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A B S T R A C T

Hyperloop systems offer high-speed, low-emission transport, yet existing life-cycle assessments (LCA) report 
inconsistent greenhouse gas (GHG) results because of differing system boundaries and assumptions. This study 
introduces a stochastic parametric LCA framework that quantifies both expected GHG emissions and associated 
uncertainties across four hyperloop configurations. A unified variance-decomposition model captures uncer
tainty arising from both design-type decisions and cross-design parameters, and maps these to stakeholder 
groups. Applied to a Zurich–Geneva case study, results show that tube material has the greatest impact on mean 
emissions, while component service life is the largest single source of uncertainty and operational parameters 
collectively contribute the second-largest share. Among stakeholders, operators have the greatest influence on 
GHG footprint by controlling most of the operational parameters and affecting component lifespans through 
maintenance. Infrastructure designers show the second greatest influence, primarily via their decision between 
using concrete or steel tubes. Pod designers rank third by determining the levitation technology and pod design 
characteristics, while constructors have the least influence, with their most impactful decision being the selection 
of material suppliers. This decision-centric framework enables transparent evaluation of carbon impacts and 
uncertainty and supports sustainable infrastructure planning for next-generation transport systems.

1. Introduction

Global transport demand is rising with population and industrial 
growth. In 2022, transport accounted for over one-third of end-use GHG 
emissions and continues to expand with increased air travel [1,2]. 
Aviation decarbonization remains slow due to the limited scalability of 
Sustainable Aviation Fuels and the infeasibility of current battery 
technologies for electric aircraft [3,4].

Hyperloop, a vacuum-based maglev system, has emerged as a 
promising low-carbon alternative to short-haul flights. With speeds 
exceeding 1000 km/h, it offers a feasible pathway for decarbonized 
high-speed travel that only requires half the battery density compared to 
electric aircraft [5–7]. A typical hyperloop consists of a low-pressure 
tube, maglev-powered pods, and supporting infrastructure.

Fig. 1 illustrates the hyperloop infrastructure proposed by EuroTube 
[8]. Hyperloop infrastructure mainly comprises three component types: 
structural components, electrical components, and vacuum components. 
The primary structural components consist of sealed tubes supported by 
pillars, connection joints between the tubes, and rails for pod movement. 

The electrical components are responsible for power transfer and signal 
transmission. Vacuum components, such as the liner, airlocks, valves, 
and pumps, maintain low-pressure conditions essential for efficient 
operation. The airlock serves as a terminal section that allows pods to 
enter and exit while preventing atmospheric air from entering, thereby 
ensuring both efficiency and safety. Vacuum pumps reduce air pressure 
in the airlock to operational levels for each departure and compensate 
for vacuum losses caused by infrastructure leakage.

Although several studies have evaluated hyperloop’s environmental 
performance, comparative GHG footprints across design types remain 
unexamined. Existing systems differ mainly in tube material and levi
tation technology. As shown in Fig. 2, the Electrodynamic Suspension 
(EDS) system relies motion-induced eddy currents in the conductive rails 
for magnetic repulsion, whereas the Electromagnetic Suspension (EMS) 
relies on continuous attraction between onboard electromagnets and the 
ferromagnetic tracks.

Hyperloop pods use linear motors for propulsion while levitating. 
EDS systems typically adopt Linear Induction Motors (LIMs), which 
induce magnetic fields in aluminum rails but suffer efficiency losses due 
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to slip and reactance. EMS systems use Linear Synchronous Reluctance 
Motors (LSRMs), offering higher efficiency and lower cost using ferro
magnetic rails, but requiring precise control. This study assumes EDS 
with LIMs and EMS with LSRMs to avoid mixed rail materials, which 
would increase both cost and emissions. Tube materials, such as con
crete and steel, also significantly affect system environmental perfor
mance [5,6,9,10]. Concrete offers high durability but requires an 
internal liner to ensure airtightness, whereas steel naturally provides 
superior sealing capabilities although it is susceptible to corrosion.

Given these diverse design options for hyperloop systems, Life Cycle 
Assessment (LCA) is essential for evaluating their environmental per
formance of hyperloop systems across their entire life cycles [11–13]. 
LCA enables quantitative comparison of alternative designs under an 
identical functional unit and scope, thus further guiding decisions for 
decarbonization. While several studies have assessed hyperloop emis
sions, most have focused on a single design configuration and have 
yielded conflicting conclusions due to inconsistent boundaries and as
sumptions. Moreover, no study to date has systematically compared the 
four major hyperloop design types within a unified framework that in
corporates uncertainty. To address this gap, we develop a stochastic 
parametric LCA framework with unified boundaries and assumptions 
and apply it to four technically feasible configurations defined by levi
tation technology and tube material. The levitation technology de
termines the rail materials: the EDS system needs a conductive reaction 
rail, represented here by aluminum, whereas the EMS system relies on a 
ferromagnetic rail, represented here by steel. Accordingly, we evaluate 
four configurations: 

(1) EDS with concrete tubes and aluminum rails (EDS-CT),
(2) EDS with steel tubes and aluminum rails (EDS-ST),
(3) EMS with concrete tubes and steel rails (EMS-CT),
(4) EMS with steel tubes and steel rails (EMS-ST).

2. Literature review

GHG emissions from public transport systems arise primarily from 
infrastructures and operations. Infrastructure emissions depend on ma
terial choices and component service life, while operational emissions 
are shaped by the energy source and passenger occupancy [14–16]. In 
emerging systems like hyperloop, infrastructure and operations are 
more tightly coupled than in conventional rail systems. The choice of 
pod levitation technology influences infrastructure emissions by deter
mining the required rail material and affects operational emissions 
through differences in energy demands by propulsion and internal 
cooling between EMS and EDS systems. These interdependencies un
derscore the need for holistic LCA models that jointly assess both 

embodied and operational carbon emissions to support informed design 
and decarbonization of emerging transport systems.

Since the vacuum transportation concept was popularized by Elon 
Musk [17], several studies have assessed the environmental perfor
mance of hyperloop designs. Janić [18] compared direct energy use and 
GHG emissions of high-speed railways (HSR), Transrapid Maglev (TRM), 
and an EMS hyperloop on the Moscow–St. Petersburg route. His results 
indicate that the hyperloop system has the best economic and environ
mental performance followed by TRM and HSR. Later in 2021, Janić 
[19] extended this work by developing an analytical mechanical energy 
consumption model under multiple operating scenarios for HSR, TRM, 
and EMS hyperloop, showing that emissions were shaped by journey 
distance and seat capacity. However, both studies focus solely on 
operational impacts and exclude infrastructure-related emissions.

Hirde et al. [20] proposed a framework to evaluate the construction 
and operational GHG footprints of an EMS-CT hyperloop across three 
routes: Mumba–Pune, Dubai–Abu Dhabi, and Chicago–Pittsburgh. They 
found that while hyperloop is 40 % more energy-efficient than aviation, 
it consumes more energy than TRM and HSR. Its infrastructure-related 
GHG emissions also exceed those of aviation by 61 %. Nevertheless, 
hyperloop’s overall GHG footprint can still be lower than aviation if it 
ispowered by a clean electricity mix.

More recently, Beckert et al. [5] conducted a comprehensive LCA of 
an EDS-CT hyperloop system between Zurich and Geneva, covering both 
embodied infrastructure emissions and pod operations. Their analysis 
shows that hyperloop closely resembles HSR, while offering 
aviation-like speeds. The included local sensitivity analysis of opera
tional parameters illustrates that vacuum pressure, the block ratio of the 
infrastructure, and the pod passenger capacity are the most influential 
parameters affecting the operational energy consumption.

Despite recent progress, existing studies report conflicting conclu
sions regarding hyperloop’s emissions potential: Beckert et al. [5] sug
gested values comparable to HSR, whereas Hirde et al. [20] projected 
emissions up to three times higher. This discrepancy stems mainly from 
divergent assumptions in the LCA models. For example, Beckert et al. 
assumed a 100-year service life for the main structural components, 
whereas Hirde et al. used a 40-year assumption. Since hyperloop re
mains a technology under development, such assumptions introduce 
considerable uncertainty that deterministic LCAs cannot capture, 
limiting their supporting for comprehensive design phase decisions 
[21].

While local sensitivity analyses can evaluate the impact of individual 
parameters, they cannot capture the overall uncertainty arising from 
simultaneous variation in multiple parameters. Stochastic LCA is 
therefore needed to assess the combined effects of all inputs for hyper
loop systems. These inputs fall into two categories: cross-design 

Fig. 1. Schematic illustration of hyperloop transportation system from EuroTube [8].
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parameters, which are shared across all configurations (e.g., vacuum 
pressure), and design-type decisions, which define the system architec
ture (e.g., levitation technology). To further compare the influence of 
design-type decisions with that of cross-design variability, we propose a 
unified framework that integrates multiple stochastic LCAs, quantifies 
the contributions of both parameter types, and further links them to the 
responsible stakeholders to better inform decision-making.

3. Materials and methods

Fig. 3 presents our stochastic parametric LCA framework. We classify 
uncertainty into two categories. Design-type decisions are categorical 
choices among hyperloop types, and cross-design parameters are 
continuous inputs shared across all types. For each design type, we 
assign probability distributions to the cross-design parameters and run 
Monte Carlo (MC) simulations to generate GHG outcomes across the 
covered LCA stages. We then fit Polynomial Chaos Expansion (PCE) 
surrogates to the MC samples and apply Sobol’ decomposition to attri
bute variance to cross-design parameters. These variances are then 
averaged across all the design types to represent their influence across 
the four types of hyperloop designs. To quantify the uncertainty impact 
of design-type decisions, we regroup the MC outputs by design type and 
calculate the design-type variance of mean GHG emissions. Finally, we 
map the variances associated with both design-type decisions and cross- 
design parameters to stakeholder groups to quantify how each group’s 
choices shape the hyperloop system’s GHG footprint.

3.1. Goal and scope

The aim of this study is to quantify and compare the GHG footprint of 
four hyperloop designs at the midpoint level, identify the key parame
ters with the highest uncertainty contributions, and further estimate the 
influence of decisions made by various stakeholders. The functional unit 
is the transportof one passenger over 1 km by hyperloop over a 100-year 
system lifetime, with demand modeled on the Zurich–Geneva route. The 
LCA scope follows the European standard DIN EN 15,978:2012–10 [22] 
and covers the product stage (A1–A3), the construction stage (A4–A5), 
the replacement subphase (B4), and the operational energy subphase 
(B6). We model replacement subphase through service-life-based 
annualization of embodied impacts using component service-life dis
tributions, and we Ndocument the full modeling assumptions and for
mulas in Section S1 in the supplementary material. Due to limited data 
availability, this study does not include the embodied emissions of the 
pod or pod-related maintenance activities.

3.2. Life cycle inventory

Life cycle inventory analysis quantifies all inputs and outputs of the 
studied system. Foreground data, including the parameters associated 
with uncertainties, are based on the literature and on expert 

assumptions from EuroTube. Background data, consisting of embodied 
impacts of materials and energy sources, are extracted from ecoinvent 
3.10.1 using the cut-off allocation method [23].

Table 1 summarizes the four hyperloop designs. EDS configurations 
use aluminum rails and pod-side LIMs, whereas EMS configurations use 
steel rails and pod-side LSRMs. Concrete tubes require internal liners to 
achieve a leakage rate in the range of 0.001 to 0.01 Pa⋅L/s per m3; while, 
steel tubes naturally achieve a smaller leakage rate below 0.001 Pa⋅L/s 
per m3 and therefore do not require liners [20,24]. All designs share a 
4.4 m inner tube diameter with a block ratio of 0.6. Each 20 m tube 
segment is connected via silicone joints and supported by two pillars at 
both ends (Fig. 1). Other infrastructure parameters are identical across 
the four hyperloop design types.

3.3. Life cycle impact assessment

As this study focuses on the GHG emissions of hyperloops, for the Life 
Cycle Impact Assessment (LCIA) stage, we used the Global Warming 
Potential over a 100-year time horizon (GWP100), with characterization 
factors from the Intergovernmental Panel on Climate Change (IPCC) 
Sixth Assessment Report [25]. We averaged the GHG emissions from 
each covered LCA stage by the estimated annual number of transported 
passengers between Zurich and Geneva. The detailed system model is 
described in Section S1 the supplementary material.

3.3.1. Product stage
In the product stage, we estimated the distributions of embodied 

GHG emissions for infrastructure components using MC simulations 
with uncertainty data from the ecoinvent 3.10.1 database. In ecoinvent, 
the uncertainty of an emission factor is characterized by a pedigree 
matrix, which describes the uncertainty of a process across five di
mensions: reliability, completeness, temporal correlation, geographical 
correlation, and technological correlation [26,27]. Scores for these di
mensions are automatically translated into statistical factors by the 
Brightway 2.5 Python package [28] for running MC simulations to 
obtain the GHG emissions distributions. The quantities of materials for 
the four hyperloop designs are provided in Table S1 in the supplemen
tary material.

3.3.2. Construction stage
Existing literature indicates that the construction stage contributes 

only a small proportion of the total GHG emissions in linear trans
portation infrastructures, despite the complexity of construction activ
ities [14,29–32]. To simplify this analysis, we categorized construction 
emissions into three groups: prefabrication, transportation, and on-site 
construction. We modeled each group as a probability distribution 
derived from MC simulation based on energy consumption from the 
machines used in the construction stage.

Specifically, we adopted the Smart Mobile Factory (SMF) concept to 
minimize emissions in the construction stage [33–35]. For 

Fig. 2. Core levitation principle of maglev technology adapted from [9], (a) Electrodynamic suspension, (b) Electromagnetic suspension.
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prefabrication, the major activities include concrete mixing, casting, and 
tube welding, with uncertainties arising from electricity emission factors 
in the database and the equipment operation durations. The operation 
durations were modeled as uniform distributions using EuroTube’s 
experimental production data. We modeled transportation emissions 
using distributions obtained from various relocation strategies [36]. Due 
to the lack of empirical data, we estimated the on-site construction 
emissions by scaling energy consumption data from high-speed railways 
(HSR) construction. Details of the modeling of construction energy 
consumption are provided in Section S3 in the supplementary material.

3.3.3. Component service life in the replacement stage
Existing studies show that the GHG footprint of transportation 

infrastructure is highly sensitive to component service lives, yet 
empirical data for hyperloop are unavailable. We therefore modeled 
service life as a probability distribution, using its design lifespan as the 
mean and the standard deviation estimated from the literature-based 
coefficients of variation (COV). This approach is widely used in 
comparative LCA studies to capture uncertainty when empirical data are 
lacking [15,16]. Weibull and lognormal distributions are used for their 
non-negativity and ease of interpretation [37–40]. We applied Weibull 
distributions to tubes, pillars, and rails due to their structural similarity 
to bridges [40–42], while we assigned lognormal distributions to vac
uum components, where no empirical data exists [38]. Specifically, we 
assigned a 100-year lifespan to both concrete and steel tubes, with COVs 
of 0.25 and 0.20, respectively [43]. We extended steel rail service life to 
60 years with a COV of 0.20 to reflect reduced wear under vacuum and 
maglev conditions and set aluminum rail service life to 50 years with a 
COV of 0.25 to account for the eddy current heating from LIMs. For all 
other components, we applied a COV of 0.20 based on literature [15,16]. 
To avoid overestimation, we truncated all distributions at a minimum of 
five years and a maximum of 1.5 times the mean.

3.3.4. Operational energy
Operational energy includes electricity consumption for vacuum and 

pod operations. We excluded maintenance-related energy due to limited 
data availability and its minimal contribution [44]. Detailed modeling is 
provided in Section S4 of the supplementary material.

3.3.4.1. Vacuum operation energy. Vacuum operation consists of three 
activities: initial evacuation, airlock operation, and vacuum assurance 
operation. We modeled all three activities as isothermal processes, with 
the airlock operation frequency determined by the number of annual 
pod departures required to meet the demand between Zurich and 
Geneva. Vacuum assurance operation energy was derived from leakage 
rates (see Table 1) and pressure differentials. We modeled vacuum 
pressure as a uniform distribution ranging from 100 to 1000 Pa and 
pump efficiency from 0.3 to 0.6 [20,45].

3.3.4.2. Propulsion energy modeling. To accelerate the pod, the linear 
motor must overcome three forces: inertia, aerodynamic drag, and 
electromagnetic drag. Although the low-pressure environment reduces 
aerodynamic friction, high speeds still induce aerodynamic drag 
because of choking between the pod and tube walls. This drag force 
stems from pressure differentials between the pod’s front and rear. 
Computational fluid dynamics (CFD) studies demonstrate that the 
aerodynamic drag coefficient depends primarily on the system’s block 
ratio and pod speed, with negligible influence from pod shape, length, or 
vacuum pressure [46–49]. Therefore, we estimated the aerodynamic 
forces by interpolating and extrapolating the coefficients at a block ratio 
of 0.6 from Table 2 in the supplementary material.

Electromagnetic drag depends on the levitation system: EMS uses a 
speed-dependent lift-to-drag ratio [20], whereas in EDS, drag depends 
on the square root of the inverse LIM slip speed. We assumed pod speed 
in EDS systems scales linearly with slip speed with a factor of 0.85 speed 

Fig. 3. Overview of the stochastic parametric LCA framework for novel transportation systems.

Table 1 
Design options for four types of hyperloop design types.

Design Option EDS-CT EDS-ST EMS-CT EMS-ST

Infrastructure Parameters
1. Tube material Concrete Steel Concrete Steel
2. Rail material Aluminum Aluminum Steel Steel
3. Liner material Polymer None Polymer None
Operation Parameters
4. Levitation suspension Electrodynamic Electrodynamic Electromagnetic Electromagnetic
5. System leakage rate 0.001 to 0.01 Pa⋅L/s per m³ 0.0001 to 0.001 

Pa⋅L/s per m³
0.001 to 0.01 Pa⋅L/s per m³ 0.0001 to 0.001 

Pa⋅L/s per m³
6. Propulsion Pod-side LIM Pod-side LIM Pod-side LSRM Pod-side LSRM
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[9,50,51].
Additionally, current pod designs incorporate regenerative braking 

systems to recover kinetic energy during deceleration. We modeled the 
recovery efficiency as a uniform distribution between 0.3 and 0.6 based 
on [5,10].

3.3.4.3. On-board energy modeling. In this study, the pod has a floor area 
of 64 m2 with 70 seats installed. The energy consumption of on-board 
facilities in hyperloop pods is comparable to that of fuselage systems 
in aviation [5,6]. Thus, we assumed the on-board facilities, including 
entertainment electronics and lighting, had a power at density of 18.57 
W/m² with an average efficiency of 0.8 [52].

Aerodynamic heating and internal heat sources, such as motors and 
batteries, necessitate active cooling to maintain passenger comfort in
side the pod. The low-vacuum tube environment limits external heat 
dissipation and requires a heat pump combined with phase-change 
material (PCM) to effectively regulate the internal temperature. We 
modeled the fraction of total heat reaching the pod as a uniform 

Table 2 
Data used in the LCA model of four hyperloop designs.

Variable Unit Type Parameter Note

Product Stage ​ ​ ​
1. GHG emissions 

of concrete tube
kgCO2- 
eq/m

Lognormal μ: 
1558.628 
σ: 94.937

MC simulation based 
on mean and 
pedigree matrix from 
ecoinvent database2. GHG emissions 

of steel tube
kgCO2- 
eq/m

Lognormal μ: 
5737.470 
σ: 
396.300

3. GHG emissions 
of aluminum 
rail

kgCO2- 
eq/m

Lognormal μ: 
1060.229 
σ: 
102.048

4. GHG emissions 
of steel rail

kgCO2- 
eq/m

Lognormal μ: 
1166.008 
σ: 65.845

5. GHG emissions 
of pillar

kgCO2- 
eq/m

Lognormal μ: 
311.838 
σ: 19.721

6. GHG emissions 
of joint

kgCO2- 
eq/m

Lognormal μ: 3.905 
σ: 0.389

7. GHG emissions 
of liner

kgCO2- 
eq/m

Lognormal μ: 
210.419 
σ: 46.187

8. GHG emissions 
of valve

kgCO2- 
eq/m

Lognormal μ: 
132.608 
σ: 17.183

9. GHG emissions 
of pump

kgCO2- 
eq/m

Lognormal μ: 29.828 
σ: 3.891

Construction 
Stage

​ ​ ​

10. Transportation 
of EDS-CT

kgCO2- 
eq/m

Lognormal μ: 31.728 
σ: 10.915

MC simulation based 
on machine power 
and activity duration 
data provided by 
EuroTube

11. Transportation 
of EDS-ST

kgCO2- 
eq/m

Lognormal μ: 5.364 
σ: 4.795

12. Transportation 
of EMS-CT

kgCO2- 
eq/m

Lognormal μ: 33.192 
σ: 11.419

13. Transportation 
of EMS-ST

kgCO2- 
eq/m

Lognormal μ: 5.933 
σ: 5.303

14. Prefabrication 
of EDS-CT

kgCO2- 
eq/m

Lognormal μ: 97.886 
σ: 19.954

15. Prefabrication 
of EDS-ST

kgCO2- 
eq/m

Lognormal μ: 97.267 
σ: 19.960

16. Prefabrication 
of EMS-CT

kgCO2- 
eq/m

Lognormal μ: 97.886 
σ: 19.954

17. Prefabrication 
of EMS-ST

kgCO2- 
eq/m

Lognormal μ: 97.267 
σ: 19.960

18. On-site 
construction of 
EDS-CT

kgCO2- 
eq/m

Lognormal μ: 
935.137 
σ: 
195.942

19. On-site 
construction of 
EDS-ST

kgCO2- 
eq/m

Lognormal μ: 
402.919 
σ: 92.388

20. On-site 
construction of 
EMS-CT

kgCO2- 
eq/m

Lognormal μ: 
935.137 
σ: 
195.942

21. On-site 
construction of 
EMS-ST

kgCO2- 
eq/m

Lognormal μ: 
402.919 
σ: 92.388

Service Life ​ ​ ​
22. Service life of 

concrete tube
year Weibull μ: 100 

σ: 25
Truncation at (5, 
150), μ: [5,6,43]

23. Service life of 
steel tube

year Weibull μ: 100 
σ: 20

Truncation at (5, 
150), μ: [5,6,59]

24. Service life of 
aluminum rail

year Weibull μ: 50, 
σ: 12.5

Truncation at (5,75), 
μ: [5,6]

25. Service life of 
steel rail

year Weibull μ: 60 
σ: 12

Truncation at (5, 
90), μ extended 
based on [42,40]

26. Service life of 
pillar

year Weibull μ: 100 
σ: 25

Truncation at (5, 
150), μ from [5,6,43]

27. Service life of 
joint

year Lognormal μ: 30 
σ: 6

Truncation at (5, 1.5 
μ), μ from [5,6]

Table 2 (continued )

Variable Unit Type Parameter Note

28. Service life of 
liner

year Lognormal μ: 60 
σ: 12

29. Service life of 
valve

year Lognormal μ: 30 
σ: 6

30. Service life of 
pump

year Lognormal μ: 12 
σ: 2.4

Vacuum 
Operation

​ ​ ​

31. Vacuum 
pressure

Pa Uniform min: 100 
max: 1000

Data from [5,6]

32. Concrete tube 
leakage rate

PaL/s 
per m3

Uniform min: 
0.001 
max: 0.01

Data from [24,20]

33. Steel tube 
leakage rate

PaL/s 
per m3

Uniform min: 
0.0001 
max: 
0.001

34. Vacuum pump 
efficiency

- Uniform min: 0.3 
max: 0.6

Pod Design ​ ​ ​
35. LIM efficiency - Uniform min: 0.7 

max: 0.8
Data from [54,51]

36. LSRM 
efficiency

- Uniform min: 0.8 
max: 0.9

Data from [60]

37. Pod mass ton Uniform min: 30 
max: 50

Own assumption

38. CoP of cooling 
system

- Uniform min: 2.1 
max: 4

Data from [53]

39. Regenerative 
braking 
efficiency

- Uniform min: 0.3 
max: 0.6

Data from [5,6]

40. Battery 
charging 
efficiency

- Uniform min: 0.85 
max: 0.95

Data from [61]

41. Battery 
discharging 
efficiency

- Uniform min: 0.9 
max: 0.95

42. Pod share of 
aerodynamic 
heating

- Uniform min: 0.2 
max: 0.8

Data from [5]

Pod Operation ​ ​ ​
43. Occupancy 

rate
- Uniform min: 0.75 

max: 0.85
Own assumptions 
based on [5,6]

44. Travel 
distance

km Uniform min: 100 
max: 600

45. Cruise speed km/h Uniform min: 600 
max: 1200

46. Acceleration/ 
deceleration

m/s2 Uniform min: 0.5 
max:2

47. GHG emissions 
of operational 
electricity

kgCO2- 
eq/ 
kWh

Lognormal μ: 0.0112 
σ:0.00221

MC simulation based 
on mean and 
pedigree matrix from 
ecoinvent
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distribution ranging from 20 % to 80 % [5] and assumed the coefficient 
of performance (COP) of the heat pump followed a uniform distribution 
from 2.1 to 4 [53]. Passenger heat output was fixed at 80 W/person, 
with occupancy modeled from 0.75 to 0.85. We modeled the motor ef
ficiency as a uniform distribution: 0.7–0.8 for LIMs in EDS systems [51,
54] and 0.8–0.9 for LSRMs in EMS systems [9]. Battery charging and 
discharging efficiencies were modeled as uniform distributions ranging 
from 0.85 to 0.95 and from 0.9 to 0.95, respectively [5,10].

3.4. Uncertainty quantification

Table 2 summarizes the input parameter distributions, including the 
mean μ the standard deviation σ, and their sources in the “Note” column. 
These distributions were incorporated into the stochastic LCA frame
work using the OpenTURNS Python package [55] to run the MC simu
lations and generate sample data for statistical analysis of the system's 
GHG emissions. To align the model predictions with the mean simula
tion outputs, we used SciPy [56] to minimize the difference between 
predicted and sampled means. This approach enabled consistent esti
mation of stage-wise GHG emissions at the mean output values.

We conducted the Sobol’ variance decomposition to estimate the 
uncertainty contribution of each cross-design parameter to the overall 
uncertainty [57]. To manage the high-dimensional input space and 
reduce computational load, we trained PCE surrogates on the MC data. 
PCE expresses the output as a sum of orthogonal polynomial terms, 
enabling more efficient variance analysis compared to MC-based anal
ysis [58]. Surrogate accuracy was assessed using leave-one-out (LOO) 
cross-validation, with a maximum allowable error of 0.05. Surrogate 
model performance results are reported in Section S5 of the supple
mentary material.

3.5. Stakeholder-attributed variance

We attributed the variance contributions from both design-type de
cisions and cross-design parameters to stakeholder groups to quantify 
how their decisions shape the hyperloop’s GHG footprint. The four key 
stakeholder groups considered are: 

• Infrastructure designers, who select tube materials and vacuum 
pump efficiency.

• Constructors, who manage supplier selection, prefabrication activ
ities, transport, and on-site construction activities.

• Pod designers, who determine the levitation technology, pod mass, 
and subsystem efficiencies, including motor efficiency, battery effi
ciency, and the COP of the heat pump.

• Operators, who control operational parameters (e.g., vacuum pres
sure, occupancy) and influence component service lives through 
maintenance.

Conceptually, we treat the GHG emissions per passenger-kilometer 
Yas a random variable whose variability arises from two sources: (i) 
the discrete design-type decisions D (tube material and levitation tech
nology) and (ii) the continuous parameters, such as component service 
lives, leakage rates, and subsystem efficiencies. Applying the law of total 
variance with respect to D, we can decompose the total variance of Y 
using Eq. (1), 

Var(Y) = Var(E[Y|D]) + E[Var(Y|D)] (1) 

where Var(E[Y|D]) represents the variance attributable to differences 
among design-type choices, and E[Var(Y|D)] denotes the average vari
ance arising from the cross-design parameters.

We approximate the design-type component Var(E[Y|D]) by 
assuming that the design-type decisions are independent and therefore 
decomposing their contributions additively, as shown in Eq. (2) below, 
where σ2

i is the variance contribution of design decision i. 

Var(E[Y|D]) =
∑n

i=1
σ2

i (2) 

For the cross-design component E[Var(Y|D)], we first performed a 
Sobol’-based variance decomposition for each design type p, treating the 
m continuous parameters as independent of each other. For design type 
p, Eq. (5) decomposes the system variance, 

Var(Y|D = p) =
∑m

j=1

(
σp

j

)2
+ σ2

int,p (3) 

where 
(

σp
j

)2 
is the main-effect variance contribution of parameter j in 

design type p, and σ2
int,p collects the higher-order interaction terms 

among the continuous parameters. In our numerical results, the inter
action terms are several orders of magnitude smaller than the corre
sponding main-effect contributions, therefore, we can approximate the 
cross-design component E[Var(Y|D)] by averaging the main-effect vari
ance contributions across q design types by Eq. (4). 

E[Var(Y|D)] ≈
∑m

j=1

(
1
q
∑q

p=1

(
σp

j

)2
)

(4) 

Taken together, we can approximate the total variance of Y using the 
components from design-type choices and cross-design parameters by 
Eq. (5), 

Var(Y) ≈
∑n

i=1
σ2

i +
∑m

j=1

∑q

p=1

(
1
q

(
σp

j

)2
)

(5) 

By assigning the design-type decisions and cross-design parameters to 
the corresponding stakeholders, we can reformulate Eq. (5) to Eq. (6). 

Var(Y) ≈
∑

s∈S

[
∑

i∈Is

σ2
i +

∑

j∈ Js

∑q

p=1

(
1
q

(
σp

j

)2
)]

(6) 

Here, S is the set of stakeholders indexed by s, and Is and Js denote the 
sets of design-type decision and cross-design parameters attributed to 
stakeholder s, respectively. Accordingly, we can calculate the uncer
tainty impact determined by stakeholder s by Eq. (7). 

σ2
s =

∑

i∈Is

σ2
i +

∑

j∈ Js

∑q

p=1

(
1
q

(
σp

j

)2
)

(7) 

For a given design-type decision i with li options, we can compute σ2
i 

from the MC outputs by regrouping the samples according to the chosen 
option and evaluating the between-option variance of mean outcomes 
using Eq. (8), 

σ2
i =

∑li

k=1
wk(μk − μtot)

2 (8) 

where k indexes the options, μk is the mean GHG emssions for option k, 
μtot is the mean across all options, and wk is the probability of selecting 
option k. As we assumed no prior preference among the options and 
simulated an equal number of samples for each option, we set wk = 1/li, 
so Eq. (8) simplifies to Eq. (9). 

σ2
i =

1
li

∑li

k=1
(μk − μtot)

2 (9) 

Substituting Eq. (9) into Eq. (7), the variance contribution attributed to 
stakeholder s can be computed using Eq. (10). 
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σ2
s =

∑

i∈Is

(
1
li

∑li

k=1
(μk − μtot)

2

)

+
1
q
∑

j∈ Js

∑q

p=1

(
σp

j

)2
(10) 

By expressing variances from design-type decisions and cross-design 
parameters on the unified scale of the total variance Var(Y), this 
formulation provides a consistent basis for aggregating these compo
nents and attributing them to specific stakeholder. Table 3 summarizes 
the stakeholder attribution by mapping each stakeholder group to the 
corresponding design-type decisions and cross-design parameters used 
in the variance aggregation. We assign parameters on the basis of 
decision-making authority across the supply chain and project lifecycle. 
Infrastructure designers define infrastructure materials and vacuum- 
system specifications. Constructors make procurement decisions and 
oversee construction activities that govern supplier selection and 
construction-stage emissions. Pod designers choose the levitation 
concept and pod subsystem efficiencies. Operators set operating condi
tions and maintenance strategies that influence operational parameters 
and component service lives.

4. Results

4.1. GHG emissions of four hyperloop designs

Fig. 4(a) presents a component-wise breakdown of the mean GHG 
emissions for the four hyperloop design types. EDS systems produce 
higher emissions than EMS systems when paired with the same tube 
material. Concrete tubes, despite higher construction emissions, yield a 
lower overall footprint than steel tubes under both levitation types. 
Embodied emissions from infrastructure components dominate the total 

GHG footprint, followed by pod operation, construction, and vacuum 
operation. Within the infrastructure, rail is the largest contributor in 
concrete-tube systems, whereas tube emissions dominate for steel-tube 
designs. Fig. 4(b) illustrates the distribution of the total GHG footprint 
for each hyperloop design, where the shaded violins show the density of 
samples, the boxplots indicate median and interquartile range, and 
points represent individual simulations. Across all configurations, EMS- 
CT shows the lowest mean emissions with the narrowest distribution, 
whereas EDS-ST shows the highest mean emissions with the widest 
distribution.

4.2. Variance contribution analysis for four hyperloop design types

Fig. 5 shows the component-wise GHG emissions variance contri
butions for the four hyperloop designs. Designs with concrete tubes 
exhibit lower total variance than their steel-tube counterparts, and EMS 
configurations consistently show less uncertainty than EDS systems. 
Across all designs, the use stage contributes the most to the total vari
ance, while the construction stage (A4–5) contributes the least. This 
pattern is consistent across the four variants for two main reasons: (i) all 
variants are evaluated under the same functional unit, LCA boundary, 
stage definitions, and uncertainty assumptions, enabling direct com
parison across designs; (ii) their GHG footprints are dominated by bulk 
materials and operational energy, as in other guideway transport sys
tems [5,9,20].

Product-stage variances are smaller than those from the replacement 
stage (B4) for the same component because, compared to the uncer
tainty in service lives, the variance of material emission factors is rela
tively well-constrained in ecoinvent, as listed in Table 2. The 
replacement stage is therefore a major source of uncertainty. The overall 
variance is dominated by the service lives of tubes, rails, and pillars, 
whose high material demand is incurred repeatedly over the 100-year 
reference period. The service-life distributions determine the number 
of replacement cycles that occur and thus amplify uncertainty through 
service-life-based annualization of embodied impacts (see Equation (S1) 
in the supplementary material). Specifically, steel tubes generally 
contribute more variance than concrete tubes, and aluminum rails 
contribute more than steel rails. Pillars play a particularly important role 
because a failure of either the tube or the pillar is assumed to trigger 
reconstruction of the entire section. Given the higher construction-stage 
emissions of concrete-tube designs, this interdependency increases the 
pillar’s variance contribution in B4 for EMS-CT and EDS-CT systems. 
These results highlight the importance of component durability and 
structural criticality in reducing replacement-stage uncertainty.

The construction stage (A4–5) contributes only a small share of the 
total variance across all designs, even though the associated parameters 
are modeled with broad uncertainty ranges. As detailed in Section S3 of 
the supplementary material, on-site construction energy is approxi
mated by scaling viaduct and tunnel data from high-speed railways to 
hyperloop using uncertain scaling factors and tunnel share factors. 
These coarse assumptions indeed introduce substantial uncertainty at 
the activity level. However, once construction emissions are annualized 
over long structural lifetimes and normalized per passenger-kilometer, 
their absolute contribution to both the mean GHG emissions and the 
total variance becomes minor.

Fig. 6 presents the parameter-wise variance of GHG emissions in the 
operational energy stage across the four hyperloop design types. Over
all, EMS systems display lower uncertainty than EDS systems. The three 
most influential parameters are vacuum pressure, the GHG intensity of 
electricity, and occupancy rate, followed by pod mass and cruise speed. 
Secondary contributors include motor efficiency, battery efficiencies, 
and the COP of the cooling system. In contrast, the impacts of regener
ative braking efficiency, aerodynamic heating share, and vacuum pump 
efficiency are negligible. The variance contribution of occupancy rate 
differs between hyperloop designs with the same levitation technology 
but different tube materials. Since occupancy directly determines the 

Table 3 
Stakeholder–parameter mapping for the variance attribution analysis. The 
continuous parameter indices are listed in Table 2.

Design-type 
decision

Continuous 
parameter 
index

Parameter group 
description

Operators None 22–31, 43–47 Replacement of 
components represented 
by component service 
lives; vacuum pressure 
inside the tube; 
operational profile, 
including occupancy, 
travel distance, pod 
operation speed, 
acceleration, and 
deceleration; operational 
electricity supplier

Pod designers Levitation 
technology 
selection (EMS 
vs. EDS)

32–33, 35–42 Pod-design performance 
parameters, including 
motor efficiencies, pod 
mass, cooling system 
COP, regenerative 
braking efficiency, battery 
charge and discharge 
efficiencies, and 
aerodynamic heating 
share on the pod

Constructors None 1–21 Embodied emissions of 
required materials via 
selecting the suppliers; 
construction activity 
emissions including 
transportation, 
prefabrication, and on- 
site construction; tube 
leakage rate

Infrastructure 
designers

Tube material 
selection 
(Concrete vs. 
Steel)

34 Vacuum pump efficiency
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number of annual transported passengers and inversely scales per- 
passenger emissions across all life-cycle stages, its impact is amplified 
in steel-tube systems. These systems have higher baseline emissions and 
are therefore more sensitive than concrete-tube systems to the same 
variation in occupancy.

Taken together, Figs. 5 and 6 show that extending component service 
lives and maintaining high operational efficiency are the primary levers 
for reducing both mean GHG emissions and their uncertainty, while the 
product-stage and construction-stage uncertainty play secondary roles.

4.3. Impact of stakeholder decisions on GHG emissions of hyperloops

Fig. 7 illustrates the contribution of each stakeholder group to the 
total GHG emissions variance. Operators have the greatest influence 

because they control over key operational parameters and affect 
component service life through maintenance strategies. Infrastructure 
designers rank second, primarily through their selection of tube mate
rial. Although they also determine vacuum pump efficiency, its contri
bution to total variance is negligible. Pod designers are the third most 
influential group by shaping emissions through levitation technology 
and key pod parameters such as mass, motor efficiency, and battery 
performance. However, due to limited data availability, the embodied 
emissions from pod manufacturing are not included in this study. 
Therefore, the variance contribution attributed to pod designers reflects 
only their influence on operational energy use and should be interpreted 
as a conservative lower bound. The implications of this omission are 
discussed in Section 5.1.4. Constructors contribute the least to overall 
uncertainty, with material supplier selection having a greater impact 

Fig. 4. (a) Component-wise mean GHG emissions for the four systems; grey bars show the total emissions for each design, and white cells indicate components that 
are not present in the corresponding configuration; (b) Distribution of the GHG footprint of four hyperloop systems. Updated visualization based on [62]. Note that 
the embodied GHG emissions from the pods are excluded in this study due to the lack of data.

Fig. 5. Component-wise contributions to GHG emissions variance for the four hyperloop design types. Grey bars on the right show the total variance for each design, 
and white cells indicate components that are not present in the corresponding configuration. Note that the embodied GHG emissions from the pods are excluded in 
this study due to the lack of data.
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than construction activities and vacuum leakage.

5. Discussion

This study addresses key gaps in the hyperloop LCA literature by 
jointly evaluating the effects of design-type decisions and cross-design 
parameters on GHG emissions. Conflicting findings in previous studies 
stem from inconsistent system boundaries and varying design assump
tions. Our stochastic framework addresses these issues by applying a 
unified LCA boundary and comparing emissions and uncertainties across 
four hyperloop types. By integrating variance estimation for both 
design-type decisions and cross-design parameters, this decision-centric 
approach identifies the most impactful stakeholder decisions and sup
ports coordinated strategies for reducing the hyperloop GHG footprint. 
Given the early-stage development of hyperloop and the lack of 

empirical data, this study has several limitations, which are discussed in 
the following section.

5.1. Modeling assumptions and limitations

5.1.1. Assumption of independence of inputs
This study assumes that all input variables are statistically inde

pendent so that variance contributions can be explicitly attributed to 
individual stakeholders. However, in practice, the decisions and pa
rameters controlled by different stakeholders are not fully independent, 
as stakeholders typically work in coordinated project teams and their 
choices influence one another. For example, infrastructure designers 
may adapt tube materials or cross-sectional geometry in anticipation of 
operational requirements, while operators may adjust service patterns in 
response to design and construction constraints.

Fig. 6. Parameter-wise GHG emissions variance in LCA stage B6 for the four hyperloop design types.

Fig. 7. Impact of stakeholder decisions on the GHG footprints of hyperloop systems. Note that the embodied GHG emissions from the pods are excluded in this study 
due to the lack of data.
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This independence assumption therefore neglects potential correla
tions among infrastructure design, construction, pod design, and oper
ational decisions. As a result, the reported stakeholder variance 
contributions should thus be interpreted as approximate influences 
under independent decision-making, rather than as a full decomposition 
of system-wide, co-designed strategies. Future work could relax this 
assumption by introducing dependence structures, such as copulas or 
scenario-based joint decision sets, to capture coordinated decision- 
making and to quantify the stakeholder interactions in the variance 
attribution.

5.1.2. Parameter distribution selection
This framework uses probabilistic distributions to represent cross- 

design uncertainties more transparently than a deterministic LCA. 
Consequently, the plausibility of the selected distribution families and 
their parameters values directly affects both the estimated GHG foot
print and the resulting uncertainty analysis.

We use uniform distributions when empirical data are unavailable, 
and expert judgment only provides plausible bounds rather than a 
reliable central tendency. In such cases, the uniform distribution is a 
maximum-entropy choice that assigns equal probability to all values 
within the specified range and therefore provides a conservative char
acterization of variance given the available information [63,64]. 
Consistent with established practice in uncertainty analysis for LCA 
studies [15,16,44,65], we apply this approach to operational and design 
parameters that are currently informed only by the early hyperloop 
literatures and expert judgment.

For the GHG emission factors, we use lognormal distributions based 
on the ecoinvent pedigree approach. The manufacturing processes for 
the materials, such as concrete, steel, and aluminum etc., are well un
derstood, and their life cycle inventory data and pedigree matrices in 
ecoinvent have been validated against empirical data [26,66]. Prior 
work has shown that, under such conditions, epistemic uncertainty in 
the exact choice of distributional form has limited influence on 
product-stage LCA results [67]. We therefore follow common LCA 
practice and model these emission factors as lognormal distributions, 
focusing the uncertainty analysis on distribution parameters rather than 
on distribution-family ambiguity for well-characterized background 
processes.

For the service lives of the components, we derive their distributions 
from design lifespans and reliability studies of comparable civil struc
tures. Previous studies indicate that Weibull and lognormal distributions 
represent the service lives of such structures well [38,40,68]. We cali
brate these distributions by matching their means and coefficients of 
variation (COVs) to the data reported in the literature. This 
COV-matching approach has been shown to effectively capture the 
relevant uncertainty for comparative LCA uncertainty studies [15,16].

Overall, we select the parameter distributions to keep our study 
consistent with established practice in stochastic LCA of linear in
frastructures. As empirical data on hyperloop components and opera
tions become available, refining these distributions is expected to 
narrow the uncertainty ranges of those parameters. In particular, for 
parameters currently represented by uniform distributions in the con
struction and operational stages, replacing uniform distributions with 
more informative forms, such as lognormal or Gaussian, would 
concentrate probability around central values and reduce their variance 
contributions. Given the dominant contributions of the use stage and 
product stage to the mean GHG emissions and the comparatively small 
contribution of construction stage, this refinement is unlikely to change 
the qualitative stage ranking of the overall GHG footprint for the four 
studied hyperloop systems.

In the uncertainty analysis for the studied case, operators already 
emerge as the most influential stakeholder through their control of 
component service lives alone. Therefore, any reduction in the variance 
associated with parameters represented by uniform distributions, such 
as occupancy rate, travel distance, cruise speed, and acceleration and 

deceleration, is unlikely to alter their leading position. Pod designers are 
the mid-rank impactor as their choice of levitation technology induces a 
design-type variance that already exceeds the total variance attributed 
to constructors; accordingly, reducing the uncertainty of pod-related 
parameters modeled as uniform would not overturn this ordering. 
Therefore, the use of uniform distributions may conservatively inflate 
absolute variance magnitudes in a conservative way, but the main 
qualitative insights on the relative importance of life-cycle stages and 
stakeholder groups are expected to remain robust.

5.1.3. Simplified on-site construction modeling
Currently, data on the energy use and emissions of on-site con

struction for hyperloop infrastructure are unavailable. In this study, we 
therefore model the construction stage using a coarse proxy model based 
on scaled energy consumption for high-speed railway viaduct and tunnel 
construction, with data reported by [29]. As detailed in Section S3.3 in 
the supplementary material, we map hyperloop infrastructure to 
high-speed railways reference structures using scaling factors for 
viaduct and tunnel energy consumption, alongside an uncertain 
tunnel-length share factor. We assign broad uncertainty ranges to these 
parameters to explicitly account for both the lack of primary data and 
the structural differences between hyperloop and high-speed railway, 
making the construction-stage model conservative.

Even under these conservative assumptions, emissions from the 
construction stage remain relatively small compared with the embodied 
emissions of the bulk infrastructure materials, as shown in Fig. 4(a). 
When these emissions are annualized over long structural lifetimes and 
normalized per passenger-kilometer, the resulting contribution of the 
construction stage to overall variance is much smaller than that of the 
replacement and operational stages. Thus, although the simplified, 
analogy-based construction model clearly limits the precision of stage- 
specific conclusions regarding on-site construction, it does not materi
ally overturn the identification of the dominant drivers of uncertainty at 
system level. However, the uncertainty associated with the construction 
stage should be interpreted as indicative rather than definitive in this 
study.

5.1.4. Omission of pod embodied GHG emissions
Another limitation of this study is the omission of the pod’s 

embodied GHG emissions from the LCA boundary. This choice is pri
marily driven by data availability, as detailed bills of materials, 
manufacturing processes, and refurbishment or replacement strategies 
for hyperloop pods are not publicly available and are likely to remain 
highly design-specific at the early stage. Constructing a pod LCA from 
speculative component lists and generic vehicle analogues would 
introduce additional uncertainty that would be difficult to justify and 
interpret transparently. We therefore limit the study to infrastructure 
embodied and operational emissions.

Existing evidence suggests that this simplification has limited impact 
on the main conclusions. Prior studies on hyperloop and high-speed 
railways consistently show that infrastructure and operational energy 
dominate the life-cycle GHG footprint, whereas vehicle manufacturing 
contributes comparatively little [5,6,10,69–71]. This is because, in a 
long linear infrastructure, the mass of tubes, rails, and supporting 
structures per kilometer exceeds the in-service pod mass by several or
ders of magnitude. Even if pod designs exhibit substantial uncertainty in 
material choices and manufacturing routes, their total contribution to 
GHG emissions is expected to remain minor compared with the massive 
quantities of GHG-intensive materials, such as concrete and steel, 
required by the infrastructure. Accordingly, omitting the pod embodied 
emissions is unlikely to overturn the identification of infrastructure 
materials, service lives, and operational energy as the dominant con
tributors to both GHG emissions and associated variance.

Within the proposed stakeholder-attributed variance framework, 
this modeling choice implies that the influence of pod designers is 
captured only through operational and design decisions and parameters, 
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such as levitation technology, motor efficiency, and pod mass, etc., and 
not through pod manufacturing or pod refurbishment. Their attributed 
contribution should therefore be interpreted as a conservative lower 
bound, and the inferred influence of infrastructure designers and oper
ators may be slightly overstated relative to a model that includes the 
embodied emissions of pods. However, even if embodied emissions of 
pods were included, their overall contribution would still be constrained 
by their comparatively small share of the system GHG footprint. 
Meanwhile, operators control parameters that govern service life and 
operational efficiency, and infrastructure designers determine the ma
terials used in the infrastructure, both of which affect significantly larger 
emission stocks. Thus, including pod manufacturing would unlikely 
allow pod designers to overtake operators or infrastructure designers in 
the stakeholder ranking in the studied case. As data availability im
proves, future work should incorporate dedicated pod LCAs for different 
levitation technologies and service-life scenarios, thereby expanding the 
system boundary and refining the stakeholder rankings.

5.2. Future scenario in 2050

Hyperloop remains at an early design stage, and any large-scale 
deployment would likely occur in a future energy system with lower 
background GHG intensities than those of today. In this section, we 
estimate the mean GHG footprint and the relative ranking of the four 
hyperloop design variants under a projected 2050 decarbonization 
scenario by scaling the emission factors with projected reduction ratios 
for the embodied emissions of materials and operational electricity 
derived from literature. In this scenario analysis, we keep the assump
tion of service lives unchanged and apply the scaling only to the mean 
emission factors for materials, electricity, and construction.

Zhang et al. [72] modeled future embodied emissions using the 

Integrated Model to Assess the Global Environment (IMAGE) under 
Representative Concentration Pathway (RCP) of 1.9 W/m2 (1.5 ◦C sce
nario by 2050) and reported substantial reductions: 70 % for concrete, 
54 % for steel, and 19 % for aluminum. Similarly, Beckert et al. [5] 
estimated a 45 % drop in the GHG intensity of electricity. Consistent 
with these studies, we applied the same reductions to the emission 
factors of the above parameters in our analysis for 2050. For consistency 
and to maintain a conservative outlook, we assumed a 45 % reduction in 
construction emissions, although full electrification of construction 
machinery by 2050 could enable larger reductions.

Fig. 8 compares the GHG footprints of the four hyperloop design 
variants under current emission factors and under the 2050 decarbon
ization scenario defined above. Compared with the 2025 baseline, the 
mean footprint decreases by 43.8 % for EDS-CT, 45.6 % for EDS-ST, 51.7 
% for EMS-CT, and 51.6 % for EMS-ST. The four hyperloop variants 
exhibit similar reduction ratios because, although the 2050 scenario 
applies different decarbonization factors to different materials, the 
variants share several major materials and rely on the same operational 
electricity mix. Since these common inputs dominate their baseline 
footprints, the resulting percentage reductions are of similar magnitude 
across all designs. However, the EMS variants benefit more because they 
require steel rails and therefore have a larger share of the projected 
reduction in embodied emissions of steel, whereas the EDS variants rely 
on aluminum rails whose projected reduction is smaller. Despite these 
differences in reduction ratios, the overall ranking of contributions re
mains unchanged, and infrastructure-related emissions continue to 
exceed operational emissions across all variants in the projected 2050 
scenario.

If the GHG emissions of materials and electricity decline down under 
the 2050 scenario while the component service-life distributions remain 
unchanged, the relative variance contribution of service-life would be 

Fig. 8. GHG emissions of four hyperloop design types: (a) using current factors, (b) using factors predicted for 2050 based on RCP1.9. Note that the embodied GHG 
emissions from the pods are excluded in this study due to the lack of data.
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more pronounced. This indicates that, in addition to decarbonizing 
materials and electricity, choosing durable structural materials and 
implementing maintenance strategies that extend component service 
lives will be key levers for reducing the future GHG footprint of hyper
loop systems.

5.3. Case-dependent findings and general recommendations for 
stakeholders

The input parameters in this study fall into two groups: context- 
specific parameters tied to the Zurich–Geneva case and Swiss condi
tions, and generic parameters intended to represent hyperloop tech
nology more broadly. To reduce dependence on a single case length, we 
model travel distance using a uniform distribution between 100 and 600 
km; and the results can therefore be interpreted as representative of 
medium- to long-distance intercity connections rather than of one fixed 
route. By contrast, the hourly profile of daily passenger demand, the 
occupancy rate, and the region-specific emission factors for electricity 
and materials are case-specific. For example, lower demand or lower 
occupancy rate substantially increases the GHG footprint because both 
parameters appear in the denominator of the functional unit (see 
Equation (S1) in the Supplementary Material), which is defined as 
transporting one passenger over 1 km over a 100-year system lifetime.

Beyond demand and occupancy, the regional supply context also 
shapes the results. The background emission factors in the inventory can 
be partitioned into locally supplied inputs and globally traded inputs. 
Locally supplied inputs reflect regional energy systems and construction 
supply chains and therefore vary strongly across contexts, most notably 
the GHG intensity of electricity and, to a lesser extent, concrete. By 
contrast, many other materials and components are typically sourced 
through global markets, such as steel and aluminum, and therefore 
exhibit comparatively smaller regional variation. This distinction helps 
identify which case-specific assumptions are most likely to alter the 
dominant life-cycle contributors and stakeholder rankings.

To illustrate how locally supplied inputs condition case-specific 
conclusions, we consider a high-carbon-grid context such as northern 
India. Compared with the Zurich–Geneva case, the electricity emission 
factor can increase from about 0.00909 to 1.28 kg CO2-eq/kWh, 
whereas the concrete emission factor increases more modestly from 
about 368 to 408 kg CO2-eq/m3 [23]. Under such a shift, emissions from 
the operational electricity would likely overtake embodied infrastruc
ture emissions as the dominant contributor to the life-cycle footprint. 
Meanwhile, parameters and decisions that affect operational electricity 
demand, such as pod efficiency, mass, propulsion performance, and 
operating conditions, would exert greater impact on both mean emis
sions and uncertainty. Therefore, the numerical stage contributions and 
stakeholder rankings reported in this study should be interpreted as 
context-dependent, particularly with respect to the regional electricity 
mix and demand conditions.

Several insights are nevertheless expected to remain robust across 
different contexts. Across the four studied configurations, the EMS-CT 
design is structurally favorable because it combines two generic ad
vantages: concrete typically has lower embodied GHG emissions than 
steel for equivalent structural performance, and EMS levitation 
currently achieves higher efficiency than EDS. At the stakeholder level, 
operators are expected to remain among the most influential groups 
because they control high-leverage factors such as occupancy, electricity 
procurement, and maintenance strategies that determine component 
service lives. Infrastructure designers are also expected to remain highly 
influential in most contexts because they determine the material 
composition of the resource-intensive guideway. Pod designers are also 
likely to remain a mid-ranked contributors in low-carbon electricity 
contexts, but their influence can increase in high-carbon-grid regions 
where operational electricity dominates making pod efficiency param
eters more decisive. By contrast, constructors are structurally secondary 
because construction activities contribute the smallest share of the 

normalized footprint and variance in the studied designs, despite the 
associated parameter are modeled with wide uncertainty ranges.

Building on these general insights, we derive stakeholder-specific 
decarbonization strategies that remain applicable across diverse con
texts. Operators should implement robust inspection and maintenance 
regimes to extend the service lives of major structures and should pursue 
high occupancy and low-carbon electricity procurement through 
demand-responsive scheduling and engagement with energy providers. 
They also should try to maintain the vacuum around 100 Pa inside the 
tube, as the GHG emissions from the vacuum assurance are much 
smaller than GHG emissions from overcoming the pod’s air resistance. 
Infrastructure designers should prioritize concrete tubes over steel 
wherever structural and geometric constraints allow and should design 
guideway components for maintainability and long service life, thereby 
reducing both mean emissions and associated uncertainty. Pod designers 
should select EMS levitation when compatible with system requirements 
and minimize pod energy demand through low-mass vehicle concepts 
and high-efficiency propulsion and charging systems. The main decar
bonization lever for constructors is to select low-carbon suppliers for the 
a given material. Together, these recommendations target the most 
influential levers identified by this stochastic LCA study, while 
acknowledging that the quantitative benefits will vary with case-specific 
demand profiles and background electricity and material mixes.

6. Conclusion

This study introduces a stochastic, parametric LCA framework with 
integrated uncertainty quantification that resolves key discrepancies in 
earlier hyperloop research. By unifying uncertainties from both design- 
type choices and cross-design parameters within a single variance- 
estimation structure, the framework identifies the most influential pa
rameters and attributes them to the corresponding stakeholder groups 
across all life-cycle stages.

Applied to four representative hyperloop configurations for the 
Zurich–Geneva case, the framework shows that embodied emissions of 
the infrastructure and the pod operations dominate the mean GHG 
emissions of hyperloop systems, with the EMS-CT variant yielding the 
lowest expected GHG footprint and EDS-ST the highest. Component 
service lives emerge as the largest single source of uncertainty, while 
operational parameters collectively exert a comparable influence on 
variance. These quantitative rankings are case-specific as they depend 
on the Zurich–Geneva demand profile and Swiss supply chains. How
ever, the structural finding that long-lived infrastructure materials and 
operational performance jointly dominate the footprint is expected to 
hold across contexts.

Overall, the proposed framework supports decision-centric, low- 
carbon design by linking emissions uncertainty to the actors who shape 
it. This enables more targeted and effective decarbonization strategies 
for emerging transport systems such as hyperloop systems. Future work 
should extend the analysis by incorporating pod embodied emissions, 
broadening the set of environmental indicators, refining distributional 
assumptions as empirical data on hyperloop become available, and 
relaxing the current independence assumption by introducing depen
dence structures to capture coordinated decision-making and its effects 
on variance attribution.
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