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Introduction

 Work supervised by Bogdan Bochenek of IMGW-PIB, Joanna
Czarnowska of University of Gdansk and Dawid Tartowski 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.




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?




Mathematical background of the copula approach

= A d-dimensional copula C(xq, ...,xg4) IS a multivariate distribution function on
[0,1]¢ with uniformly distributed marginals.

= Sklar’s Theorem:
For a d-dimensional cumulative distribution function, there exists a
copula €, such that F(x; (t),.., x4()) = C(F1(x1(®)), ..., Fa(xa(®))).

where F is a joint cumulative distribution function and F4, ..., F 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.




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:

f(@1, 22, 23) = c13.2(Fhj2(1]|22), F3)2(23]22); ©2) X co3(F2(x2), F3(x3))

X c12(F1(z1), Fa(z2)) f3(x3) f2(z2) fr(z1)-

= This decomposition is not unigue since we can express it as:
f(:l?l,.’lfz_,ll’,'g) :023;1(F2|1(.’E2|LL‘1),F3|1(:E3|$1);1171) X Clg(Fl(xl),Fg(.’L‘g)) Or f($1’$2’$3) :612;3(F1|3(1171|CL'3),F2|1(ZU2|CL'1);IE3) X 013(F1(£L‘1),F3(£L‘3))
x c12(Fi(z1), Fo(x2)) f3(x3) f2(z2) f1(z1) X c23(F2(x2), F3(z3)) f3(w3) f2(z2) f1(z1)

= 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.




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).




Method

= Goal: error mitigation of the 2m above ground level air temperature forecast
qgiven by the ALARO model.

= Qutline:

1. Fitting a vine copula model which best describes the dependency
structure between the variables affecting the forecast error and their
iIndividual 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.




MethOd Goal: error mitigation of the air temperature 2m above
ground level forecast given by the ALARO model.

Adding the mean of the
generated forecast errors
to the temperature forecast

Drawing a 10000-element Checking the accuracy of

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

sample from the selected
coplimodel: of the ALARO model.

the correction using RMSE
and bias.

Description of the conditioning variables Indicator
AROME model forecast for the current day
COSMO model forecast for the current day
Forecast error of the ALARO model on the previous day
Value of observed temperature at 00 UTC
Forecast error of the AROME model on the previous day
Forecast error of the COSMO model on the previous day

o))

Forecast error of the AROME model on the current day

Forecast error of the COSMO model on the current day

— || || |0 |T

Difference between the forecast on the previous day and the current day of the ALARO model

—

Difference between the previous day's relative humidity forecast and the current day's ALARO model forecast




Verification

= The effectiveness of the method was evaluated using the root mean square
error (RMSE) and bias.

N
1
RMSE[C] = | % > (P = 0)?
1 N
bias[°C] = = > (P = O))
=1

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




Table 2. RMSE of the ALARO T2m forecast depending on different sets of conditioning variables.

Station no. fzr;i:o a j al:::rr?:i:rzgisoi Average percentage change in RMSE

1 1571 | 1.567 1.444 1.459 1.445 1.432 1.469 6%
2 1.319 | 1.366 1.283 1.381 1.279 1.367 1.335 1%
3 1.365 | 1.364 1.348 1.394 1.394 1.381 1.376 1%

ReS u |tS 2317 | 1.828 1.837 1536 1.450 1.443 1619
5 1.397 | 1454 1.255 1.351 1.517 1.410 1.398 0%
1522 | 1.305 1.318 1.354 1.325 1.335 1.327 13%
C g . . 1.538 | 1.352 1.329 1.445 1.338 1.613 1.415 11%
= Significant reductions in RMSE were 8 1.375 | 1.373 1.337 1.333  1.309 1.311 1.333 3%
NP S - 9 1.568 | 1.509 1.459 1.550 1.536 1.506 1.512 3%
observed at Sniezka (Statlon- 23), In 10 1591 | 1.626 1.473 1.536 1.433 1.407 1.495 5%
i 11 1.496 | 1.649 1.412 _1.716 1.587 1.617 1.596 -6%
Hel (4)' In Zakopane (32) and on 12 1.408 | 1.358 1.367 1.346 1.364 1.315 1.350 4%
Kasprowy Wierch (33) 13 1.743 | 1.662 1.568 1.644 1.630 1.655 1.632 7%
14 1.459 | 1.432 1.459 1510 1.491 1.487 1.476 1%
: : : 15 1.454 | 1.407 1.342 1.441 1.441 1.543 1.435 3%
The greatest reduction in error is seen 16 1.553 | 1.485 1.469 1.565 1.501 1.621 1.528 3%
i i I 1573 | 1375 1.390 1.392 1425 1.367 1.390 11%
at the stations where this error was 18 1.408 | 1.359 1.362 1.436 1.411 1.413 1.396 1%
Origina”y greatest_ 19 1.402 | 1.384 1.340 1.412 1.367 1.357 1.372 2%
20 1.642 | 1.684 1.669 1.778 1.754 1.692 1.715 -5%
: 21 1.362 | 1.403 1.432 1.418 1.434 1.397 1.417 -4%
On average, the largest Improvement 20| 776 |75 1510 16w 1883 1867 1734 %

observed with the three conditioning R RN 185501880, 2013
_ _ 24 1.596 | 1.569 1.465 1.577 1.520 1.438 1.514 4%
variables: 2 m air temperature 25 1.526 | 1496 1.424 1.456 1.457 1.413 1.449 4%
26 1507 | 1.444 1.445 1.450 1.508 1.568 1.483 3%
forecasts of AROME model (a) and 27 1697 | 1.753 1.720 1.723 1.846 1.789 1.766 -4%
COSMO model (b) forecasts initialized TEEEEE S mm =
; : 30 1542 | 1.562 1.540 1.576 1.525 1.563 1.553 1%
at 00 UTC with lead time 12h and the 31 1.810 [ 1.791 1.736 1.816 1.880 1.827 1.810 0%
value of the observed 2 m air 1%,
temperature at 00 UTC (d) 34 1771 | 1.896 1.789 1.972 1.937 1.811 1.881 7%
35 1.695 | 1.907 1.685 1.809 1.769 1.646 1.763 -6%

Average | 1.618 | 1.509 | 1.462 | 1.503 | 1.486 | 1.498 |
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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)

Mean

Station biasfor a,b,c
2020

OIN|D|O | B(WIN| -

a b, d

| 0314 | -0.336 |

ef

e fi

elflj

Table 3. Mean bias of the ALARO T2m forecast depending on different sets of conditioning variables.

Average
bias after
correction

-0.247
-0.159
-0.164
-0.053

| o115

34 -0.712

35 -0.486

Average | -0.177 | -0.241

-0.148
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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 Sniezka (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, Swinouj$cie 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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