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Introduction

▪ Work supervised by Bogdan Bochenek of IMGW-PIB, Joanna

Czarnowska of University of Gdańsk and Dawid Tarłowski of

Jagiellonian University.

▪ Results have been presented in a Mathematics master’s degree

dissertation.

▪ Aim of the presentation: to show a statistical post processing method

based on vine copulas which could be used for the correction of

systematic errors of the NWP model.
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Motivation for the copula based method

▪ Flexible modeling of dependencies structure between multiple

variables.

▪ Ability to draw samples from conditional distributions depending on 

different choice conditional variables.

▪ Generation of synthetic data that models pre-existing multivariate data.

▪ Core of our method:

➢ Goal: Estimating the error of 2m air temperature forecast of the 

ALARO model.

➢ Can we provide a correction of the forecast by using a generated 

sample from a conditional copula probability distribution?
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Mathematical background of the copula approach

▪ A d-dimensional copula 𝑪 𝒙𝟏, … , 𝒙𝒅  is a multivariate distribution function on

[0,1]𝑑 with uniformly distributed marginals.

▪ Sklar’s Theorem:

 For a  d-dimensional cumulative distribution function, there exists a 

copula 𝑪, such that 𝑭 𝒙𝟏 𝒕 , . . , 𝒙𝒅 𝒕 = 𝐂 𝑭𝟏(𝒙𝟏 𝒕 ), … , 𝑭𝒅 𝒙𝒅 𝒕 ,

 where 𝑭 is a joint cumulative distribution function and 𝑭𝟏, … , 𝑭𝒅 are 

marginal distribution functions. 

➢This theorem allows to separate univariate margins from the dependence 

structure. 

➢Easy way of constructing a wide range of more flexible multivariate 

distributions.
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Pair copula decompositions and constructions

▪ A way to construct multivariate copulas using only bivariate copulas as

building blocks done by recursive factorization.

▪ For example we can express an arbitrary joint three dimensional probability 

density in terms of marginal densities, bivariate copula densities and

conditional distribution functions as follows:

▪ This decomposition is not unique since we can express it as:

                                                                  or

▪ Key takeaway: Different decompositions depend on the choice and order of 

conditioning variables. 

▪ Special cases of decomposition: C-vines and D-vines which are possible to 

be presented as graphs called vine tree structures.
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Data

▪ The data we used in the study include 

forecasts from three numerical weather 

models: ALARO (res. 4 x 4 km), AROME (res. 

2 x 2 km) and COSMO (res. 7 x 7 km) for 35 

Polish meteorological stations in the years 

2019 and 2020.

▪ Training set:

▪ forecasts from 01.01.2019 – 31.12.2019

▪ Test set:

▪ forecasts from 01.01.2020 – 31.12.2020
Figure 1. Orography map of the study area with country borders (black
line) and locations of synoptic stations (black dots with station ID
described below).
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Method 

▪ Goal: error mitigation of the 2m above ground level air temperature forecast

given by the ALARO model.

▪ Outline:

1. Fitting a vine copula model which best describes the dependency

structure between the variables affecting the forecast error and their

individual probability distributions.

2. Obtaining a sample of pseudo-observations from a copula-given

conditional probability distribution of the ALARO model error with

different conditioning variables (described on the next slide).

3. Checking whether the choice of different conditioning variables has a

significant effect on the correct fit of the model.
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Method

Fitting either a C- or D-vine 
copula model.

Drawing a 10000-element 
sample from the selected 

copula model.

Adding the mean of the 
generated forecast errors 

to the temperature forecast 
of the ALARO model.

Checking the accuracy of 
the correction using RMSE 

and bias.

Goal: error mitigation of the air temperature 2m above

ground level forecast given by the ALARO model.

Description of the conditioning variables Indicator
AROME model forecast for the current day a
COSMO model forecast for the current day b

Forecast error of the ALARO model on the previous day c
Value of observed temperature at 00 UTC d

Forecast error of the AROME model on the previous day e
Forecast error of the COSMO model on the previous day f
Forecast error of the AROME model on the current day g
Forecast error of the COSMO model on the current day h

Difference between the forecast on the previous day and the current day of the ALARO model i
Difference between the previous day's relative humidity forecast and the current day's ALARO model forecast j
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Verification

▪ The effectiveness of the method was evaluated using the root mean square 

error (RMSE) and bias.

▪ The predicted values in the 2019 test set were verified against the measured 
temperature values in the 2020 training set.
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Results

▪ Significant reductions in RMSE were 

observed at Śnieżka (Station: 23), in 

Hel (4), in Zakopane (32) and on 

Kasprowy Wierch (33)

▪ The greatest reduction in error is seen 

at the stations where this error was 

originally greatest.

▪ On average, the largest improvement 

observed with the three conditioning 

variables: 2 m air temperature 

forecasts of AROME model (a) and 

COSMO model (b) forecasts initialized 

at 00 UTC with lead time 12h and the 

value of the observed 2 m air 

temperature at 00 UTC (d)
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Results
▪ Insignificant reduction of the bias of the ALARO 

model.

▪ Underestimation of the forecast both before and 

after applying the error correction.

▪ The best-fitting copula was the one conditioned 

on the:

▪ Forecast error of the AROME model on the previous 

day (e)

▪ Forecast error of the COSMO model on the previous 

day (f)

▪ Difference between the forecast on the previous day 

and the current day of the ALARO model (i)
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Conclusions

▪ A slight correction in the temperature prediction of the ALARO model is noted. 

▪ Greatest improvement is seen at the “most outlying” meteorological stations, 

such as:

▪ the top of Śnieżka (1613m above sea level) and Kasprowy Wierch (1989m 

above sea level), Zakopane (857m above sea level),

▪ stations located close to the seaside such as Hel, Świnoujście and 

Szczecin.

▪ Time needed for computing is a big disadvantage - over 2 hours to fit a right 

copula distribution and then estimate the error (the tests have been conducted 

on 1 node with 16 cores (each core 128GB). 

▪ In the future the script could be improved for enhancing the efficiency.

▪ Copulas might be more useful in other applications such as analyzing the 

dependence structure between weather elements in compound events such 

as floods, as described in Bevacqua et al. (2017).
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