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With increasing awareness on environmental issues, there is a necessity to make the 

environmental performance of a product assessable. The most valid and scientifically recognized 

methodology to achieve this target is the Life Cycle Assessment (LCA). In the automotive 

industry, the carbon footprint is the main focus when it comes to the environmental performance. 

A vehicle consists of many components. This makes an overall LCA of a vehicle a complex 

project, which cannot be done without the support of databases and software tools. One possibility 

to handle the complexity is the assignment of components to pre-defined Life Cycle Inventory 

(LCI) models based on secondary data, which can lead to inaccuracies if the assignment is not 

done by the most influencing component attributes. This paper tackles the conflict of inaccuracy 

and modelling effort of the automated LCAs with assigned LCI models. A methodology to build 

a construct of generic LCI models under constraints regarding accuracy and modelling effort is 

here presented and discussed throughout an example. For this approach, the relevant factors 

influencing the Global Warming Potential (GWP) of the component have to be identified. A 

distinction has to be made as to whether the influencing factors are described by discrete or 

continuously variable parameters. Considering the constraints on accuracy and modelling effort, 

the parameters have to be discretized and grouped to meaningful grid points. The number of grid 

points can be reduced when technical constraints are considered. The method is applied on the 

cradle-to-gate modelling of aluminium automotive components for the main technologies casting, 

deep-drawn sheets and extrusion. Due to a systematic construct of pre-defined LCI models, the 

assignment of LCI models is more flexible and the effect of the most relevant component 

attributes on the GWP are observable. 
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1. Introduction 

The Life Cycle Assessment (LCA) is the most recognized methodology to quantify environmental 

impacts of a product along its life cycle [1] [2]. While the necessity of reducing environmental 

impacts of vehicles is widely realized by car manufacturers, vehicles are complex products that 

consists of thousands of components. Performing LCAs can in general be very time consuming due 

to collection of the required information [3] [4] and becomes more time consuming the more complex 

a product is [1] [5]. Therefore, performing LCAs on vehicles manually is not recommended for the 

sake of efficiency and consistency of the LCA [6]. To tackle the challenges of complexity, 

streamlining approaches are recommended and discussed in literature [3] [4] [7] [8] [9] [10] [11]. 
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2. State of the art of streamlining LCAs 

While streamlining LCAs in order to reduce the complexity of an LCA is a widely discussed and 

applied approach [7], the simplification by automation is a suitable approach to reduce manual 

workload by over 80 % [6]. By assigning the same material and process information to the same pre-

defined LCI model, the consistency of the LCA is strengthened due to the automation approach [6]. 

However, the pre-defined models have to be flexible regarding parameters that have high relevance 

on the LCA results since oversimplifications lead to high uncertainties [1]. To avoid major 

uncertainties and keeping the modelling effort low BECCALI et. al., ZAH et. al. and 

FERRARI et. al. suggest to only consider few parameters as customizable in the LCI model since 

only few parameters have an significant influence on the LCA results [3] [10] [11]. 

To combine these approaches, the pre-defined LCI models must consider these most-influencing 

parameters (MIPs). In this, paper a systematic design of a LCI model construct is discussed, that 

considers MIPs and enables automated assessment during the LCI phase of an LCA. The LCI model 

construct is applied to automotive aluminium components with the production processes deep-drawn 

sheets, casting and extruded profiles.  

3. Methodology 

To combine the approaches from Section 2, the pre-defined LCI models must consider these most-

influencing parameters (MIPs). In this, paper a systematic design of a cradle-to-gate LCI model 

construct is discussed, that considers MIPs and enables an automated assignment during the LCI 

phase of a LCA. Furthermore, only the Global Warming Potential (GWP) with the characterization 

model CML 2001- Jan 2016 is considered since the reduction of CO2e-emissions is a highly 

considered objective when it comes to environmental pledges of car manufacturers. [12] The 

considered database is the GaBi Professional database with the service pack 39 [13] [14]. For the 

production process of aluminium components the scrap rate (SR), the recycled content (RC) and the 

mix of alloy elements represented by the content of magnesium are identified as three MIPs.  

Therefore, a generic LCI model was designed which is displayed as a flow chart in Fig. 1 and 

consists in the provision of semi-finished products and the production process of the component. The 

RC and the SR are defined by the auxiliary processes recycled content and scrap rate. For each of 

the production processes (deep-drawn sheets, casting and extruded profiles) a fitting process for 

component production process has to be selected. Since the production process was not identified as 

a MIP, no further variations of the process are included in this paper. The processes virgin semi-

finished product and semi-finished product process are represented by datasets that are dependent 

from the respective production process. Since datasets for all virgin semi-finished products are 

available but not for recycled semi-finished products, the virgin semi-finished product is represented 

by a single dataset and the recycled semi-finished product by the recycled aluminium ingot and the 

respective semi-finished product process. For the process recycled aluminium ingot no variation of 

datasets is considered in this paper since the datasets for secondary aluminium contain virgin alloy 

elements and it is assumed, that the recycled scrap already contains alloy elements. Therefore, the 

dataset for secondary aluminium ingot is the dataset with the lowest alloy element content available. 

For the produced scrap, no credits for the GWP are given since the selected allocation methodology 

on recycling is the recycled content approach described in the GREENHOUSE GAS PROTOCOL 

PRODUCT STANDARD [15]. 
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Figure 1: flowchart of the generic LCI model of aluminium components 

3.1  Classification of the MIPs 

It can be seen that the characteristics of the MIPs differ. While the magnesium content of the 

virgin semi-finished products is based on available datasets in the given database, the RC and the SR 

can be varied arbitrarily within the technical realizable boundaries. Therefore, the denotations discrete 

variable parameters (DVP) and continuously variable parameters (CVP) are introduced to distinguish 

between the parameter specific characteristics. CVPs are parameters that define the ratio of input and 

output flows of processes within a LCI model. An example is the parameter of the RC of a material 

because it defines the ratio between virgin and recycled material [16]. The parameter can be 

implemented in the LCI model with an auxiliary process that has no environmental impact by itself 

(see Fig. 1 Recycled content). DVPs can be varied by selecting different datasets from a given 

database. The variation of the parameter is therefore restricted by the available datasets.  

Since the pre-defined LCI models offer discrete solutions, CVPs have to be discretized while 

DVPs have to be grouped to create meaningful grid points for the LCI model construct. The number 

of LCI models within the LCI model construct equals the product of the number of all the grid points 

of the MIPs. While the reduction of grid points leads to lower modelling effort, it can also lead to 

higher uncertainties. A grouping strategy for the virgin semi-finished products and a discretization of 

the RC and the SR or the considered aluminium components are discussed subsequently. 

3.2 Grouping of the DVP 

The virgin semi-finished products are dependent from the component production process. For 

deep-drawn sheets aluminium sheet processes, for casting components aluminium ingots processes 

and for extruded profile components extruded profile processes were considered. For the sake of 

simplicity, no variation of the location of the raw material and only European (EU-28) semi-finished 

products were considered. It has to be emphasized, that the location and especially the electricity mix 

during the aluminium production can have significant influence on the GWP and is not considered in 

this paper due to a lack of available datasets. For aluminium sheets 9 datasets, for aluminium ingots 

4 datasets and for extruded profiles 10 datasets with information of the alloy element content were 

identified. By analysing the correlation between alloy elements and the GWP of 1 kg of the semi-

finished product, high correlations between the magnesium content and the GWP for sheets 

(correlation coefficient: 0.98) and extruded profiles (correlation coefficient: 0.95) were calculated. 

Only for aluminium ingots the correlation coefficient was low with only 0.22. As mentioned in 

Section 3.1 it is reasonable to reduce the number of grid points for the MIPs. SUN et. al. published 

an approach to group material datasets based on their environmental impact with the constraint, that 

the relative standard deviation of the groups is less than 30 % [17]. A similar approach for the 

grouping of the datasets is applied in this paper. The datasets for semi-finished products are grouped 

based on the content of magnesium content and with the requirement of a relative standard deviation 

less than 5 % and with a maximum difference between the GWP of the datasets of 

1 kg CO2 eq. / kg semi-finished product. In contrast to the approach of SUN et. al., the LCI models 

do not use the average value of the group, but rather a representative dataset whose GWP is closest 

to the average GWP. 
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With the defined requirements the number of datasets were reduced significantly from 23 to 5. 

The 9 aluminium sheet datasets and the 10 extruded profile datasets were reduced each to 2 datasets 

for low magnesium content (< 2.8 % for sheets and < 3.0 % for extruded profiles) and high 

magnesium content (≥ 2.8 % for sheets and ≥ 3.0 % for extruded profiles). The aluminium ingot 

datasets were grouped into one group with one representative dataset since the difference in GWP 

was low enough to group them with the defined requirements.  

3.3 Discretizing of the CVPs 

As stated in Section 3.1, CVPs describe a ratio of inputs and outputs of processes. Therefore, the 

influence of CVPs on the environmental impact of an output dependent from an environmental impact 

of an input can be described by Ioutput = f(CVP) * Iinput with I describes the environmental impact 

(GWP in this case). After the function f(CVP) is identified, the grid points for the CVP can be 

discretized. This is necessary to enable the automated assignment of components attributes to 

discretized parameters in pre-defined LCI models. Therefore, it has to be defined what kind of 

inaccuracy is acceptable for the assignment of the component’s attributes represented by CVP to the 

discretized grid points represented by CVPd. In this paper only a relative deviation of the assignment 

is discussed as in Eq. 1 although also the absolute difference of environmental impacts can be applied. 

 

 
𝛿 ≤ |

𝑓(𝐶𝑉𝑃)

𝑓(𝐶𝑉𝑃𝑑)
− 1|, 

(1) 

 With 

δ:  relative deviation between f(CVP) and f(CVPd) [%] 

 

With this context, a range limited by CVPd,min and CVPd,max can be calculated for a CVP that 

fulfils the requirement of Eq. 1 for the assignment to the respective CVPd. Since a CVP shall have 

CVPds for the whole range of realizable values, a variety of CVPds have to exist to enable a gapless 

assignment. The requirement of the gapless assignment leads to the connections of CVPds as 

described in the equation CVPd,max,i = CVPd,min,i+1. For a given start value of CVPd,min,1, CVPd,1 or 

CVPd,max,1 all grid points for a CVP can be calculated in an iterative calculation as shown in Fig. 2. 

The necessary inputs for this calculations are the requirement of deviation δ, a start value for 

CVPd,min,1, CVPd,1 or CVPd,max,1 and an end value for CVPmax that defines the limit of the CVP. The 

discretization of the SR and the RC are discussed subsequently in Section 3.3.1 and 3.3.2. 

 

Figure 2: iterative calculation of the grid points CVPd,i for a given start value of CVPd,min,1 

3.3.1 Scrap rate 

The SR is defined by the equation SR = (minput - moutput) / minput with minput is the mass of input 

materials and moutput is the output mass. Thereby, minput - moutput equals the mass of the 

produced scrap. In Fig. 1 it can be seen that the SR influences the quantity of all flows since 

it has an influence on the required amount of raw materials and the production process of the 

aluminium component. The context of Eq. (2) was deduced that defines f(SR). 
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𝐼𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 = 𝑓(𝑆𝑅) ∗ (𝐼𝑚𝑎𝑡.𝑝𝑟𝑜. + 𝐼𝑐𝑜𝑚𝑝.𝑝𝑟𝑜𝑑.) = (

1

1 − 𝑆𝑅
) ∗ (𝐼𝑚𝑎𝑡.𝑝𝑟𝑜. + 𝐼𝑐𝑜𝑚𝑝.𝑝𝑟𝑜𝑑.) (2) 

 With 

Icomponent: GWP of the component [kg CO2 eq.] 

Imat.pro.:  GWP of the material provision [kg CO2 eq.] 

Icomp.prod.: GWP of the component production [kg CO2 eq.] 

 

 

In Fig.3 the course of f(SR) is shown and it can be seen that the course of the function is not linear 

but increasing progressively with increasing SR. Since all relevant equations for the iterative 

calculation of Fig. 2 can be deduced, the input values have to be defined. For the relative deviation δ, 

10 % deviation were defined as acceptable. Since all aluminium components produce some scrap 

during their production, the first grid point SRd shall not be 0 %. Therefore, SRd,min,1 = 0 % is defined 

as the start value. The maximum SR considered in this paper is SRmax = 80 %. Since high SRs make 

a significant difference in the GWP of the component, high SRs have to be considered. However, 

higher SRs are assumed to be uneconomical and unlikely for most components because more than 

five times of input material compared to output material is needed to produce the component. With 

the iterative calculation, 9 grid points SRd,1 - SRd,9 were calculated. They are shown in Table 1. It has 

to be emphasized, that the calculated grid points can be applied to every process, independent from 

the considered technology or impact category. 

 

 
Fig. 3: f(SR) dependent from SR in the range of SR = 0 – 80 % 

 

Table 1: grid points SRd with the respective range from SRd,min to SRd,max 

    

Number of grid points SRd [%] SRd,min [%] SRd,max [%] 

1 10.0 0.0 1 18.2 

2 26.4 18.2 33.1 

3 39.8 33.1 45.2 

4 50.7 45.2 55.2 

5 59.7 55.2 63.3 

6 67.0 63.3 70.0 

7 73.0 70.0 75.5 

8 77.9 75.5 79.9 

9 81.9 79.9 83.6 
1 start value 

 

3.3.2 Recycled content 

The RC is a CVP but does not influence the GWP of the whole LCI model but only the material 

provision (see in Fig. 1). The GWP of the material provision can be calculated as shown in Eq. 3 and 

can be simplified with Eq. (4) to Eq. (5) 

 

 𝐼𝑚𝑎𝑡.𝑝𝑟𝑜. = 𝑅𝐶 ∗ (𝐼𝑟𝑒𝑐.𝑖𝑛𝑔𝑜𝑡 + 𝐼𝑠.−𝑓.𝑝𝑟𝑜𝑑.𝑝𝑟𝑜𝑐𝑒𝑠𝑠) + (1 − 𝑅𝐶) ∗ 𝐼𝑣𝑖𝑟𝑔𝑖𝑛 𝑠.−𝑓.𝑝𝑟𝑜𝑑. (3) 
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휀 =

𝐼𝑟𝑒𝑐.𝑖𝑛𝑔𝑜𝑡 + 𝐼𝑠.−𝑓.𝑝𝑟𝑜𝑑.𝑝𝑟𝑜𝑐𝑒𝑠𝑠

𝐼𝑣𝑖𝑟𝑔𝑖𝑛 𝑠.−𝑓.𝑝𝑟𝑜𝑑.
 

 

(4) 

 𝐼𝑚𝑎𝑡.𝑝𝑟𝑜. = (𝑅𝐶 ∗ (휀 − 1) + 1) ∗ 𝐼𝑣𝑖𝑟𝑔𝑖𝑛 𝑠.−𝑓.𝑝𝑟𝑜𝑑. = 𝑓(𝑅𝐶, 휀) ∗ 𝐼𝑣𝑖𝑟𝑔𝑖𝑛 𝑠.−𝑓.𝑝𝑟𝑜𝑑. 

 

(5) 

 With 

Irec.ingot:  GWP of the recycled aluminium ingot [kg CO2 eq.] 

Is.-f.prod.process: GWP of the semi-finished product process [kg CO2 eq.] 

Ivirgin s.-f.prod: GWP of the virgin semi-finished product [kg CO2 eq.] 

 

 

The course of f(RC,ε) is shown in Fig. 4. It can be seen that the RC has a linear influence on the 

GWP of the material provision but is also dependent on ε, which describes the proportion of the GWP 

of virgin and recycled semi-finished product. For the discretization however, ε is considered to be 

constant and the lowest realizable value within the datasets is selected (ε = 14.9 %). This is because 

the absolute slope of f(RC,ε) is higher for low values of ε and more grid points are required to fulfil 

the requirement of Eq. 1 making it a worst case regarding the number of grid points. With the constant 

value for ε, the function f(RC) is only dependent from the parameter RC and the grid points RCd can 

be calculated with the iterative calculation. For the relative deviation δ, the value δ = 10 % was set as 

for the SR. For the case that the RC is unknown, RC = 0 % is a worst-case assumption and potential 

default value. Therefore, the start value of RCd,1 = 0 % is set to guarantee the most accurate 

assignment of this worst case. Since aluminium is a highly recyclable metal, RCs of up to 100 % are 

considered to be possible (RCmax = 100 %). With the selected start values, 10 grid points were 

calculated with the iterative calculation from Fig. 2 that are listed in Table 2. 

 

 
Figure 4: f(RC,ε) dependent from RC for different values for ε 

 

Table 2: grid points RCd with the respective range from RCd,min to RCd,max 

    

Number of grid points RCd [%] RCd,min [%] RCd,max [%] 

1 0.0 1 -11.8 11.8 

2 21.4 11.8 31.0 

3 38.9 31.0 46.7 

4 53.2 46.7 59.6 

5 64.9 59.6 70.1 

6 74.5 70.1 78.8 

7 82.3 78.8 85.8 

8 88.7 85.8 91.6 

9 94.0 91.6 96.3 

10 98.2 96.3 100.2 
1 start value 
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3.4 Building the LCI model construct 

After the DVPs are grouped and the DVPs are discretized to meaningful grid points, the grid 

points can be applied to parametrize the generic LCI model from Fig. 1. The solution area of this LCI 

model construct consists N models, while N is the product of the number of the grid points of the 

considered MIPs. Therefore, 180 models each for deep-drawn sheet components and extruded profile 

components (number of grid points: 2 x magnesium content, 9 x SR, 10 x RC) and 90 models for 

casting components (number of grid points: 1 x magnesium content, 9 x SR, 10 x RC) making it 450 

models. To lower the modelling effort, further assumptions can be applied to reduce the number of 

grid points. For an example it is assumed that the SR of casting and extruded profile components is 

not higher than 33 %, and the RC of wrought alloys is less than 45 %. This reduces the number of 

grid points for the SR of casting and extruded profile components to 2 and the number of grid points 

for the RC for deep-drawn sheet and extruded profile components to 3. As a consequence, the number 

of LCI models were reduced from 450 to 86 which is a manageable modelling effort if the generic 

LCI model from Fig. 1 is used as a base line. 

4. Discussion and Conclusion 

As shown in Section 2, approaches for automated LCIs exist to keep the effort on performing 

LCAs on complex products manageable. While efficiency and consistency are benefits of automated 

LCIs, there is no guarantee that the influence of relevant parameters are observable within an LCA. 

This is because relevant attributes of a product are not necessarily considered in the assignment to the 

pre-defined models in a LCI due to inflexible assignments. As by the authors observed, there are no 

existing approaches in literature to systematically design an LCI model construct to make the 

assignment of pre-defined LCI models more flexible in an automated LCI. 

In this paper, a possible LCI model construct for deep-drawn sheet, casting, and extruded profile 

aluminium components is presented. By grouping DVPs and discretizing CVPs with an iterative 

calculation, grid points for the selected parameters were identified that result in 450 LCI models. 

With further assumptions, the number of LCI models were reduced to 86. The aluminium component 

attributes magnesium share, SR, and RC can now be assigned to grid points in the LCI model 

construct as shown in Fig. 5. The influence of these parameters is now observable in an automated 

LCI with a defined inaccuracy. Since overall vehicle LCAs with automated LCIs are done with 

information provided by suppliers [6], the LCA can only be done at the later stage of the development 

stage. Many authors however, recommend to make an assessment in the early stage of development 

to elaborate measures to reduce the environmental impact of a product [3] [9] [18] [19]. Because the 

LCAs in the early stage of development are not necessarily limited by automation, the influence of 

all relevant parameters can be observed, while an overall vehicle LCA with automated LCA may fail 

to make these parameters customizable. With the systematic design of the LCI model construct, the 

influence of relevant parameters is also observable in an automated LCI which leads to a 

comparability between early and later stage LCA. 

It has to be emphasized that the equations and results may vary with different assumptions 

regarding the considered product, the selection of the MIPs, the design of the generic LCI model, the 

deviation of the assignment and the allocation methodology on recycling. However, the methodology 

is customizable to other assumptions and therefore gives an idea of a procedure to systematically 

design LCI models in an automated LCI. 
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Figure 5: Automated assignment of an aluminium component to a pre-defined LCI model in a 

LCI model construct. The number of grid points displayed is arbitrary and does not represent the 

elaborated grid points of Section 3. 
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