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Abstract Bar charts and other usual ways of presenting LCA results depict one
average or typical situation, lacking to represent the diversity of individual cases
and the uncertainties associated to input data or modelling assumptions. This paper
presents ways of visualizing variable results in comparative LCA. The main con-
cept is to perform at once calculations representing this variability. Based on Monte
Carlo analysis, the approach is enabled by the LCA software RangeLCA, devel-
oped by RDC Environment. Results of all simulations can be plotted in function of
one or two influential parameters. A clear and complete view can hence be obtained
as well as more reliable conclusions. Instead of answering the question “Is a system
better than another one in specific cases?”, the presented graphs help LCA studies
to answer a much broader question: “In which range of situations is a system better
than another?”.

1 Introduction

In most LCAs, some parameters are better characterized by variable values than by
fixed “typical” values. The reasons for the variability can be of two types: uncer-
tainty and diversity of situations. The uncertainty can be either systematic (e.g.
linked to imprecision of the measuring instrument), stochastic (e.g. fluctuation of a
parameter with time) or epistemic (e.g. modelling required in the absence of
measurement) [1]. The diversity of potential situations within the studied system
also leads to parameter variability, e.g. the transport to various customers is best
modelled by a range of distances or a waste can be either incinerated or landfilled.

The way the input data variability influences the results can be analysed. The
uncertainty analysis is the “systematic procedure to quantify the uncertainty
introduced in the results of a life cycle inventory analysis due to the cumulative
effects of model imprecision, input uncertainty and data variability” [2]. It is
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currently mostly performed by Monte Carlo analysis, which is available in several
commercial LCA software tools [1].

Sensitivity analysis is defined as a “systematic procedure for estimating the effects
of the choices made regarding methods and data on the outcome of a study” [2]. It
helps identifying the most influential parameters, for prioritizing data refining and
reinforcing conclusions. Sensitivity analyses are in current practice mainly carried out
by varying one parameter at a time or by studying alternative scenarios [1].

Wei et al. [3] propose some guidelines on how to perform sensitivity analysis
when some data and modelling parts are correlated. Groen et al. [4] discuss several
approaches to conduct a sensitivity analysis. They analyse their capacities and
drawbacks. They determined that the disadvantage of the method of elementary
effects (MEE), using ranges of values from upper to lower boundary of an input
parameter, is that “the results are not an estimation of the actual variance decom-
position” but MEE can be used as a precursor to the more computationally
demanding sampling methods as regression. They see as a main drawback of the
standardized regression coefficients (using Monte Carlo sampling) that many runs
are needed to calculate the variance decomposition.

In fact, the advantages of using ranges of values for input parameter and Monte
Carlo sampling can be combined and the analysis is made easier to interpret by
using some fast calculation methods and visual interpretation.

This paper describes the use of Monte Carlo analysis for depicting a large range
of possible situations. Emphasis is put on presenting innovative ways of visualizing
result variability, which helps interpretation and decision making. The discussion is
based on a real case study.

2 Description of the Case Study

The selected case study aims at comparing two systems of packaging: a corrugated
box versus a reusable folding plastic crate. The functional unit is defined as: the
packaging, transport and delivery of goods in one case from the good manufacturer
to the distributor or repacker. It is assumed that the cases have similar dimensions in
both systems and contain the same number of goods.

For the purpose of this paper, results are only presented for the impact category
global warming potential (GWP, with biogenic carbon taken into account). The
study is divided into two parts: (i) the “average comparison” scenario, i.e. inves-
tigation of the impacts of two average cases, each representative of one system;
(ii) the sensitive analysis, i.e. calculation and interpretation of results covering a
large range of situations defined as possible for each system.
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3 RangeLCA Software

RangeLCA is the own LCA software developed by RDC Environment since the
early 90s. It is used here to perform the sensitivity analysis and to propose inno-
vative ways of presenting the variable results.

For every parameter, a probability distribution can be defined to express the
parameter variability (either originating in uncertainty or in diversity of situations).
Normal, lognormal, uniform, triangular and discrete distributions are available in the
software, as well as any mathematically defined distribution. In the case study, a
uniform distribution of probability is modelled within the ranges defined by the
minimum and maximum values (cf. Table 1). In this example, variability is consid-
ered only for modelling parameters but it could also be applied to elementary flows.

RangeLCA performs at once a large number of simulations (3000 in the case
study). For each simulation, it selects a random value for each variable parameter,
based on its defined probability distribution. This Monte Carlo analysis allows all
existing cases to be statistically modelled in a single LCA model. When common to
several systems, a parameter takes at each simulation the same value for all the
systems (as what is done in other LCA software tools). With RangeLCA, the
parameters can be classified by decreasing order of sensitivity of the results to
the parameters. Furthermore, the software allows the user to access the results and the
parameter values for each Monte Carlo simulation. The variable results can then be
plotted against selected parameters.

4 Presentation of the Results

4.1 Average Results

Results obtained for the defined average cases are presented in Fig. 1 for both
compared systems.

Table 1 Case study—values of the main variable parameters

Parameter System Unit Average
case

Min Max

Height of box Both cm 20 3.5 35

Number of uses per crate Crate # 71 1 100

Washing rate Crate % 8.3 0 100

Recovery transport (Sending back the crates to a
new good producer)

Crate km 200 0 1000

Collection transport (Sending the dirty/damaged
crates to service centre)

Crate km 200 0 1000

Relocation transport (Dispatching the washed
crates)

Crate km 200 0 1000

The total logistic transport for crates combines recovery, collection and relocation transports
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This graph allows concluding on the lower impacts of the plastic crate versus the
corrugated box for the average scenario. It also highlights the most contributing
phases. However, such result presentation does not reflect the uncertainty nor
provides indication on how would the results evolve in case of a modification of a
main parameter value.

4.2 Results with Variability

4.2.1 Range and Delta Graphs

In Fig. 2, the GWP results of the 3000 simulations are plotted for the compared
systems against the total logistic distance, i.e. the most influencing parameter for the
crate system. In this “Range graph”, a cloud of points is represented for each
system. The slope of the trendline indicates how much the results depend on the
parameter taken as x-as. The height of the cloud of points reflects the remaining
variability, i.e. the variability that is not explained by this main parameter.

For comparing two systems, the relative positions of both clouds of points is
analysed. In Fig. 2, the clouds overlap partially. Hence, it is difficult to determine in
which situations the corrugated boxes have higher impacts than the crates.

In order to eliminate the common variability of the compared systems, the results
of each simulation can be compared two by two. The differences between both
systems calculated for all simulations can be plotted in a “Delta graph”, represented
in Fig. 3. The analysis of delta results indicates that corrugated boxes are better in

Fig. 1 GWP results for the comparison of average cases—detail per life cycle steps
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3% of the cases studied, as can also be calculated by other software tools. However,
the delta graph provides much richer information. It allows drawing specific con-
clusions for defined ranges of parameter values. In Fig. 3, it appears that up to a
distance of 900 km, the corrugated boxes always have higher GWP impacts than
plastic crates (“always” means that the conclusion is drawn while keeping all
parameters variable or uncertain).

4.2.2 Areas of Relevance

The residual variability, beside the one related to themost influential parameter, can be
further analysed by looking at a second parameter, for example here the height of the
cases. Small incremental ranges of values are defined for both variable parameters (for
example, ranges of 1 cm of height). The results obtained for each combination of
height and distance ranges are averaged and compared for both systems. The obtained
impact ratios (or indexes) can be represented for all situations, as in Fig. 4, with the
level of grey being related to the index (number inside the cells). Conclusions can be
drawn within areas of relevance. With an index lower than 1, the light grey cells
signify that the plastic crates have a lower impact (the crate is the best solution). The
darker the cell, the higher the index. With index above 1, the corrugated boxes have a
lower impact (the box is the best solution). A buffer zone is represented in intermediate

Fig. 2 GWP—variation of results for corrugated boxes and crates in function of the total
collection distance
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grey level when the index is around 1. For those cells, it is no clear whether it is the
crate or the box that provides the best solution.

4.3 Discussion

The GWP results presented for the average cases reveal only that, in the defined
specific scenario, crates provide a better solution than boxes, regarding this indi-
cator. Instead, considering the variability of parameters like logistic distance and
case height allows identification of the range of situations where this conclusion
applies.

Fig. 3 GWP—variation of the differences between results for corrugated boxes and crates in
function of the total collection distance
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5 Conclusions

When performing Monte Carlo analysis, it is very helpful to have access to the
results of each simulation as well as to the corresponding values of the variable
parameters. Thanks to these datasets, made available here by the software
RangeLCA, valuable ways of presenting the results have been proposed in the
paper. They have been illustrated for one impact category, with the help of a real
case study.

Range graphs represent the variable results of each system studied as clouds of
points. The sensitivity of the results to a parameter can be highlighted and the
amplitude of the variability can be visualized through the cloud shape. This
approach plays an important role in iterative LCA in defining priorities for data and
model refining. In case of comparative LCA, result differences between two sys-
tems can be plotted for all simulations, either against one parameter (delta graphs)
and by combining the variability of two parameters (areas of relevance).

Fig. 4 Ratio of GWP impacts between crates and boxes considering a combined variation of the
total logistic distance and the dimension of the cases. An index is visible for each simulation; it is
calculated as the ratio between the crate impact and the box impact
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These types of graphs allow acquiring a more complete vision of a complex
system. They enhance reliability of conclusions in comparative LCA by showing
whether differences are significant or not in terms of sign and amplitude. Instead of
answering the question “Is a system better than another one in defined specific
cases?”, delta graphs and areas of relevance help LCA studies to answer a much
broader question: “In which range of situations is a system better than another
one?”. This is of great help to decision makers.
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