Modeling parameter uncertainty for
atmospheric icing
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0 Introduction e Modelling chain

Next-day forecasts of icing and production b
e 2 N nitial &
losses due to icing on wind turbines are of boundary | mp - -
great value for energy companies, but these conditions
forecasts are very uncertain. Uncertainties
| |

arise from the initial&boundary conditions of |
the NWP model, but also from the

Uncertain parameters in the icing model
Five parameters were assessed

IFP - Ice shedding factor

WE — Wind erosion t Ice loss parameters
Nu — Nusselt number

| B - Sticking efficiency for snow and graupel
MVD - Median Volume Diameter

Ice growth parameters

parametrizations in the different model |(E3Icohlg::l:10 el I H‘;\Fg‘g?w"‘E'E' 3:::;’;;’; | S';gz“eﬁa' /\

components. In this work, we address the 2.5 km and 65 ey o

ur)certainties ir_1 the icing mod_el component o anZZ','.';ggnd /\uv -~

with a Uncertainty Quantification method, assimilation sublimation, /\m,— ) J— (\
namely Deterministic Sampling. With this e o 1 oot /\\ —

method, we create an ensemble where the next day and dloud ice /\ s fcing modsl snssmble
uncertainty of model parameters will be Random sampling . L )
igspslﬁ”lda:Feilgr'ﬁ;ﬂzzs?zde?anner, allowing for ~ 10000 samples Deterministic sampling Deterministic sampling for 5 uncertain parameters

This method is verified against an ensemble
with random sampling containing 10,000
members.

e Results

The ensemble forecast of icing are used

- Ensemble members with perturbation size and weights
for the control and perturbed members
- 9 member ensemble for 5 uncertain parameter
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Parameter 1

5
- . B - To describe mean, standard deviation, skewness and
& ) h
H e kurtosis of uncertain parameters
. A Derivations are in Molinder et al. (2019)
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Parameter 2

\
as input to the production loss model aﬁ\o\)

generating an ensemble of possible -\c;\“Q'

production losses. The verification é\‘o\e y
is based on 10 weeks of 0°

measurements
from 4 sites.

/ e Evaluation of the method

Is deterministic sampling a reliable
method?
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Ensemble spread
- Used as uncertainty estimation
- High spread/skill relationship: 0.86

Improved forecast skill using Conclusions
deterministic sampling

Ensemble forecasting provide uncertainty

RMSE of production loss forecast estimations and improves the skill of icing

Site A B c D forecasts and icing related production losses
TR RO for wind turbines. With deterministic
g"“m’:ol : : : : sampling the number of ensemble members
nsemble 035 030 022 0.34 imi
e can be optimized.
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