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Need to process:
• Granular inputs that 

lack distributions;
• Many samples.

Expected output:
• Same level of granularity;
• Propagation of LCA uncertainty
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A naïve implementation : a single set of presampling (datapackages in Brightway2.5)
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12 000 samples x 18 intensity levels = 216 000 samples

Estimated simulation time (128 Go of RAM, 16 cores) : ± 20 hours  ;
    Results are single use (new samples require re-processing everything).

Objective : 
To develop a methodology efficiently forwarding stochastic inputs to an LCA 

while retaining access to uncertainty propagation capabilities for the LCA itself
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Case studies

Halifax, Nova-Scotia (Canada)
(Vickery et al., 2009,

Snaiki and Wu., 2018)

a) Individual building b) Portfolio of buildings

19 storey office building
(adapted from Guan et al 2020)

127 residential buildings
(grouped in sectors S1 to S6)
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Sample outputs:
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Demonstration

Sample outputs:

IPCC
GWP100

IW+ 2.2.1
Ecosystem Quality

IW+ 2.2.1 
Human health

Pre-aggregation time: <3 hours* 

Simulation time required ≈ 10 minutes

Can be reused with new samples
(e.g., new designs, other hazards, etc.)

*takes longer with the inclusion of balancers
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Demonstration

Sample outputs:

IPCC
GWP100

IW+ 2.2.1
Ecosystem Quality

IW+ 2.2.1 
Human health

𝐸 σ 𝑋 = 0׬ 

∞ λ(x)dx 

Expected losses over the service 
life of the structure (50 years):

16.5 tons 𝐶𝑂2−𝑒𝑞

78 900 PDF/(m2-year)
0.184 DALY

Δ𝜆1

Δ𝜆…

Δ𝜆𝑧
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Demonstration

Sample outputs:

202 tons CO2−eq 1.85 DALY2.64 ∙ 106 PDF/(m2-year)50 years:
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Outlooks

Summary:

• The coupling framework enables to explore natural hazard resilience in LCA for the built environment.

• The dual presampling format incorporates stochastic foregrounds seamlessly, reducing computational time.

• The underlying methodology preserves granularity at output level.

Future directions:

• Coupling with advanced modes of LCA (e.g., prospective LCA)

• The methodology could be applied where stochastic LCA connects in series with other upstream models.

Github : https://github.com/xtanguay/pelicun_2_brightway2 

https://github.com/xtanguay/pelicun_2_brightway2
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Coupling framework
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Coupling framework

Distinctions with Lesage et al. 2018:
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performed prior to 
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performed on a subset 
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iii. A direct access to first-
tier contribution is 
provided. 
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Coupling framework

First-tier contribution:
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Coupling framework

Database relationship:
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Sample outputs:
(individual building)

IPCC
GWP100

IW+ 2.2.1
Ecosystem Quality

IW+ 2.2.1 
Human health

0.184 DALY

MRI MRI MRI

Drift 
sensitive 
component

Acceleration 
sensitive 
component

16.5 tons 𝐶𝑂2−𝑒𝑞 78 900 PDF/(m2-year)
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