher values in the case of PBS when compared to PET, on the basis of 1 kg of polymer pellet. This result does not take into account the difference in the mechanical properties of the two polyesters. Therefore, for a more consistent comparison, information on the intrinsic properties of the materials are to be introduced and implemented. In future works, the authors will integrate the ex-ante LCA approach applied to bio-based polymers with multi-criteria material selection to better support the decision making process at the early design stage. In particular, the final goal of the authors is to extend the scope of the change-oriented assessment to include the use phase by means of material indices. These indices combine mechanical properties with environmental burdens for a straightforward comparison with the oil-based polymers currently in use. In the case of compostable or biodegradable polymers, appropriate considerations are required, and the horizon of the analysis may need to be extended to grave to include the potential impacts associated with disposal and waste management.


[bookmark: _Toc376512018]Conclusions
Life Cycle Assessment is a standardized and well developed methodology, but, as in the case of full-fledged LCA, it still has some limitations. In particular, the reliability and consistency of results might be compromised by a production scale issue in a comparative assessment of product systems at different stages of development.
The scale-up protocol presented here aims at overcoming the scale issue arising in comparisons between innovative processes at an early stage of development and industrially optimized processes. The most relevant added value of the methodology lies in the use of primary data collected on the lab/pilot scale. Producing both the new polymer and a reference polymer in the same lab/pilot plant provides meaningful information on the actual relationship between the impacts of the two materials. A coherent model for the scale-up of the environmental burden of the new polymer can then be proposed by combining the lab/pilot data with the stoichiometric baseline.
The uncertainty analysis was performed via Monte Carlo simulations to obtain results represented as a probability density function rather than a single deterministic value. This analysis is of particular interest in this case study because it involved different systems (lab/pilot scale and industrial production) characterized by different efficiencies and uncertainties. This type of analysis is necessary when two alternative materials or designs have to be compared.
The case study of PBS highlights the advantages of the scale-up methodology adopted, with particular reference to ease of implementation and consistency of results. 
The proposed methodology could easily be applied to other biopolymers, subject to the identification of a suitable reference polymer. A further validation of the scale-up methodology will be performed once an Environmental Product Declaration (EPD) or cradle-to-gate ecoprofile of the biopolymer is published.
Furthermore, as mentioned before, the outcomes of the proposed scale-up protocol will be used for a multi-criteria comparison between bio-based PBS and traditional polymers used for food packaging, taking into account both the intrinsic properties of the materials and their environmental performance.
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(1) Choice of reference polymer

(a) the reference polymer and the biopolymer should belong to the same polymer class (e.g. polyesters);
(b) the synthesis of the reference polymer and of the biopolymer should follow comparable chemical routes;
(c) data on the industrial scale must be available for the reference polymer.

(2) Pilot scale production and (3) Industrial scale assessment (4) Stoichiometric baseline.
assessment. of the reference polymer.
Pilot Scale ------------------ + Industrial Scale <---------------- Stmchlox.netrlc
El=f@®) El=f@®) Bascline

(5) Scale-up function definition.

Considering the complete set of data pertaining to the reference polymer, a relationship among the impacts at different
scales (Environmental Impact, ET) is defined as a function of the mass conversion yield (7,455 ) of the chemical
conversion process.
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