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Abstract
Purpose In this paper, we present new tools to ease the analysis of the effect of variability and uncertainty on life cycle 
assessment (LCA) results.
Methods The tools consist of a standard protocol and an open-source library: lca_algebraic. This library, written in Python 
and based on the framework Brightway2 (Mutel in J Open Source Softw 2(12):236, 2017) provides functions to support 
sensitivity analysis by bringing symbolic calculus to LCA. The use of symbolic calculus eases the definition of parametric 
inventories and enables a very fast evaluation of impacts by factorizing the background activities. Thanks to this process-
ing speed, a large number of Monte Carlo simulations can be generated to evaluate the variation of the impacts and apply 
advanced statistic tools such as Sobol indices to quantify the contribution of each parameter to the final variance (Sobol in 
Math Comput Simul 55 (1–3):271–280, 2001). An additional algorithm uses the key parameters, identified from their high 
Sobol indices, to generate simplified arithmetic models for fast estimates of LCA results.
Results and discussion The protocol and library were validated through their application to the assessment of impacts of 
mono crystalline photovoltaic (PV) systems. A comprehensive sensitivity analysis was performed based on the protocol and 
the complementary functions provided by lca_algebraic. The proposed tools helped building a detailed parametric reference 
LCA model of the PV system to identify the range of variation of multi-criterion LCA results and the key foreground-related 
parameters explaining these variations. Based on these key parameters, we generated simplified arithmetic models for quick 
and simple multi-criteria environmental assessments to be used by non-expert LCA users. The resulting models are both 
compact and aligned with the reference parametric LCA model of crystalline silicon PV systems.
Conclusion This work brings powerful and practical tools to the LCA community to better understand, identify, and quantify 
the sources of variation of environmental impacts and produce simplified models to spread the use of LCA among non-
experts. The library mainly explores the uncertainties of the foreground activities. Further work could also integrate the 
uncertainty of background activities, described, for example, by pedigree matrices.

Keywords Simplified LCA models · Parametrization · Variability · Uncertainty · Global sensitivity analysis · Symbolic 
calculus · Python · Multi-criteria

1 Introduction

Renewable energies are expected to develop rapidly in the 
next decades to help reduce greenhouse gas emissions and 
therefore limit global climate change (Eldenhofer et  al. 
2012). In that context, authorities and industrial stakehold-
ers increasingly request accurate assessments of the potential 
environmental impacts of energy systems to avoid any burden-
shifting when replacing existing energy systems by renewable 
ones and provide decision support (Parliament 2014). Such 
assessments typically rely on life cycle assessment (LCA), a 
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methodology estimating the potential environmental impacts 
of a system over all its life cycle stages (ISO 14040, 2006).

However, the important spread of LCA results compli-
cates decision making and may affect the confidence in this 
analytical method. For example, for mono crystalline PV 
system, the Intergovernmental Panel on Climate Change 
(IPCC) reports a carbon footprint ranging from 30 to 215 g 
 CO2eq/kWh (Eldenhofer et al. 2012).

Walker et al. (2003) distinguishes two types of uncer-
tainty, influencing the spread in LCA results:

• Epistemic uncertainty is due to a lack of knowledge 
of the system or bad accuracy of the model. It can be 
reduced by acquiring more data and refining mathemati-
cal models (Clavreul et al. 2013; Igos et al. 2018).

• Stochastic uncertainty is inherent to the variability of the 
system and cannot be reduced with a single static model. 
It corresponds to various configurations and technical 
choices within a single sector.

Stochastic uncertainty can be accounted for by describing 
the system using well-defined parameters (Wei et al. 2014). 
Reference LCA models provide such a parametrized descrip-
tion of a system. They allow sensitivity analyses that quan-
tify the effects of parameter variation on the LCA result 
(Pianosi et al. 2016). Several approaches are available for 
sensitivity analysis, varying in complexity and accuracy:

– Local analysis, which consists in varying one parameter 
at a time (OAT). It is simple and fast to carry out, but 
shows several limitations: It does not provide a quantita-
tive assessment of the variance of the impacts and may 
hide the combined effect of several parameters.

– Global sensitivity analysis (GSA), on the contrary, is 
based on simultaneous variations of all parameters. It 
requires a good knowledge of the distributions of all 
input parameters and much more computing power.

The knowledge of the parameters influencing the LCA 
results the most, thus key parameters, is important to deci-
sion makers. It allows them to focus on a reduced number of 
parameters to (1) reduce the uncertainty of the environmental 
impacts by improving the parameters’ characterization and 
(2) reduce the environmental impacts themselves by modify-
ing these parameters at the design stage. The key parameters 
also allow to build simplified parametric models: These are 
short arithmetic formulas based on a few parameters, suitable 
for rapid environmental impact assessments by non-experts.

Classic LCA software does not provide, to our knowl-
edge, advanced statistical tools for the application of 
GSA methods. To overcome these limitations, a growing 
community of LCA experts is now using programming 
languages, such as Python or R together with libraries 

dedicated to LCA, such as Brightway2 (Mutel 2017). 
While they provide higher flexibility for custom analysis, 
these tools require learning a programming language and 
specific syntax of custom libraries.

In that context, the INCER-ACV project, funded by the 
French Agency ADEME, provided practical methodology 
and tools for the LCA community to build reference LCA 
models, apply sensitivity analyses, and generate simplified 
models. INCER-ACV was built upon previous work by 
Padey et al. (2013), who first provided guidelines to develop 
parametrized inventories and explored how GSA could be 
used to identify key parameters.

In practice, we wrote a protocol and developed a new 
library, lca_algebraic, to generalize and ease the analysis of 
uncertainties and variability in LCA by bringing symbolic 
calculus to Brightway2. Traditional LCA software uses a 
procedural approach with direct numerical processing to cal-
culate impacts. Symbolic calculation uses a declarative defi-
nition and manipulates full arithmetic formulas for deferred 
evaluation.

This novel approach constitutes the innovation of this 
article and adds several benefits:

• The use of symbolic calculus enables simple and com-
pact declarative definition of parametric inventories, by 
using standard Python expressions and without learning 
any new technical interface.

• It permits the factorization of the impact of background 
activities, allowing fast computation of environmental 
impacts. This processing speed is key in the processing 
of GSA, requiring very large number of Monte Carlo 
simulations.

• The usage of symbolic calculus enables to automatically 
generate simplified models, based on the key parameters 
identified by the GSA. This method is automatic and 
systematic and does not require custom development or 
regression like simplified models developed by Padey 
et al. (2013) or Lacirignola et al. (2014).

• Our approach enables a fine tuning of the balance 
between the simplicity of the model and its accuracy, 
driven by the choice of the share of variability to be 
explained and the overlap between the reference LCA 
model and the simplified models.

• Finally, we propose a practical tool, ready to be used by 
the practitioners.

This protocol and the library have been used successfully 
in three case studies, carried out by academic and industrial 
actors, namely, photovoltaic systems (Besseau 2019; Pérez-
López et al. 2020), floating wind turbines (Pérez-López et al. 
2020), and geothermal energy (Douziech et al. 2021). The 
application to all the case studies made it possible to refine 
these tools by integrating the feedback of users.
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Contrary to the above mentioned studies already pub-
lished, our aim with this paper is to highlight the strengths 
of the newly developed library and explore how this novel 
approach enables to thoroughly analyze the effect of uncer-
tainties and variability of input parameters in LCA results, 
and to develop simplified LCA models. (Besseau 2019; 
Pérez-López et al. 2020; Pérez-López et al. 2020; Douziech 
et al. 2021) focused on developing parameterized LCA mod-
els, and sometimes simplified models, without explaining 
the lca_algebraic library itself nor exploring the different 
methodologies for sensitivity analysis.

2  Methods

In this section, we first provide an overview of the proto-
col. Then we present the lca_algebraic library and its main 
features. Finally, we detail each step of the protocol and the 
implementation with the library.

2.1  Overview of the protocol

In this article, we propose a protocol to conduct comprehen-
sive sensitivity analysis of LCA studies based on five steps, 
from the definition of the scope of the study, to the genera-
tion of simplified models. This protocol extends the work of 
Padey et al. (2013), providing generic methodology to build 
simplified models. It is fully compatible with the four steps 
of the application of LCA according to ISO 14040 (2006), 
namely, (i) goal and scope definition, (ii) inventory analysis, 
(iii) life cycle impact assessment, and (iv) interpretation.

Figure 1 gives an overview of the protocol detailed in the 
technical report of the project INCER-ACV (ADEME, grant 
no. 1705C0045) (Pérez-López et al. 2020). The protocol 
starts by defining the scope of the study (1) which requires 
setting the boundaries of the system under study and the 
environmental impacts to be considered. Then, a reference 
LCA model is built (2). The distribution of the input param-
eters of the model are characterized (3). Local and global 
sensitivity analyses are conducted on this reference LCA 
model (4). The GSA provides a quantification of the influ-
ence of each parameter’s variation on the total variability of 
the environmental impact results. We chose Sobol indices as 
the method for GSA, as it provides accurate results, even for 
nonlinear models and large uncertainty (Groen et al. 2016). 
Finally, we propose an algorithm to select the key param-
eters and transform the reference parametrized model into a 
simplified arithmetic expression (5).

The application of this protocol provides three main 
outcomes: (a) an accurate estimate of the environmental 
impacts and their variability described by a statistical distri-
bution; (b) a selection of the key input parameters, explain-
ing most of the variability; and (c) simplified models for 

rapid estimation of environmental impacts of a specific sys-
tem within the domain defined in step (1).

2.2  lca_algebraic library

We developed the Python library lca_algebraic to support 
each step of the protocol. This library is published under 
the open-source BSD license. It is freely available on the 
internet, together with instructions for its installation and an 
example script (https:// github. com/ oie- mines- paris tech/ lca_ 
algeb raic/). It is based on two other open source libraries: 
Brightway2, a common tool for LCA, and Sympy, a library 
for symbolic calculus.

The lca_algebraic library uses algebraic computation 
instead of numerical evaluation. This choice provides several 
benefits for the implementation of the protocol. The func-
tions provided by lca_algebraic serve to build the models 
needed to carry out the inventory analysis and impact assess-
ment phases of LCA application, as well as to facilitate sen-
sitivity analyses required in the interpretation phase.

2.2.1  Construction of the reference parametric model

The construction of the reference parametric model (step 2 
in Fig. 1) of the life cycle inventory is eased by algebraic cal-
culus. The parameters are defined as Sympy symbols. Unlike 
standard Python variables, expressions involving Sympy 
symbols will result in the definition of a symbolic formula, 
instead of a direct numerical evaluation. The complete for-
mulas are stored in the inventory database. This enables a 
seamless and compact definition of parametric inventories 
for users, by writing standard Python expressions and with-
out the need for additional technical syntax.

2.2.2  Fast sensitivity analyses

The use of symbolic calculus enables the optimization of 
the computation of environmental impacts, by factorizing 
the background activities. The processing speed is key for 
the application of global sensitivity analyses, based on large 
Monte Carlo simulations.

Figure 2 illustrates the internal details of the calculation 
of the environmental impacts.

A parametrized life cycle inventory can be represented as 
a tree of technical activities. Each of them may consume and 
emit elementary substances and use products of other activi-
ties (material or energy). Each activity can thus be modeled 
as a linear combination of exchanges with other activities 
and elementary substances. The amounts of these exchanges 
may be quantified by fixed or parametrized values.

We distinguish between foreground (Fi) and background 
(Bi) activities. The foreground activities are those within the 
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control of the designer of the system (Frischknecht 1998). 
They are the ones which may be parametrized. The back-
ground activities are the resources and sub-parts used by 
the foreground activities. The decision-maker has no control 
over them.

When the calculation of the environmental impacts 
is requested, the library single function of both the input 
parameters (Pi) and the background activities (Bj) as for-
malized in Eq. 1.

Second, the library computes, for each of the considered 
impact categories, the environmental impact of the back-
ground activities (Bj), by calling the chosen life cycle impact 
assessment (LCIA) method, as implemented in Brightway2, 

(1)Inventory = f (Pi,Bj)

once and for all. Each background activity Bj is then substi-
tuted in the function f(Pi, Bj) by the value of the computed 
environmental impact. This leads to the definition of one 
formula fk, per impact category k, as a function of the param-
eters Pi only, as shown in Eq. 2.

Third, the formulas fk are compiled by Sympy into low-
level functions, capable of processing large vectors of data 
at once. Typically, the library can compute environmental 
impact results for a million scenarios in a few seconds, for a 
large model with 30 parameters. This is several thousands of 
times faster than the standard parametrization mechanism of 
Brightway2, capable of processing hundreds of samples per  
second. Brightway2 itself is already an improvement over 

(2)Impactk = fk(Pi)

Fig. 1  Overview of the protocol for sensitivity analysis in LCA
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other software, which can usually perform only a few cal-
culations per second (Heijungs 2019).

This processing speed allows to perform quickly a large 
number of Monte Carlo simulations and to apply global sen-
sitivity analysis on these results, thus providing insights on 
the variance of the environmental impact results and the role 
of each parameter.

2.3  Detailed protocol and use of lca_algebraic

In this section, we detail each step of the protocol and illus-
trate how the library is used in practice.

2.3.1  Definition of the scope of the study

In this step of the protocol, the following aspects must be 
defined:

• The functional unit of the system. The estimation of the 
environmental impacts refers to this functional unit.

• The boundaries of the system: location of production and 
usage, size of the system, technologies considered, etc.

• The environmental impacts to be estimated and their 
characterization methods.

• The LCA database(s) selected to model the background 
activities in the study.

2.3.2  Construction of the reference LCA model

The definition of the reference LCA model can be achieved 
either by parametrizing an existing inventory, or by build-
ing a new inventory from scratch. One should choose which 
characteristics of the system may vary and parametrize the 
inventory accordingly. We recommend starting from a typi-
cal system, representative of the scope defined previously. 
All the sub-parts of the system and all the phases of the life 
cycle should be considered.

A first life cycle impact assessment (LCIA) of the typical 
system can be performed in order to break down the environ-
mental impacts by system part and/or life cycle phase. The 
parts of the system showing the greatest impacts should be 
parametrized in priority.

lca_algebraic provides three types of parameters that can 
be used in the inventory:

• Float: decimal parameters,
• Boolean: discrete parameters: 0 or 1,
• Enumerated (enum): discrete parameters set to one value 

among a predefined list. They are modeled internally as a 
linear combination of a set of exclusive boolean param-
eters.

Boolean and enum parameters are used to model condi-
tional choices. By using a declarative definition instead of 
an imperative construction (if … then … else), we build a 

Fig. 2  Internal details of the 
library: development of the 
parametric inventory into a 
single symbolic function
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single static inventory for all cases, controlled by the values 
of the parameters. This allows the factorization of back-
ground activities and the gain of performance described in 
the Sec. 2.2.

lca_algebraic also provides a set of helper functions, to:

(1) Select background activities from the background 
database;
(2) Duplicate background activities in the foreground and 
modify them;
(3) Create new activities referring to background activi-
ties.

Overall, the declarative syntax and help functions make 
it possible to write compact and understandable code that is 
easier to maintain. A sample code is provided in Fig. 4 and 
discussed in Sec. 3.2.

Dependency of parameters The sensitivity analyses per-
formed later in the protocol require that all parameters are 
statistically independent (Groen and Heijungs 2017). The 
library takes care of it for the enumerated, mutually exclu-
sive parameters. When processing the GSA, it derives them 
from a single random float parameter between 0 and 1. For 
other parameters, the practitioners should ensure that they 
are independent. If not, they may manually perform a change 
of basis to make them independent.

Let us consider for instance three positive float parame-
ters a, b, and c, bound together by the constraint a + b + c < s. 
Those parameters are dependent. The developer of the model 
should introduce 3 parameters a′, b′, and c′, varying indepen-
dently on [0, s], and replace a, b, and c as follows:

2.3.3  Distribution of input parameters

Once a reference LCA model has been built, the distribution 
of all input parameters should be characterized. We recom-
mend several sources of information for this purpose: (1) 
academic literature, (2) manufacturer’s catalogs, (3) market 
studies, (4) atlas of resources for energy systems (sun, wind), 
or (5) open-data and crowd-sourcing.

lca_algebraic supports the modeling of seven types of 
probabilistic distributions:

• Fixed: for excluding parameters from the statistical study
• Uniform: uniform distribution within the range of defini-

tion

a =
a� × s�

a� + b� + c�
, b =

b� × s�

a� + b� + c�
, c =

c� × s�

a� + b� + c�

• Triangle: null probability at the boundaries and highest 
probability for a default value, to be defined within this 
range. This type of distribution is useful for parameters 
for which literature only provides a range of extreme val-
ues and a usual one.

• Normal: normal distribution, capped to minimum and 
maximum values

• Log-normal: log-normal distribution, capped to mini-
mum and maximum values

• Beta: beta distribution, capped to minimum and maxi-
mum values

• Statistic weight: for discrete parameters: boolean and 
enum

These types of distribution are consistent with the pos-
sibilities offered by traditional LCA software and were suf-
ficient to model all the input distributions for the three case 
studies.

2.3.4  Sensitivity analyses

Once the reference LCA model is defined and the prob-
ability distributions of input parameters characterized, two 
approaches of sensitivity analysis can be applied: local and 
global analyses.

Local analysis Local sensitivity analysis consists in varying 
one parameter at a time (OAT) on its domain of definition, 
while the other parameters are kept to their default values. 
This method is simple and fast and does not require a precise 
knowledge on the distribution of uncertainties of the input 
parameters. It may be useful as a first step, to provide an 
overview of the importance of each parameter.

lca_algebraic implements OAT and presents the results 
in two forms:

• a set of graphs showing the evolution of each impact 
according to the variation of each parameter

• a single heat-map of the relative variability (max–min/
mean) for each impact and parameter

This method shows some limitations though: it does 
not provide a quantified assessment of the variance of the 
impacts, and it may hide the importance of some parameters, 
only revealed when combined with different setups of the 
other parameters.

Global analysis The limitations of a local analysis can be 
overcome with a global sensitivity analysis. A global analy-
sis uses a Monte Carlo simulation of all parameters at once 
and provides quantified indications of the variability of the 
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impacts and the role of each parameter in this variability. 
It should be noted that the values of uncertainty computed 
at this step only account for the variability of parametrized 
activities and do not propagate the uncertainty of the other 
inventories, thus providing only a lower bound of the total 
uncertainty of the model.

The library starts by generating many input parameter 
values according to their distributions, as defined in Sec. 
2.3.3. For this step, we use the Saltelli approach (Saltelli 
and Annoni 2010). This pseudo-random generation is opti-
mized to accelerate the convergence of Sobol indices (Sobol 
2001) with fewer samples. The number of samples required 
depends on the complexity of the model and the number 
of parameters. Several tests should be carried out with an 
increasing number of samples until all statistical indicators 
converge.

lca_algebraic then computes all environmental impacts 
for all the sample input parameters, harnessing the process-
ing speed provided by the algebraic approach. Several sta-
tistical methods are then applied to the results in order to 
provide insights on the distributions of the environmental 
impacts and the importance of each parameter in the final 
variability.

Distribution of impacts lca_algebraic computes several out-
puts from the Monte Carlo simulation of the environmental 
impacts:

• A graph of the full statistical distribution of each envi-
ronmental impact

• A set of statistical indicators: mean, median, standard 
deviation, coefficient of variation (standard deviation/
mean) and percentiles

Validation of the reference model The outcome of the global 
sensitivity analysis can be used to validate the reference 
LCA model against specific LCA results of similar systems. 
The lower and upper bounds should be compared to typical 
bounds found in the literature. lca_algebraic also provides 
a function for computing the environmental impacts for a 
given configuration of input parameters. It can be used to 
simulate a particular system whose environmental impacts 
have been assessed and published.

Decomposition of variance and Sobol indices Based on the 
Monte Carlo analysis results, a global sensitivity analysis 
following the variance decomposition approach proposed by 
Sobol is performed (Sobol 2001). Sobol indices are scalar 
values from zero to one. They quantify the importance of 
each input parameter in the final variance of a model output, 
in this case, the LCA result for a given environmental impact 
category. They are based on the decomposition of variance:

where Si is the Sobol indice of first order of the parameter 
Pi and Y is the impact.

The sum of all Sobol indices is equal to 1. Sobol indices 
of higher order quantify the combined effect of several 
parameters. We did not use higher-order Sobol indices in 
our case studies because the effect of interactions was mar-
ginal and accounting for them requires many more sam-
ples to converge. The Sobol indices are then shown as a 
heat-map, with a color associated with each parameter and 
impact category. This provides an overview of the impor-
tance of each parameter to the variance of each impact.

Sobol indices are also used for generating simplified 
models, as described in Sec. 2.3.5.

2.3.5  Generation of simplified models

The computation of Sobol indices allows the identifica-
tion of key parameters with the highest contributions to 
the total variance. These parameters can be then used to 
obtain simplified expressions providing accurate estimates 
of LCA results.

The use of symbolic calculus enables automatic manip-
ulation of formulas. The library implements an algorithm, 
described in Fig. 3, selecting the most significant param-
eters and generating simplified models of the environmen-
tal impacts.

To select the key parameters, a threshold needs to be 
selected first. It represents the share of variability to be 
explained by the simplified model. This threshold is a 
trade-off between the simplicity of the generated simpli-
fied model and its accuracy. We chose 80% for our case 
studies.

Then, for each category of impact k, the following four 
steps are automatically carried out to first identify the key 
parameters (step 1) and then transform the formulas of the 
reference model fk, described in Sec. 2.2 (Eq. 2) (steps 2, 3, 
and 4) (Fig. 3):

(1) The input parameters are sorted by their Sobol indices 
of first order. A subset of the most significant parameters 
is selected, until the sum of their Sobol indices reaches 
the chosen threshold. In the example shown in Fig. 3, the 
parameters P1 and P4 would be selected, since they are 
explaining more than 80% of the total variance.
(2) Each minor parameter (not selected above) is replaced 
by the mean value (μ) of its statistical distribution. In 
the example shown on Fig. 3, the parameters P2 and P3 
would be replaced by their mean value.

(3)Si =
���

[
�
[
Y|Pi

]]

���[Y]
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(3) Each numerical value is rounded to 3 significant digits. 
In Fig. 3, decimal values like m.nnnn are replaced by m.nn.
(4) For each sum in the formula, the terms contributing 
to less than 1% of the sum are removed, In Fig. 3, sums 
like a + b + ε are replaced by a + b.

The resulting formula is a short arithmetic expression, 
involving only a few parameters, ready to be used for rough 
estimates of LCA results by non-experts. It should be noted 
that, for each category of environmental impact, a separate 
simplified model is generated, possibly involving a different 
subset of parameters. The validity of those simplified models 
is strictly limited to the framework defined in Sec. 2.3.1 and 
to the bounds identified for the parameters.

Validation of the simplified models The library provides an 
automatic function to assess the accuracy of the simplified 
models, compared to the reference one. It performs a paired 
Monte Carlo simulation (Suh and Qin, 2017) applying the 
same set of Monte Carlo samples to obtain the LCA results 
from the reference and the simplified models.

It should be noted that for the simplified model, only the 
uncertainty of the selected parameters is propagated. Per-
forming paired Monte Carlo simulations ensures that we 
compare the models fairly (Brömssen and Röös, 2020), only 
accounting for the differences of the two models, decoupled 
from the uncertainty of the input parameters themselves.

The resulting distributions and statistical indicators of 
both models are shown on a single graph. The function also 

computes the coefficient of determination R2, quantifying 
the difference between the two distributions.

yi and ŷi designate respectively the samples of the refer-
ence LCA model and the simplified model. y is the mean of 
the impact for the reference model.

The library also produces a separate graph of the residu-
als ( yi vs ŷi ), enabling the user to explore in details how the 
simplified model fits to the reference one, and whether more 
parameters need to be taken into account, to locally increase 
the accuracy of the simplified models.

3  Results and discussion

We illustrate the application of the protocol by presenting 
the main results of the case study performed on photovoltaic 
systems (PV) in the INCER-ACV project. The purpose of 
this section is to discuss the benefits of the protocol and the 
library, rather than the values themselves.

3.1  Scope of the study

This case study covers crystalline silicon photovoltaic sys-
tems installed either on roof or on land, of any size: from 
small residential installations to large industrial ones.

(4)R2 = 1 −

∑
i(yi − ŷi)

2

∑
i(yi − y)2

Fig. 3  Algorithm generating simplified models
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Twelve environmental impact categories were identified  
as relevant for the analyzed technology according to the lit-
erature and selected in this case study. Out of these catego-
ries, we present here only the results for the climate change 
category of ILCD 2.0, (European Commission Joint Research 
Centre 2018). This impact is expressed in kilogram of  CO2 
equivalent. All results for the other impact categories are pro-
vided separately as supporting information.

The production of one unit of energy by the PV system, 
expressed in kilowatt-hours (kWh), was selected as the func-
tional unit. Thus, the total impacts over the PV system’s 
lifetime were divided by the total energy produced over this 
period.

We used ecoinvent v3.4 as database of the background 
activities, due to its widespread use within the community. 
lca_algebraic should also support any database compatible 
with Brightway2.

3.2  Construction of the reference model

For this case study, we implemented the parametric model 
of mono-crystalline photovoltaic systems developed by 
Besseau (2019). This model includes 30 parameters. These 
parameters were identified by focusing on activities with sig-
nificant relative contributions to the total impacts or activi-
ties that depend on highly variable parameters. This step of 

the protocol is strongly dependent on the evaluated system 
and has to be, thus, carried out by an LCA expert with good 
knowledge on the sector of application.

Figure 4 shows a sample code of the definition of the 
reference model. New exchanges are defined as a stand-
ard Python dictionary. The keys of the dictionary refer to 
background activities selected from the database or to other 
foreground activities defined previously. The values of the 
dictionary are either static values or standard Python expres-
sions (such as P_module, surface, …) referring to parame-
ters defined previously (such as module_efficiency). Note the 
usage of the boolean parameter is_ground_system condition-
ing the diesel activity required for ground PV installation.

This code shows mainly functional logic and little extra 
technical syntax. It is fairly easy to understand and maintain.

3.3  Distribution of input parameters

The selection of appropriate distributions for the input 
parameters has a strong influence on the results of the sen-
sitivity analysis and the resulting deduction of simplified 
models, as already highlighted by Lacirignola et al. (2017). 
The definition of the type of variable input parameter and 
the distribution that represents it well depends on the type of 
parameter and ideally requires detailed data gathering from 
existing literature. When the information is scarce, certain 

Fig. 4  Sample code of the defi-
nition of a parametrized LCA 
model with lca_algebraic
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distributions can be used as an estimate (e.g., triangular, 
uniform), but further analyses of the sensitivity of the results 
to these choices might be needed.

In this case, we used all types of parameters provided by 
the library in the reference LCA model for PV:

We used a boolean parameter for the type of installation, with 
equiprobability between rooftop and ground installations.
We used an enum parameter as the choice of the electricity 
mix used for the manufacturing phase, with probability 
weights corresponding to the current reality of the market.

All other parameters are modeled as float values, with the 
following distributions:

For most parameters of the model, we used triangle dis-
tributions, with bounds corresponding to the minimum 
and maximum values found in the literature and manu-
facturer’s catalogs, and the mode (higher probability) set 
as the most common value found in current installations.
We used a crowd-sourced database of domestic PV produc-
tion (BDPV) to assess the capacity of production (kWh/
kWp/year) and modeled it with a normal distribution.

The complete list of parameters is provided as supporting 
information.

3.4  Sensitivity analysis

In this section, the results of the sensitivity analyses as 
processed automatically by the library are presented and 
discussed.

3.4.1  Local analysis

Figure 5 is an output of the local (OAT) analysis, as pro-
duced by the library. It shows the impact on climate change 
according to the yearly expected producible.

Although the library allows for quick exploration of the 
OAT of each parameter, it is best to focus on the parameters 
that show the most impact on the total variability. In this 
case study, the GSA provided in Sec. 3.4.2 shows the yearly 
producible as one key parameter.

The information provided by the OAT is complementary 
to that provided by the GSA. The GSA provides a quantifi-
cation of the relative importance of a parameter. The OAT, 
on the other hand, provides insight into the direction of that 
contribution and the absolute bounds of that variation.

Here, the climate change impact decreases sharply (from 
80 to 30 g of  CO2eq/kWh) as the annual producible increases. 
This result is expected, since the producible is used in the 
calculation of the functional unit (annual electricity produc-
tion), which is the denominator of all impacts.

3.4.2  Global analysis

For this case study, with thirty parameters, the convergence 
of the indicators was observed starting at one million sam-
ples. This convergence depends of the complexity of the 
model and the number of parameters. The practitioners 
should repeat the global analysis with an increasing number 
of samples until the results converge.

The computation of LCA for the corresponding Monte 
Carlo simulations took around three seconds on a PC with 
Intel i7 CPU (1.80 GHz) and 16 Gb of RAM. It would 

Fig. 5  Example OAT. Climate 
change according to electricity 
producible
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have required around three hours of computation using the 
standard parametrization mechanism provided by Bright-
way2 (around hundred iterations per second).

Distribution of impacts Figure 6 shows the outcome of the 
Monte Carlo simulation in form of a distribution and the 
statistic indicators of the impact. The statistic indicators are 
shown on the right: mean (μ), median, standard deviation 
(σ), coefficient of variation (σ/μ), and percentiles (5% and 
95%).

The graph here shows the shape of a lognormal distri-
bution, typical of a statistical variable resulting from the 
combined contribution of many independent parameters.

The mean of this distribution is 37.6 g  CO2eq/kWh with 
a standard deviation of 9.8 g  CO2eq/kWh. The variability 
is significant, with a coefficient of variation (σ/μ) equal 
to 26%.

Validation of the reference model Those results are con-
sistent with the existing literature. IPCC (Eldenhofer et al. 
2012) reports climate change impacts ranging from 30 to 
215 g  CO2eq/kWh. Our results appear in the lower bounds 
of those estimates as Besseau (2019) updated the inventories 
of photovoltaic systems with the latest improvements of the 
industry.

Sobol indices Figure 7 is a part of the heat map showing 
the values of Sobol indices for all the impacts considered. 

Climate Change is highlighted in blue. The full figure is 
provided as supportive information.

Fig. 6  Distribution of the impact climate change

Fig. 7  Heat map of Sobol indices
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While most parameters are either significant or negligi-
ble for all impacts, some turn out to be important for some 
categories of impact only. For climate change, five param-
eters stand out: Producible, PvLifetime, SiliconElecIntensity, 
ModuleEfficiency, and ElecSwitch.

3.5  Simplified model

The highest Sobol indices of four parameters (Producible, 
PvLifetime, SiliconElecIntensity, ModuleEfficiency) sum up 
to 80% of the total variance. Eighty percent is an arbitrary 

Fig. 8  Validation of the simplified model for climate change. Comparison of the distributions

Fig. 9  Validation of the simplified model for climate change. Graph of residuals
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threshold we chose in this study as a good compromise 
between the complexity of the simplified models and their 
accuracy. The practitioners may incrementally adapt this 
threshold to the complexity of their inventory and the accu-
racy of the resulting models.

These four parameters are automatically selected by the 
algorithm described in Sec. 2.3.5, producing the simplified 
model shown in Eq. 5:

I Climate is expressed in kilogram of  CO2 equivalent; Mod-
uleEfficiency is the expected peak power of the PV module, 
per surface, including inverter losses, expressed in kilowatt-
peak per square meter; Lifetime is the expected duration of 
the installation, in years; SiliconElecIntensity is the amount 
of energy required to produce 1 kg of silicon, expressed 
in kilowatt-hour per kilogram; Producible designates the 
expected yearly electricity production per installed power, 
at the location of installation, in kilowatt-hour per kilowatt-
peak per year.

This arithmetic expression involves only four parameters 
out of the thirty of the reference LCA model.

3.5.1  Validation of the simplified model

The automatic validation of the simplified model is pre-
sented in Fig. 8. The figure provides the comparison between 
the distribution of this simplified model (in orange) and the 
one of the full reference LCA model (in blue). The simpli-
fied model reproduces the outcome of the reference LCA 
model well, with statistical indicators close to each other 
and an R2 close to 1 (0.80).

The graph of residuals (Fig. 9) shows a uniform fit of the 
simplified model against the reference one, with no local 
deviation that would require to add more parameters to 
increase its accuracy.

This model is both simple and accurate compared to 
the reference LCA model. It is suitable to be used by non-
experts for quick assessment of this environmental impact.

3.6  Conclusions

In this article, an operational protocol and the complemen-
tary library lca_algebraic were presented to help spread 
the application of sensitivity analysis approaches in LCA 
studies. The suitability of these tools to generalize sensitiv-
ity analysis was validated by both academic and industrial 
partners on distinct case studies exploring the uncertainties 
of three different energy systems: photovoltaic (presented 
here), floating wind turbines (Pérez-López et al. 2020), and 

(5)

IClimate =

3.79 ⋅ 10
−6ModuleEfficiency

(
1.58 ⋅ 10

3PvLifetime + 9.88 ⋅ 10
3
)

+4.48 ⋅ 10−3SiliconElecIntensity + 0.932

ModuleEfficiency ⋅ Producible
(
1 − 0.994

PvLifetime
)

geothermal energy (Douziech et al. 2021). For each system, 
complex parametric models were built and accurate simpli-
fied models were generated for a given applicability range. 
Feedbacks gathered from the application to these case stud-
ies were integrated in updates of the protocol and the library.

It should be noted that building a parametric LCA model 
is only possible given a good knowledge of the studied sys-
tem. This knowledge can be gathered through literature stud-
ies or exchanges with system’s experts. However, once the 
reference LCA model is built, the sensitivity analysis is rela-
tively flexible and can be applied even if precise knowledge 
of all parameters is lacking. In this case, the results of the 
sensitivity analysis could inform on the parts of the system 
that require more knowledge.

This work brings practical tools to the LCA community 
to build parametric inventories and explore the uncertain-
ties of their models. Local and global sensitivity analyses 
provide complementary insights on the role of each param-
eter on the variation of environmental impacts.

We believe that this library can help LCA experts in the 
adoption of programming languages by providing a simple 
interface and helper functions. The use of symbolic calcu-
lus and the factorization of background impacts could also 
be integrated into standard LCA software to enable the 
application of advanced GSA methods. The proper charac-
terization of the distributions of input parameters remains 
a complex task and is key in the outcome of this protocol.

Additional work may be conducted to combine these 
results with uncertainty of the full background, described 
by pedigree matrices. While this work focuses mainly on 
assessing the uncertainties of foreground activities, it may 
also be used for some background activities.

The results of applying the presented protocol to dif-
ferent systems are also useful for non-experts and help 
to disseminate LCA methods. The comprehensive evalua-
tion of uncertainties and variability in LCA is essential to 
improving the transparency and reliability of the environ-
mental impact results. The identification of key parameters 
and the simplified models allow industrial stakeholders 
to easily obtain fast estimates of environmental impacts 
by focusing on data collection for a limited number of 
parameters.

While originally developed for energy systems, the tools 
presented in this paper are generic enough to be used for 
any system.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s11367- 021- 01993-z.
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