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Orographic rainfall:

Orographic precipitation is ubiquitous:   
   → Mediterranean climate: Sierra Navada (Spain & USA)
   → Temperate climate: Alps
   → Tropical climate: Andes & High tropical islands

 Introduction (1/3): orographic rainfall

Sierra Nevada - Spain
Picture: Wikipedia
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Orographic rainfall:

And impacts rainfall statistics: 
   → Rainfall statistics vary in space (occurrence, intensity, spatial dependence)

   → No straightforward link with covariates (elevation, slope, weather)
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Hawai‘i is a textbook study area for orographic rainfall:

Leeward Kohala 
 (300 mm/year)

 Introduction (2/3): the example of Hawai‘i Island
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Windward Kohala 
  (4000 mm/year)

 Introduction (3/3): objectives of the study

Stochastic rainfall model accounting for orographic effects
   → Non-stationary spatial model to capture the variation of rainfall statistics

   → Fully non-stationary: marginal distribution and spatial dependencies

Data-driven inference of non-stationary parameters
   → No use of covariates in the spatial model

   → Leverage geostatistics to learn a continuous spatial model from sparse obs.
 
Set-up
   → Daily resolution and focus on spatial statistics

   → Designed for Hawai‘i, but (hopefully) applicable to any mountain range 
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Split modeling into two separate components: temporal and spatial

Temporal model [very basic]
   → The time line is clustered into Rain Types

   → Rain type occurrence conditioned to covariates  

   → Daily rainfall fields are independent conditional to Rain Types
 

Spatial model [focus of the talk, more comprehensive]

   → Trans-Gaussian geostatistics

   → Fully non-stationary model (marginal and spatial structure)

   

 

 Rainfall model (1/4): overview
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Rain type time series are simulated by Multiple-Points Statistics simulation 
(MPS ≈ pattern-based resampling of a training dataset)

 
  

   

 

 Rainfall model (2/4): simulation of rain type occurrence

5 / 14From Benoit et al. (2020) Nonstationary stochastic rain type generation: accounting for climate drivers.



  

Trans-Gaussian geostatistics split the rain signal (R) in two components:
               Y ~ MVN(0,1,CY)          and           R = ψ(Y)

 Rainfall model (3/4): trans-Gaussian geostatistics

Transform function:
R = ψ(Y)

Models rainfall occurrence and intensity

Latent field: 
Y ~ MVN(0,1,CY)

Models spatial dependencies
through the covariance function CY
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Trans-Gaussian geostatistics split the rain signal (R) in two components:
               Y ~ MVN(0,1,CY)          and           R = ψ(Y)

 Rainfall model (3/4): trans-Gaussian geostatistics

Transform function:
Models rainfall occurrence and intensity

Latent field:
Models spatial dependencies

through the covariance function CY

CY  parameterized by
 a Matérn covariance function

ψ  parameterized by the mixture of
 an atom of zeros (truncation) 

and a Gamma distribution
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Non-stationary model to capture the spatial variation of rain statistics:
 

=> Model parameters are made location-dependent:
    → ψ => ψs   and   CY  =>  CYS  (with s the location of interest)

 → CYS  requires a valid model of non-stationary covariance
    

     

 Rainfall model (4/4): making the spatial model non-stationary

Stationary model Non-stationary ψ 

High intensity        Low intensity

Non-stationary ψ and CY 
Vertical 
patterns

[Paciorek & Schervish, 2006, spatial modelling using a new class of non-stationary covariance functions, 
Environmetric, 17:483-506]
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 In practice (1/2): model calibration

Rain types are delineated by GMM clustering based on rain gauge obs. 

Parameters of the spatial model are estimated by likelihood maximization
    → Overall 9 parameters (stationary case)

Estimation of model parameters from sparse observations
    → Marginal distribution (ψs): estimation at gauge locations + Ordinary Kriging
    → Covariance function (CYS): estimation within climate division + Spline interp.

Hawai‘i climate divisions
=> hypothesis of local stationarity of the covariance 
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(1) Unconditional simulation of the latent field (Y)
    → Cholesky decomposition of the covariance matrix (small simulation grids)
    → Spectral simulation - Gaussian mixture approach  (large simulation grids)
         [cf. Talk Denis Allard on Tuesday].

(2) Transformation of the latent field into rain intensities:

 In practice (2/2): stochastic rainfall generation
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 Results (1/4): The 6 Rain types of Hawai‘i (and associated parameters)
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From 20 years of rain gauge observations : 2000 - 2019



  

 Results (1/4): The 6 Rain types of Hawai‘i (and associated parameters)
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From 20 years of rain gauge observations : 2000 - 2019



  

 Results (2/4): Point-scale rainfall statistics
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 Results (3/4): Spatial dependencies within rainfall fields
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 Results (4/4): Spatial variability of the temporal behavior of rainfall
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 Results (4/4): Spatial variability of the temporal behavior of rainfall

Hurricane
   Lane

From Nugent et al. (2020) Fire and Rain: The Legacy of Hurricane Lane in Hawaiʻi 13/ 14



  

 Conclusion & perspectives:

Non-stationary trans-Gaussian geostatistical simulations:
    → Reproduce the statistical signature of daily rainfall in mountains 

    → If a dense rain gauge network is available can learn spatial non-stationarity 
         in a data-driven way (no need for covariates)

         => Very flexible model for daily rainfall fields

Next step: rainfall generation in a non-stationary climate
    → Which part of the model should be made non-stationary in time?
          (Rain Type occurrence? Marginal distribution? Spatial dependencies?)

    → Which conditioning scheme for which component?
    → Which covariates (and how to bias-correct them?)
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                                  Thank you for your attention :-) 

Next step: rainfall generation in a non-stationary climate
    → Which part of the model should be made non-stationary in time?
          (Rain Type occurrence? Marginal distribution? Spatial dependencies?)

    → Which conditioning scheme for which component?
    → Which covariates (and how to bias-correct them?)
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