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ARTICLE INFO ABSTRACT

Handling Editor: Tomas B. Ramos Environmental managers attempt to increasingly incorporate precautionary principles into decision making. The
literature lacks Machine Learning -based approaches for forewarning lifecycle environmental impacts. This paper

Keywords: proposes a method to support electric vehicle design. The main innovation of the work lays in merging Life Cycle

Machine learning Assessment (LCA) and Machine Learning foundations to provide support and awareness to designers. The present
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approach overcomes the present literature because it provides a method for the design phase, is based on a well-
established methodology (LCA) and provides quantitative results from little inputs. The approach exploits ma-
chine Learning Methods to develop models with the design features of a generic electric vehicle (such as vehicle
mass and distance traveled) in six phases (Problem definition; Data collection; Data Preparation; Modeling;
Model evaluation; Model interpretation). Differently from existing environmental analyses, all stages of the
product life cycle have been considered in building the database; moreover, the model provides quantitative
results. Regression models and supervised algorithms were used. The obtained model can be used by product
engineers, as well as those not experts on LCA. Moreover, the model guarantees the database and hypothesis’s
uniqueness, ensuring the results coherence and comparability. The level of accuracy obtained in the case study
(error or 17%) is comparable with studies handling full environmental analysis (that should be more accurate),
and outstanding, as the present case is for the design phase. Future works will focus on additional significative
indicators, similar electric vehicle design and integration with prospective LCA approaches.

1. Introduction product design stages (Ostad Ahmad Ghorabi et al., 2009). Machine
Learning (ML) is one area of data science that can be used to fill the gaps
Leading the focus from improving the physical manufacturing pro- in environmental analysis and therefore support the design process.

cesses to creating a digital representation of the physical processes to get
better insights (Dalzochio et al., 2020), the fourth industrial revolution
(I4.0) leveraged advancements in production facilities through the in-
clusion of big data analysis, information technology, Internet of Things
(IoT) and Additive Manufacturing (AM) (Ivanov et al., 2021). Auto-
mated and interconnected machinery and many digital technologies
brought a consistent contribution to process optimization; however,
their construction may require critical materials and their use phase
much electricity. The design process is critical in enabling an improve-
ment of their performances along their lifecycle and early design de-
cisions can have a very significant impact on sustainability. Design
processes are complex and conducting a Life Cycle Assessment (LCA) is
also a complex task. Merging these two processes with proper theoretical
knowledge will lead to the successful integration of LCA into early

1.1. Design, environmental assessment, and electric vehicles

Assessing the viability of a product should extend beyond traditional
design considerations like operational performance and costs to include
an evaluation of its environmental effects throughout its life cycle. This
requires the design team to gain the ability to evaluate the environ-
mental performance of different concepts at the initial stages of the
design process (Sousa and Wallace, 2006), going beyond geometrical
and technical aspects (Mandolini et al., 2019). Various tools, including
the widely acknowledged LCA, have been created to aid designers in
making well-informed decisions.

This study aims to develop a predictive model, enabling the analysis
of the environmental impact of Electric Vehicles (EVs) during the initial
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design phase. EVs, being a subject of significant environmental concern,
warrant thorough investigation. Nordelof et al. (2014) conducted a re-
view of 79 works, exploring the utility of different types of LCA studies
on EVs to provide comprehensive stakeholder information. They cate-
gorized studies into Well-To-Wheel (WTW), complete LCAs, and battery
LCAs. Their results depict a strong interest in Greenhouse Gas Emissions
(GHG) and light passenger vehicles, as confirmed by the wide avail-
ability of comparisons with combustion engine cars (Petrauskiene et al.,
2020).

Despite the attention given to EV environmental impact, a clear gap
exists in methodologies supporting the design phase. Existing literature
primarily concentrates on the use phase or battery life, neglecting con-
siderations of materials, maintenance, and End-of-Life (EoL) phases
(Raugei et al., 2015; Burchart-Korol et al., 2018). For a tool to be
effective in the early design stage, it must handle limited data and
provide consistent results.

Existing studies, such as Raugei et al.’s comprehensive LCA-based
comparison of lightweight options for compact passenger vehicles
(Raugei et al., 2015), or Petrauskiene et al.‘s reliance on market-released
product data, address specific aspects but fall short in guiding the early
design phase (Petrauskiene et al., 2020). The gap persists as studies
related to EV environmental impact lack methods tailored for the initial
design stages when data is scarce. This hinders designers from making
well-informed decisions and evaluating the goodness of their choices
before changes become impractical. Jakub et al. (2022) conduct a
comparison of the environmental impact among electric, compressed
natural gas, and diesel light-duty vehicles, considering the key features
of each product. Moreover, the absence of design methods specific to
EVs, irrespective of their application, further compounds the challenge.
Closing this gap is crucial for providing comprehensive insights into the
environmental impacts of EVs throughout their lifecycle, facilitating
effective comparisons with traditional vehicles under various
circumstances.

The literature lacks comprehensive works coupling the environ-
mental assessment of EVs during the design phase and useful tools to do
it. Two main groups of works can be considered: those providing ap-
proaches intended to assess the environmental impacts of EVs only and
those offering design tools.

Among the first, many tools aid designers in making informed
judgments; several are based on LCA (Marta et al., 2023). The reference
standards are ISO 14040 (Arvanitoyannis, 2008) and ISO 14044 (Koffler
et al., 2020). For example, Burchart-Korol assesses the potential envi-
ronmental impacts of the life cycle of EVs, taking into account the en-
ergy used to charge EV batteries in the present and as projected into the
future (with Poland and the Czech Republic as reference geographic
areas) (Burchart-Korol et al., 2018). J. Szczurowski et al. (Jakub et al.,
2022) examine vehicles used for passenger transportation in the context
of public transportation and electro-mobility. Some focus only on part of
the whole vehicle, like the battery. Wang et al. (F. Wang et al., 2022; H.
S. Wang et al., 2013) use a module that utilizes the results from a pre-
vious LCA study on SiNW- and SiNT-based Lithium-Ion Batteries (LIBs)
for EVs to estimate the environmental impacts based on the specifica-
tions entered the dashboard. Results of the LCA studies are normalized
per km of EV driving distance. Others face only part of the product
lifecycle; for example, the study proposed by Graba M. et al. (Graba
et al., 2020) is oriented to analyze only the sustainability of the use
phase of an Automated Guided Vehicle (AGV) and aims at optimizing
the traveled path.

In the second category, the focus is on design tools. Several eco-
design approaches focus on battery design, and many others are devel-
oped for products of different natures. For example, Epp et al. (2022)
belong to the first group: after inserting user-defined parameters into
their High-Voltage-Battery-Optimization-Tool (HV-BOT) (e.g., energy,
power, total installation space) a starting parameterization of the design
variables is selected. The respective sub-models use the space to eval-
uate the optimal configuration for the given input parameters. The
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procedure is executed for a previously defined number of iterations.
Picatoste (Picatoste et al., 2022). presented a list of CE design criteria for
LIBs used in BEVs and evaluated their implementation potential ac-
cording to the views of industrial stakeholders. The results provided
great insight into the design priorities of the industry. In addition to that,
the work by Collado-Ruiz and Ostad-Ahmad-Ghorabi. (Collado-Ruiz &
Ostad-Ahmad-Ghorabi, 2013) stands among those focused on the design
of products that do not concern electric mobility. The work aims at
introducing sustainability in design, starting with an analysis of similar
products. The method can never substitute for a complete LCA; however,
the results can guide in selecting priorities or key strategies.
Ostad-Ahmad-Ghorabi and Collado-Ruiz (Ostad-Ahmad-Ghorabi &
Collado-Ruiz, 2011) affirm that parametrization might be useful when
developing such tools. Their applicability to a wider range of products
may be difficult as eco-design methods and tools often rely on previous
product analysis to provide quantitative results. Manuguerra et al.
(2023) proposed a method and tool to predict the environmental impact
of industrial EVs in the design phase considering all life cycle phases.
However, the tool requires a high number of input parameters, and it is
an analytical tool.

As a result, there is a requirement in the literature for a simplified
environmental evaluation method and tool tailored for the initial phases
of the design process, applicable to a diverse range of EVs. The current
paper indeed is intended for a different range of vehicles, whose dis-
tribution of environmental impacts may not follow the same trends as
passenger cars. Together with other conventional design criteria, the
environmental effects of a product’s life cycle should be taken into
consideration while assessing the design of a product (Cappelletti et al.,
2022a).

1.2. Machine learning and eco-design

In the realm of sustainability management, data science finds
application across multiple tiers. The life cycle of a process involves a
series of diverse processing steps, each of which can be delineated by
detailing its inputs, outputs, and accompanying energy and economic
metrics. The comprehensive inclusion of these varied data sets, sourced
from heterogeneous origins, is essential for conducting a thorough LCA.
Broader use of ML is challenging to implement because of the enormous
amount of input factors and their uncertainties that affect the entire life
cycle and whose sources can be highly heterogeneous (Kamm et al.,
2023). ML techniques belong to a class of Artificial Intelligence (AI)
techniques that can learn from data to increase their accuracy without
further user action. By analyzing a collection of training data and
generating an algorithm without the assistance of a human being, ML
creates a model that can identify patterns (Tom M. Mitchell, 1997).
Their application pervades private and industrial spheres (i.e., applica-
tion in automatization of the existing requirement management work-
flow (Lyutov et al., 2019)) or in condition monitoring and predictive
maintenance of bearings (Schwendemann et al., 2021)). ML algorithms
are typically categorized into four groups: supervised learning, unsu-
pervised learning, semi-supervised learning, and reinforcement learning
(Batta Mahesh, 2018). ML is one area of data science that is now used to
fill up data gaps for LCA (Ghoroghi et al., 2022). ML would provide
appropriate methods and technologies for this analysis (Prioux et al.,
2022). Prioux et al. (2022) suggested a merge of data science methods
and environmental analysis to enhance LCA. The outlined strategy
combines multidimensional scaling, the k-means algorithm, and envi-
ronmental analysis. This methodology consists of five key stages: (1)
defining goals and boundaries, (2) establishing data architecture, (3)
conducting environmental assessment, (4) visualizing and analyzing
results, and (5) making decisions. Notably, this approach is crafted to be
efficient in terms of time and cost, as it eliminates the need for experi-
ments and relies on publicly available scientific data as its database. The
example of hybridization is not meant for eco-design.

They have also been utilized to create LCA ancillary tools that model
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and forecast a product’s environmental impact using data from the
design stage. ML as a real-time algorithm enables it to evaluate pro-
duction or process changes and provide prospective solutions for
improved or less ecologically damaging manufacturing. With ML, it is
possible to identify the most relevant attributes and concentrate on
gathering them, ignoring others that might not substantially impact the
model’s accuracy. ML stands out in those applications where it is
necessary to solve mathematical models efficiently and accurately. As a
result, it can be modified to offer suggestions or techniques for an
optimization process. For example, it can be used in a real-time decision-
making process to identify ways to enhance a system’s performance
throughout its lifetime. The process can then be improved by using
optimization techniques. Unlike the complete LCA, this makes it
particularly helpful in the design process.

Elouariaghli et al. (ELOUARIAGHLI et al., 2022) link eco-design to
Deep Learning (DL) and ML, while using also mathematical algorithms,
to reach new perspectives for the domain of LCA. The study is in its
infancy; however, aims to manually set the initial conditions of the
scenario, automatically retrieve the related data and make the following
calculations to have the global carbon impact of the product. The au-
thors deal both with consequential and attributional LCA, two LCA
methods; the authors apply their approach to Information and Tech-
nology (IT) products. The lack of algorithms and applications doesn’t
allow a proper validation of the proposed approach.

The literature offers examples of ML applications for predicting
emissions from vehicles; unfortunately, they do not cover EVs or their
design. Pan et al. (2021) designed a DL framework based on the gated
recurrent unit to capture external factors and time dependence charac-
teristics to predict real-time emission rates for Liquefied Natural Gas
(LNG) buses under naturalistic driving conditions. The paper only ex-
amines the real-time emissions data of LNG buses and constructs a
real-time prediction model for the emission rates (CO, CO2, HC, and
NOX); no attention is paid to the emission characteristics of pure electric
buses. Antanasijevic et al. (2014) developed a model for GHG emissions
forecasting for European countries using an Artificial Neural Network
(ANN) approach with sustainability, economic and industrial indicators
used as inputs. However, the study is at a very high level and considers
the whole economic activities the European GHG emission can be
broken down: transportation, but also energy supply and use, agricul-
ture, industrial processes and waste.

In this context, the present work proposes an approach to get insights
about the EVs’ environmental impact in the first phase of the design
process, when only the main design constraints are known. Specifically,
the case study aims at estimating the environmental impacts through
supervised learning algorithms. According to Algren et al. (2021), the
method proposed belongs to the surrogate LCA field; and it is aligned
with the studies according to which the main goal of the surrogate LCA is
to enable product designers to predict the environmental impacts of a
new product system or process. The approach aims to create a predictive
model that allows it to be used in the initial design phase to analyze the
environmental impact. A full LCA is the starting point; from it, a data-
base is created, and models are obtained. The chosen impact category is
Climate Change and the reference product is an electric shuttle. Ulti-
mately, the method is tested to verify its applicability on a shuttle by
estimating the environmental impact.

The works fills the gap of useful ML-based approaches, useful for the
eco-design. Although some are proposed to reach new perspectives for
the domain of LCA, their lack of algorithms and applications doesn’t
allow a proper validation or it is not intended for the design phase.
Moreover, the present work provides a case study focused on electric
shuttles. Electric shuttles are electric transport vehicles especially used
to transport passengers in restricted areas (i.e., in terminals in airports or
to provide service for students in universities between campuses or
tourists among tourist attractions, in limited areas between or within
cities (Anund et al., 2022)) or goods (i.e., provide transport of finished or
non-finished merchandise between plants of the same company (Bibak
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and Bai, 2023) closely located). Electric transport vehicles may climb
rapid slope roads. Electric shuttle service vehicles are used for short
distances and at low speeds (Ma et al., 2023). Examples of ML appli-
cations for predicting emissions from vehicles are available in the
literature, however, those are not available for the design phase.

Compared to the existing literature, the present approach i) suc-
cessfully provides a useful method for the design phase and ii) it is
simultaneously based on a well-established methodology, that is LCA;
iii) it fills the gap of lack of eco-design methods for Evs and iv) has wider
applicability than solely passengers’ cars. Existing methods do not
provide a global assessment; the present work investigates the Climate
Change impact category; however, it can be extended to all damage
indicators.

In later stages of process design or for processes already in operation,
LCA studies can provide valuable inputs to decision-making; as consid-
erable detailed data are available, the decision making consists of a
selection from a list of options. However, this approach makes LCA
difficult to offer early advice and guide design decisions at the beginning
of the process development steps (Karka et al., 2022). Therefore, the
present study aims to contribute to the development of a streamlined,
ML-based approach for early design to estimate lifecycle environmental
impacts at the early stages of product development, using a limited
amount of available information.

The remaining is structured as follows: Section 2 shows the approach
in detail; Section 3 applies it to the electric shuttle and uses the electric
shuttle model in the design process of a real vehicle; Section 4 discusses
the results, before the conclusion (Section 5).

2. Methods

The methodology to develop a parametric environmental impact
model for EVs using ML techniques consists of six phases (Fig. 1 (Saltz,
2021),): Problem definition; Data collection; Data Preparation;
Modeling; Model evaluation; Model interpretation. The procedure
structure is a standard procedure for solving a problem through data
science. The introduction to the theme of LCA required customization of
the Data Collection (Data Understanding and Data Preparation). The
Data Understanding phase requires the creation of a simplified LCA,
useful in the further choice of the most representative features of the
problem; this also influences the Data Preparation phase. The approach
herein proposed is intended to provide easy, handy and practical tools
for the first phases of design. The creation of the model, through ML
techniques, allows for repeatable analysis of the same of different EVs.
The obtained quantitative results stand for the new driver of environ-
mental sustainability to consider next to the traditional ones and are
accessible and useful also for non-LCA experts, as technical roles as
designers may be.

Once the model is complete, multiple choices and comparisons can
be performed, as well as when designing different vehicles.

The current study is particularly directed towards the initiation of
the model creation process, thereby laying the groundwork for
numerous subsequent conceptual and functional EV designs. The
following elucidates the six phases followed in creating the model.

2.1. Problem definition

The definition of the problem phase focuses on the conceptualization
of the project requirements according to the environmental objectives.
This phase aims to identify lifecycle management and product design
opportunities. The present work aims to develop a parametric model
with ML techniques for the environmental impact of EVs in the con-
ceptual design phase. Thus, for this methodology, the business under-
standing phase defines two essential requirements: the goal and scope
definition and the model acceptance performance.

As this methodology is strongly influenced by an LCA analysis, it
retrieves the same findings regarding the goal and scope definition.
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Fig. 1. Methodology to develop a parametric environmental impact model for EV design using ML techniques (adapted by (Saltz, 2021)).

Therefore, first the objective is addressed. In the present dissertation is
to assess the environmental impact of an EV; the functional unit is to use
the EV for a given lifetime; the system boundaries (considered stages)
taken into consideration will encompass the material, the
manufacturing, the use, the maintenance and EoL. Finally, LCIA (Life-
cycle Impact Assessment) Method, database, and impact category must
be defined.

In the model acceptance performance, the acceptance accuracy of the
model is defined. In the case of an LCA analysis, an error of 40% can be
encouraging (Algren et al., 2021).

2.2. Data collection

This phase aims to obtain the database on which the model will be
trained and tested. Data collection consists of two phases: a preliminary
LCA analysis and feature selection.

A preliminary LCA analysis is necessary to understand the impact of
the product and the most impactful phases. A complete LCA analysis
already previously carried out (e.g., of an existing product) can be used
or a new analysis carried out. In this second case, the preliminary LCA
analysis may consist of an analysis with little data available and many
approximations, as carried out during the initial design phase and some
decisions have not yet been taken and the information is reduced.

The first step of an LCA analysis is the goal and scope definition; it is
the same to the one identified in the definition of the problem. The
second phase, the inventory (LCI) collects information about lifecycle
phases. As far as the material phase concerns, the EV is divided into two
main assemblies, the electronic assembly and the frame assembly
(Ambrose et al., 2020). The electronic assembly consists of the most
representative components of an EV (battery pack, electric motor, bat-
tery management system, case). The chassis assembly collects all ma-
terials not belonging to the electronic assembly. For both assemblies, the
total mass will be identified. In case of missing information, choosing a

commercial database can reduce the amount of data to be collected. For
example, datasets in the Ecoinvent database refer to the battery pack
and the glider without the battery pack. The manufacturing phase
considers environmental impacts related to the consumption of re-
sources such as heat, water, and electricity, related to the production of
the different components. For the use phase the causes environmental
impacts are to be called to electricity consumption and particulate
emissions. The information needed to calculate these impacts is the mass
of the vehicle, the average consumption of the vehicle, the distance
traveled during its entire life, the electricity grid mix of the country of
use and possibly whether the company has its system for producing
electricity and charging vehicles. Particulate emissions are due to the
consumption of wheels, asphalt and brakes. The maintenance phase
represents the impact of battery pack replacement. The impact related to
routine maintenance of a vehicle, i.e., replacement of wheels and other
worn components, is also considered. The EoL phase considers the
treatment of materials and components at the end of the life of the
vehicle.

The third step is the LCIA: In this phase, the environmental impact of
the vehicle is calculated. Ultimately, the interpretation of the obtained
results takes place.

Through the LCA analysis, it is possible to identify the most influ-
ential features (Feature Selection phase). Those can be different; when
features are nominal, they are parameters that allow predefined names
as values; in this case, it is possible to distinguish one object from
another. Features can also be binomial (e.g., true or false, male or fe-
male) or polynomial (e.g., more than two options), numeric, and pa-
rameters that represent numeric values (e.g. integers, real, or dates).

Many are the identifiable features at the end of a full LCA and they
can have varying impacts on the LCA outcome. The feature selection
identifies those that describe the vehicle at a general level. A general
description of the vehicle makes it easier to collect data at the initial
design stage. The easier the model to understand, the easier to use and
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interpret (Mladenic, 2006). Choosing features suitable for the problem
being addressed will simplify the model, which will also improve the
prediction result (Gao et al., 2023). Features can also be chosen to create
specific models for certain life cycle stages or to describe specific vehicle
categories. Consequently, some parameters are fixed (starting assump-
tions), while others constitute the variable parameters that allow
different scenarios comparison. The expert who conducted the full
vehicle LCA analysis and has an informed view of the case study will be
responsible for choosing the most appropriate parameters to describe
the product at the early design stage. Thus, it is known in detail how the
parameters are related to each other and make an informed selection.

2.3. Data preparation

This step sees the creation of the database. The methodology was
created for supervised learning. A generic database for supervised
learning is structured by i) the Number of independent variables which
is the number of parameters related to the EV used to define the pre-
dictive model, called features; ii) the Number of “records”: number of
representative elements of different alternatives from which extrapolate
the independent variables. The creation of the database consists of 3
stages: 1) Domain of existence of the selected features; ii) Database
extension; iii) Calculation of output parameter for each record.

In the domain of existence of the selected features, the maximum and
minimum values have been defined for each feature. In this way, how
the range within the parameter can vary is defined (Heath et al., 2009).
The chosen variables can be qualitative or quantitative when the nu-
merical values express their values or intensities. Quantitative variables
are divided into discrete and continuous. Discretization is a fundamental
technique in this phase, as it allows converting attributes from contin-
uous into discrete, dividing the domain into a defined number of in-
tervals, namely, determining the resolution of the parameter.

Once the features are in the database extension phase, all potential
combinations of vehicle characteristics are identified. The impossible
combinations are erased.

Calculation of output parameter for each record is the last step and it
consists in calculating the dependent variable (parameter) the ML model
will predict; it acts as an indicator to assess the environmental impact of
an EV. This parameter is correlated with the features chosen as input to
the model.

2.4. Modeling

Modeling involves the creation and evaluation of multiple models
using various techniques. The method allows for obtaining labeled
datasets. For each dataset, the environmental impact is calculated for a
specific impact category. The chosen machine learning category for this
method is Supervised Learning (SL), which indeed utilizes labeled
datasets to train algorithms to predict outcomes. The primary objective
is to identify the most effective ML methods for predicting the impact of
environmental factors, with a dedicated model for each parameter. To
achieve this, several ML techniques such as Gradient Boosting (GB),
Random Forest (RF), DL, Neural Network (NN) and Linear Regression
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(LR) need to be compared (Table 1) (Roberto Marmo, 2020); five algo-
rithms from the comprehensive comparison by Gayathri et al. were
depicted (Gayathri et al., 2022).

The environmental impact model building process begins by dividing
the database into training and testing sets, typically 70% and 30%
respectively. Specific software tools for data mining or data science are
used for the modeling process. Subsequently, each algorithm produces a
prediction model. For each model, the testing set is employed to
calculate metrics like Relative Error, Mean Absolute Percentage Error
(de Myttenaere et al., 2016) and R-Squared Error (Colin Cameron and
Windmeijer, 1997). The Relative Error is the average of the absolute
deviation of the prediction from the actual value divided by the
maximum of the actual value and the prediction (Rapid Miner, 2023a).
Based on these metrics, the optimal method is selected. The chosen al-
gorithm is the one yielding the lowest error according to the selected
metric.

2.5. Model evaluation

This phase consists of assessing whether the model performance
meets the initial requirements defined in the problem statement
(required accuracy). If not verified, an analysis of the procedure sup-
ports the understanding of the causes behind the mismatch. Typically,
actions are made in the feature selection and the domain of existence of
the selected features. In the feature selection phase, the number of fea-
tures can be increased; however, this may also increase the complexity
of the problem. If actions are taken in the domain of the existence of the
selected features, the number of intervals for each stage can be
increased, thereby enhancing the resolution for a specific parameter.

2.6. Model interpretation

The interpretation model phase enables users to handle the para-
metric model and assess the impact of each independent parameter on
the assessment impact. This phase involves interpreting the model to
make it transparent and easily understandable, rather than being treated
as a mysterious entity. The study of feature importance allows design
engineers to understand the meaning of each driver, which corresponds
to a design variable, and how it influences the overall impact. Various
algorithms can be employed to evaluate the importance of these features
(Altmann et al., 2010). This information ultimately aids designers in
using the model effectively during the design phase.

3. Results

The present section first goes through the six phases to develop a
parametric environmental impact model for EVs using ML techniques,
and then applies it to the case of an electric shuttle (3.7). The goal of the
case study (summarized in Fig. 2) is to confirm that the suggested
method enables the creation of an environmental model for an electric
minibus with an acceptable level of accuracy. The company that sets the
objective produces different types of EVs, intended for distinctly diverse
purposes (i.e., tourism, industrial logistics, military and emergency

Table 1
ML algorithms’ characteristics. SL = supervised; UL = Non supervised; RL: Reinforce; RE: Regression; CL = Classification; CG = Clustering.
Model  Calc Learning Memory Need to Annotations Learning Solution Ref
speed speed required optimize type
LR Fast Fast Little Minimal Small problems with linear decision surfaces SL RE Su et al. (2012)
RF Fast Fast Little Something Good generalization but prone to overfitting SL RE Liu et al. (2012)
GB Fast Fast Little Something Good generalization but prone to overfitting SL RE Natekin and Knoll
(2013)
DL Moderate Slow Medium to Much Classification, understanding, recognition SL, UL, RL CL, CG, LeCun et al. (2015)
large and predictions RE
NN Moderate Slow Medium to Much Classification, understanding, recognition SL, UL, RL CL, CG, Bishop (1994)

large and predictions RE
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Fig. 2. Case study. Each box consists of one step of the proposed method; dark grey boxes contain tools used and requirements, and light grey boxes output the step.

cases). Based on the company requirements, the acceptance of accuracy
was established during the problem definition phase. The company
needs a strategy for calculating environmental impact in the early design
phases. The company contributed the vehicle Bill of Material (BOM) and
technical know-how required to produce the results for the preliminary
LCA analysis. The case study’s starting point was established by first
identifying a reference EV, from which minibus records could be
extracted. Once developed, the model can be used by product engineers
without the need for experience in LCA analysis.

3.1. Problem definition

The present work aims to develop a parametric model with ML
techniques for the environmental impact of an electric shuttle in the
conceptual design phase. The objective is to assess the environmental
impact of an electric shuttle, which has a lifetime of 8 years; the system
boundaries include the material and manufacturing, use, maintenance
and EoL. The transportation-related impact was not considered in this
study. The calculation method used is ReCiPe Midpoint (H) V1.12/
Europe Recipe H, Ecoinvent 3.0, Climate Change [kg CO2 eq] that is the
most commonly used indicator (Subal et al., 2024). The model accepted
accuracy is 40% Relative Error.

3.2. Data collection

Given the goal and scope definition identified in the problem defi-
nition (Table 2), the LCI is the phase that collects information about
lifecycle phases. The most important information about the shuttle

Table 2
Material phase data.

material phase is shown in Table 2.

For the manufacturing phase, the impact is calculated using the flow
that calculates energy resource consumption as a function of frame
mass. The flow was customized according to the reference production
site, which is Italy in this case. Table 3 shows the main data for the use
phase analysis. The mass of the vehicle also considers the average mass
of the driver, equal to 75 kg. The average consumption of the vehicle
was assessed considering a customized driving cycle, considering the
maximum load of 100% equal to 1840 kg. It is assumed that the com-
pany’s photovoltaic system meets the demand for 50% of the electricity
needed to charge the vehicle.

The maintenance phase considers the replacement of the battery
pack every 106000 km. The impact of routine maintenance is related to
the distance traveled and the weight of the vehicle. At the EoL phase
85% of the metal is recycled and 50% of the remaining materials; in both
cases, the remaining untreated is sent to landfills. For electronic com-
ponents, 50% is sent to a specific treatment, while the remaining is
landfilled. For the cells of the battery pack, 100% of the batteries are

Table 3

Use phase data.
Vehicle Data Value UM
Mass 4500 [kgl
Average consumption 0.281 [kWh/km]
Distance travelled 106000 [km]
Country electricity grid mix Italy
Photovoltaic system 50 [%]

Frame Assembly

Electronic Assembly

Parts Value UM Parts Value
Total Mass 4044 [kgl Glass 28
Steel 60 [%] Fiberglass 2
Wood 2 [%] Rubber 2
Plastic 3 [%] Aluminum 3

UM Parts Value UM
[%] Total Mass 381 [kgl
[%] Electronic components 66 [kgl
[%] Battery Pack 260 [kg]

[%] Electric motor 55 [kg]
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sent to an EoL treatment that includes 50% hydrometallurgical treat-
ment and 50% pyrometallurgical treatment. The vehicle was modeled in
the SimaPro software. The overall results presented in Fig. 3 are for the
Italian use case.

The Material phase turns out to be the most impactful. In particular,
the steel material in the frame assembly for the Climate Change cate-
gory; it has the greatest mass. The Use phase is also very impactful. The
change in the electricity mix, in favor of renewable sources, results in a
lowering of the impact. Recycling and proper treatment of EoL compo-
nents and materials result in a benefit to the total impact.

The potential features were high in number (more than 100); how-
ever, a limited quantity was chosen for the model (Fig. 4). The selection
followed the main approach guidelines. Features considered fixed for
the type of vehicle considered were discarded. Features that describe the
vehicle life cycle in a general way were chosen. Finally, a choice was
made to avoid having features that were too correlated. The LCI of the
full LCA analysis made it possible to understand how the features are
related to each other’s. Exclusion of dependent features (i.e., speed vs
consumption, guide profile vs consumption, average passenger mass and
mass), listed below and shown. Grey boxes in Fig. 4 show fixed features,
which are features always valid for the type of product considered,
electric shuttle in the current case. White features can vary, according to
the specific product and design process; some are dependent on each
other’s. They are design constraints (i.e., maximum load, empty mass,
maximum speed), or deduced from components datasheets (i.e.,

a) Material Phase b) Use Phase

100% 100%
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90% 90%
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70% 80%
60%
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50%
40% 60%
30%
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Climate change [kg
CO2 eq]
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chemical battery, number of cells). The chosen parameters for creating
the database are.

e Country Use Phase: indicates the electric mix of the nation where the
vehicle operates.

e Country Manufacturing Phase: indicates the electrical mix of the
country in which the vehicle was produced.

e Distance [km]: indicates the total distance traveled by the vehicle
throughout its entire life.

e Consumption [kWh/km]: indicates the average electrical consump-
tion of the vehicle per unit of distance traveled.

e Mass [kg]: indicates the average mass of the vehicle.

e Autoproduced Energy [%]: indicates the percentage of electric en-
ergy consumed by the vehicle that is self-produced through a private
photovoltaic system.

e N. Battery Pack: indicates the number of battery packs installed on
the vehicle.

e Change Battery Pack: indicates whether the battery pack replace-
ment is anticipated during its useful life.

These parameters were chosen based on the results of the pre-
liminary LCA analysis. Not all available parameters were included as
they were deemed redundant, which is why the main ones were selected.
The material phase is influenced by the vehicle’s mass and the number of
battery packs. Parameters related to material percentages were not

c) Total
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10%
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-10%

-20%

Climate Change
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Fig. 3. LCA results modeled from SimaPro software for material (a), use phase (b) and overall lifecycle (c).
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Fig. 4. Features Selection for the electric shuttle.

chosen because the intended model pertains to shuttles with similar
percentages, and these parameters were considered redundant
compared to the representing vehicle mass. The only design parameter
introduced in the material phase is the number of battery packs, which
serves as a reference design parameter. The manufacturing phase is
influenced by the vehicle mass and the production country. The use
phase is influenced by the distance traveled, average consumption,
autoproduced energy, and country. Parameters related to the carried
load mass and selected driving cycle were discarded as redundant about
the vehicle’s average consumption. The maintenance phase is influ-
enced by battery pack replacement, as well as EoL treatment of the
consumed battery pack, with the impact of constructing the replacement
battery pack added in this phase. The impact of routine maintenance is
related to the distance traveled and the weight of the vehicle. The EoL
phase’s impact is influenced by the vehicle’s mass and the number of

battery packs.

3.3. Data preparation

Table 4 shows the maximum, intermediate and minimum values

Table 4

Vehicle parameters domain of existence and steps.

Parameter Variables
Distance [km] 50000 100000 150000 200000 250000
Consumption [kWh/km] 0.2 0.3 0.4 0.5 0.6
Mass [kg] 2000 3000 5000
N. Battery Pack 1 2 4
% Auto produced Energy 0 25 50 75
Country Use Phase Italy Norway
Country Manufacturing Italy China
Phase
Change Battery Pack Yes No

chosen for each parameter. The values were chosen based on data pro-
vided by the literature case study (Nordelof et al., 2014; Raugei et al.,
2015). The maximum percentage of energy that is covered by the
self-generated through a photovoltaic system is set to 75% because it is
often coupled with additional source(s) of power (Peffley and Pearce,
2020). Country Norway was chosen as it represents an electricity mix
based on renewable sources. The Norwegian electricity grid mix is low in
carbon as over 90% of electricity production comes from hydroelectric
sources (Godzimirski, 2014).

All possible combinations of the given parameters have been iden-
tified. Through SimaPro 9.1, it was possible to analyze the impact in
terms of kg CO2 eq for each record. This resulted in a database of 7200
records. An excerpt from the database is shown in Table 5.

3.4. Modeling

The modeling step in the process used RapidMiner (Auto Model
plugin for RapidMiner Studio), a data science platform developed by
Altair Engineering. RapidMiner offers a wide range of ML techniques
and features. While the software validation for data science may not be
as exhaustive as full cross-validation, this approach strikes a balance
between runtime efficiency and model validation quality (Rapid Miner,
2023b). RapidMiner enables the testing and comparison of five algo-
rithms: Generalized Linear Model (GLM), DL, Decision Tree (DT), RF,
and Gradient Boosted Trees (GBT).

3.5. Model evaluation

The Relative Error, which is easily understandable by engineers and
directly relevant to the initial design phase, is adopted by the authors
(Table 6). The findings indicate that both GLM and DL fail to achieve the
required level of accuracy. In general, decision trees demonstrate
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Excerpt from the database. Full database is obtained from combinations of parameters.

Distance Consumption Country_UsePhase  %Autoproduced Country_ManufacturingPhase =~ Mass N. Battery N. Change Climate Change
[km] [kWh/km] Energy kgl Pack Battery Pack [kg CO2 eq]
150000 0.2 Norway 0.5 Italy 5000 2 No 27280.738
200000 0.6 Italy 0 Italy 5000 1 No 98438.125
200000 0.6 Norway 0 China 2000 2 Yes 18680.872
Maximum speed lower than 25 km/h;
Table 6

Models performance results.

Model Relative Error [%]
Generalized Linear Model 20.74

Deep Learning 2.18

Decision Tree 4.65

Random Forest 11.22

Gradient Boosted Trees 0.90

compliance with constraints and outperform deep learning and linear
regression. Specifically, GBT performs better than RF and DT.

The use of commercial software for the life cycle evaluation enables
the development of a reliable database for training ML algorithms.
Additionally, LCA estimation software facilitates the gathering of im-
pacts under various conditions. Consequently, the proposed method is
not reliant on any specific software and can be implemented using data
science tools and other analytical disciplines related to environmental
impact estimation. All the parameters selected for the predictive models
are known during the early stages of designing a shuttle. However, it is
important to note that this research only provides a comprehensive es-
timate of the environmental impact of a shuttle. The detailed analysis
obtained from a comprehensive LCA analysis at the end of the design
process cannot be replaced by the results obtained through this
approach.

3.6. Model interpretation

Feature importance analysis allows engineers to highlight the impact
of parameters on the model. In the case of a shuttle model, the algorithm
has identified the country parameter (Fig. 5) as the most relevant (i.e.,
the electricity mix of the reference nation).

3.7. Model application to an electric shuttle

In this paragraph, the analyzed models are used to forecast the
environmental impacts of an electric shuttle. How the created model
paves the way for numerous subsequent conceptual and functional EV
designs is shown (Fig. 6). The considered attributes are the technical
features expressed by the Italian Ministry of Infrastructure and Trans-
port (Ministero delle infrastrutture e dei trasporti, 2015).

The electric shuttle is characterized by.

% Autoproduced Energy

N. Battery Pack

N. Change Battery Pack
Country_ManufacturingPhase
Mass [kg]

Distance [km]

Consumption [kWh/km]
Country_UsePhase

Maximum admitted mass in the fully loaded range: 2500 kg;
Maximum nominal continuous power: 15 kW;

Maximum power and total mass (fully loaded) ratio: 7.5 kW/t;
Maximum capacity: 8 passengers and driver.

The WLTC class 1 with a maximum speed limited to 25 km/h (Fig. 7)
is suitable for quantifying the energy consumption of the vehicle.

Reasonably, an overall distance of 100000 km is assumed traveled
without battery replacement. The total mass is 2180 kg, considering the
frame assembly mass is 1380 kg, the average load and the electronic
assembly mass (400 kg). The estimated consumption when the shuttle is
half-loaded is 0.229 kWh/km (Table 7).

Table 8 shows the values associated with the features of the pre-
dictive problem.

The environmental impact of the lifecycle of the electric shuttle is
17754.181 kg CO2 eq with the GBT model.

4. Discussion

The present work uses product design parameters to estimate LCA
results for new products; it enables product designers to predict the
environmental impacts of a new product system or process. The method
contributes to building knowledge in the context of eco-design (Rossi
et al.,, 2022) as it allows the addressees to make environmentally
conscious choices, the knowledge is easily consultable, and it allows an
immediate understanding and interpretation of results.

The need for the present work stands in the lack of tools for the
design process that can retrieve quantitative results, accessible and
useful also for non-LCA experts, as technical roles as designers may be.
Moreover, the work overcomes the obstacles of using LCA-bases at
various levels of design as the manual data inputs and the lack of fully
automated processes that undermine their advantages (Hansen et al.,
2023).

The case study and the construction of the database come from the
need for a company that produces a wide variety of electric vehicles for
multiple purposes and applications, such as electric shuttles for tourism,
for inter-quarters logistics. The highly different applications of the EV
determined the ranges of the parameters and the scenarios.

0.00 0.05 0.10 0.15 0.20 0.25 0.30 035 0.40 0.45 0.50

Fig. 5. GBT model, weights of parameters.
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Fig. 7. Customized driving cycle, adapted from WLTC class 1.
Table 7

Vehicle consumption [kWh/km] related to the transported load [kg].

Weight [kg] Load Consumption [kWh/km]
1860 0% 0.219
2020 25% 0.224
2180 50% 0.229
2340 75% 0.235
2500 100% 0.240

Table 8

Features values for the shuttle.
Parameters Value UM
Distance 100000 km
Consumption 0.229 kWh/km
Mass 2180 kg
N. Battery Pack 2 n.
% Auto produced Energy 58 %
Country_Use Phase Italy
Country_Manufacturing Phase Italy
Change Battery Pack No

4.1. Method strengths and limitations

The present work extensively goes beyond the state of the art, still
exploiting well known methodologies. The database relies on the strong
objectivity of LCA, which is the method employed in building each line.
The database contains the combinations of the parameters that vary
within the ranges displayed in Table 4.

The work provides researchers and designers with a new approach to
evaluate the environmental impact of EVs during the design phase, with
technologies never used before in the specific context of the design of
EVs. Unlike the existing literature, which often focuses on certain phases
for the sake of comparison with traditional combustion engines as
Raugei et al. (Raugei and Winfield, 2019), all the product lifecycle stages
are considered. The output is a surrogated LCA model. According to
Algren et al. (2021), the term surrogate LCA is used to describe ML al-
gorithms trained on process LCA data to predict LCA results. Differently
from Castaneda et al. (2021), who propose a model that returns a
qualitative result and makes a comparison with other more complicated
products, the proposed model returns a quantitative result, allowing a
quick comparison with the impact caused by other vehicles. The need for
such approaches arose for three main reasons; first, the environmental
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driver is slowly making its way into the design process. Consequently,
designers are asked to assess the consequences of their choices
(Cappelletti et al., 2022b), in terms of environmental sustainability.
Secondly, a full LCA requires time, resources and detailed data about
production processes and product structure; a surrogated LCA can
retrieve quantitative results with an acceptable error, without high
volumes of input information. Ultimately, LCA made through commer-
cial tools are not flexible, nor customizable. Parametrization is possible,
but rigid.

With the surrogated approach presented hereby, it was possible to
estimate the overall environmental impacts of the lifecycle of an electric
shuttle, for the Climate Change impact category, with seven parameters.

The chosen design parameters were selected, considering those that
have a greater influence on the impact through a preliminary LCA
analysis. This minimized the required design parameters. The present
work started from more than 100 parameters. Gao et al. (2023) also
handled the design parameters of electric vehicles before. They focused
on the Chinese market from 2017 to 2022 and identified more than 50.
However, those parameters only refer to the structure and functional-
ities of the vehicle and do not examine any aspect of the remaining
lifecycle phases, as the present work does.

The need for a few design parameters is among the main strengths of
the present approach. Four are the main reasons that limit the influence
of LCA within decision-making: lower priority of environmental aspects
compared to other decision criteria, complex LCA methods, complex
results, and a lack of data to perform a reliable LCA (Subal et al., 2024).
The present work, unlike many analytical models not based on ML
(Manuguerra et al., 2023; Marmiroli et al., 2020), does not require much
input data; therefore, the effort required to build kinematic models to
estimate consumption does not justify the large uncertainty of the input
data.

Together with its complexity and time consumption, the imple-
mentation of LCA at early design stages has so far remained a challenge;
in addition to that, the requirement of many data, that are not available
since then (Jusselme et al., 2018). The construction of the model allows
for quantitative results, despite the use of a limited number of
parameters.

The drawback of small inventory effort is the cumulate results,
despite the analysis considering all lifecycle phases. The proposed model
is trained on a database, whose total impact is obtained by summing the
impacts of four life cycle phases and not focusing only on the use (Onat
et al., 2021).

The traditional LCA is a very rigorous and rigid method. It is one of
the most diffused, appreciated and reliable methodologies to provide
quantitative evaluation of the sustainability of technologies and support
decision-making in design. The traditional LCA provides detailed
quantitative output, that describes the current state. The main limita-
tions are the high requirements and quality of data and the incapability
of providing a quantitative perspective evaluation of future de-
velopments, as prospective and surrogate LCA can do (Spreafico et al.,
2023). The current approach overcomes the linearity of traditional LCA
because: i) it returns quantitative results, given little inputs; ii) it re-
quires a much shorter time for collecting data compared to existing
approaches in the literature; iii) the results are acceptable at the design
phase when little production information is available and yet to change
along the process.

Through the exploitation of ML approaches, the present work suc-
cessfully exploits what was suggested by Spreafico et al. (2023), who
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look for studies focused on diversified parameters (such as operational
scenarios) to enrich the setting of the forecasts they work on their pro-
spective LCA. Eco-design decision-making process could benefit from
the integration of the two approaches, as the prospective LCA would
enrich the product and processes’ parameters.

The design process is characterized by high variability of hypothesis
and is the time when project constraints are set. The resulting model
makes the designer aware of the consequences of choices through
comparisons, thanks to the quantitative results returned by the model.
At first, the design process is limited by project constraints but has much
freedom for what has not been set yet. Below the main parameters are
reported.

Mossali et al. (2020) use the House of Quality tool to assess the most
important design interventions, once the technical specifications to
produce an EV battery pack and the redesign requirements are derived
to enable CE strategies of reuse, remanufacturing and recycling. Simi-
larly, through the output of the proposed approach under environmental
terms, designers can decide whether to expect the changing of the bat-
tery pack. For example, the planner is interested in comparing the result
of the vehicle described in Chapter 4 with the same vehicle but traveling
200,000 km and replacing the battery pack; the impact in the latter case
will be 27891.833 kg CO2 eq (increase by 57%).

The emission reduction benefits of EVs are dependent on the time
and location of charging and CO2eq emissions are highly dependent on
the percentage of fossil fuels in the grid mix (McLaren et al., 2016). This
is among the main reasons why the auto production and energy grid mix
are among the selected features. The company could evaluate at an early
stage, quantitatively, the benefit of using a photovoltaic system to
recharge the EV and then decide whether to increase its efficiency or
build one specifically for the vehicle. For example, in the case study of
Chapter 4, if the company does not use photovoltaic panels for vehicle
charging, the impact will be 22929.080 kg CO2 eq, which is equal to an
increase of 29%. The country use phase parameter makes it possible to
compare the difference in the impact of vehicle use, in different
geographical contexts. This can be useful both for the company, to check
in advance the impact in different plants and for an EV vendor who can
simulate multiple stages of use for different countries. For example, if
the vehicle in the case study were used in Norway, the impact would
increase by 34% and reach 11722.087 kg CO2 eq.

The country manufacturing phase parameters allow the comparison
of vehicle production impact, in different geographical contexts. The
electricity mix can have a very noticeable impact on carbon emissions
during the manufacturing phase. As affirmed by Lai et al. (2023), as the
percentage of clean energy in the electricity mix increases, the carbon
emissions during the battery manufacturing process are steadily
declining. In the current model, if the vehicle were built in China, the
impact would be 19769.350 kg CO2 eq, that is an 11% increase. When
extending to the production stage of the entire life cycle, there emerge
disparities in research conclusions; therefore, more detailed studies may
contribute to reducing uncertainties for the manufacturing phase results
(Shang et al., 2024).

Parameters such as mass, consumption, and battery packs can be
used to compare the impact between different versions of EVs to choose
the vehicle to purchase with the least impact. The development of effi-
cient EVs is related to the management of different parts of the power-
train (Maiorino et al., 2024). For example, considering a vehicle that has
a consumption of 0.4 kWh/km, 4 battery packs and a mass of 3000 kg;
leaving the remaining parameters unchanged, its impact is 30279.739
kg CO2 eq, that is, compared to the vehicle in Chapter 4, an increase of
71%.

The database on which the model is trained must be built considering
all possible scenarios. Extension to additional impact categories may be
considered, as Shang et al. (2024) claim a lack of research based on
production status, especially to identify the main emission types in the
manufacturing process of lithium batteries, components, and complete
vehicles. This would be the baseline for further emission reduction
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strategies for EV production strategy development.

4.2. Results comparison: ML-based ex-ante and LCA post design

This section proposes a comparison of results obtained by applying
the method herein presented (chapter 2) and the environmental anal-
ysis, carried out at the end of the design process. The adapted input data
are summarized in Table 9. The environmental impact calculated at the
end of the design differs by 17% from the ML model results. The input
data main data changes are due to the different composition of the frame
of the vehicle. The model considers a generic mixture of metals, non-
metals, plastics, etc. Moreover, the product’s material composition is
subjected to high variability along the design process, before reaching
the final design. In their work, De Wolf et al. (De Wolf et al., 2023)
outline works with high variations of environmental impacts in the
characterization of software tools and databases for LCA.

For example, Dalla Mora et al. (Dalla Mora et al., 2020) noticed
variations of up to 22% of the environmental impact of the materials for
the buildings they analyzed. Emami et al. (2019), in their comparison of
the embodied environmental impact assessment of a concrete-element,
multi-story residential building and a detached wooden house in
Finland, registered significant discrepancies: the whole building as-
sessments yielded a 15% difference and most individual categories
showed a difference of 40% or more. Applying their optimization model
for selecting optimal prefabricated column design considering envi-
ronmental impacts and costs using a genetic algorithm, Kumi and Jeong
(Kumi and Jeong, 2023) got an average error for the environmental
impact of 25%, with peaks of 37%. Therefore, the error (17%) obtained
in the present work, is acceptable because it is in line with similar errors
observed in the literature (Algren et al., 2021). The quantification of
other impact categories can lead to adverse results (Moro and Helmers,
2017). Moreover, the works above mentioned refer to LCAs of final
products, which should be more accurate than surrogate LCA for the
design phase. The current approach refers to errors in forecasts of
environmental impacts made at the design phase and obtained to
incorporate precautionary principles into the decision making and get
an overview of the lifecycle emissions, rather than obtaining punctual
values.

The present approach and the case study herein provided go through
the manual extension of the database; in addition to that, the compari-
son of the maximum expected error and the obtained error are user-
based. Proper automation of the two phases would allow for time
reduction and resource efficiency.

5. Conclusions

The need for the present work has deep connection with the estab-
lishment of environmental impact among the main design drivers. De-
signers need to be aware of the environmental impact of their choices
over the entire product life cycle. However, they often have technical
backgrounds and are not LCA experts. In addition, such well-known and
accepted methodologies (for example, LCA) although are accurate, need
much detailed data. Contrarily to traditional full LCA, not all lifecycle
information is available yet in the design phase and commercial tools are

Table 9

Shuttle data, as defined in the design process.
Parameters Value UM
Distance 106.000 km
Consumption 0.281 kWh/km
Mass 4500 kg
N. Battery Pack 2 n.
% Auto produced Energy 50 %
Country_UsePhase Italy
Country_ManufacturingPhase Italy
Change Battery Pack Yes
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very rigid, against the high flexibility and variability of the design phase.
Therefore, lean approaches are needed for the design phase, together
with simpler, surrogated LCA, that this paper accomplishes. The present
work proposes a method to support EV design. The methodology allows
the development of a parametric environmental impact model for
electric shuttles exploiting ML techniques and consists of six phases:
problem definition; data collection; data preparation; modeling; model
evaluation; model interpretation. All stages of the product life cycle have
been considered in the construction of the database, and the model
provides quantitative results that consider the consumption of material
and energy resources. Regression models and supervised algorithms
were used. The resulting model is among the main strengths of the
proposed approach: the model: i) allows for engineers to make informed
decisions during the design process, even when designers are not experts
in environmental sciences; ii) ensures comparison of different analyses,
as the model relies on the same database and initial hypothesis, iii)
consequently, results are coherent and comparable. Therefore, the
decision-making process encompasses the environmental driver,
without requiring much effort, or resources. It urges to underline that
the current approach is intended for the concept design phase, without
meaning to replace a complete LCA analysis, which is feasible at the end
of the design process, when detailed information is available. However,
the results are within an acceptable range or error.

The case study confirms that the suggested method enables the cre-
ation of an environmental model for an electric shuttle with an
acceptable level of accuracy: the environmental impact calculated when
the design phase is over, and all product information is known differs by
17% from the ML model results. This error would be acceptable even for
full LCA, where results variations are registered at about 20%. The
model works with varying parameters (i.e. country energy mix); the full
LCA considers specific material composition for the considered electric
shuttle. The error is even more satisfactory if the purpose of the study is
considered: provide a surrogate LCA for the design phase.

The emissions (Climate Change indicator) over the whole lifecycle
for the considered electric shuttle are 17754.181 kg CO2; the estimated
distance traveled is 100000 km, without battery replacement; the total
mass is 2180 kg (frame assembly mass is 1380 kg, average load and the
electronic assembly mass is 400 kg) and the estimated consumption
when the shuttle is half loaded is equal to 0.229 kWh/km. The chosen
model is the GBT model and the relative error is 0.90%. The highest
relative error is registered by the Generalized Linear Model (20.74%).
The method contributes to building knowledge in the context of eco-
design as it allows the addressees to make environmentally conscious
choices, the knowledge is easily consultable, and it allows an immediate
understanding and interpretation of results. Future works will focus on
additional significative indicators for EVs’ lifecycle and on similar EV
designs (i.e., both freight and passengers). The present work would
significantly gain benefits from the integration with prospective LCA
approaches, which consider future trends (i.e., getting data from pat-
ents) to forewarn future impacts. Ultimately, future studies could also
focus on the automation of initial assumptions editing, so that the
extension of the database and the error comparison would speed up and
require fewer resources.

6 Glossary
Additive Manufacturing AM High-Voltage-Battery- HV-
Optimization-Tool BOT
Artificial Neural ANN Industrial Revolution 14.0
Network
Artificial Intelligence Al Internet of Things IoT
Attributional LCA LCA- Life Cycle Assessment LCA
A
Automated Guided AGV Lifecycle Impact Assessment LCIA
Vehicle
Bills of Materials BOM Life Cycle Inventory LCI

(continued on next column)
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(continued)
Additive Manufacturing AM High-Voltage-Battery- HV-
Optimization-Tool BOT
Classification CL Linear Regression LR
Clustering CG Liquefied Natural Gas LNG
Decision Tree DT Lithium-Ion Batteries LIB
Deep Learning DL Machine Learning ML
Electric Vehicles EV Neural Network NN
End-of-Life EoL Regression RL
Generalized Linear GML Random Forest RF
Model
Gradient Boosted Trees GBT Reinforce RL
Gradient Boosting GB Supervised algorithm SL
Greenhouse Gas GHG Non supervised UL
Emissions
Weel-To-Wheel WTW
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