Spectral Verification of a Mesoscale Ensemble
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Abstract

An adaptive spectral method is used to verify wind speed forecasts and simulations from members
of the Multi-Scheme Ensemble Prediction System (MSEPS), set up for the Horns Rev offshore
wind farm in the Danish North Sea. The 75 members of the MSEPS are run on the same model
grid with a resolution of 5km. The members differ in their numerical formulation, mainly in the fast
reacting atmospheric processes and in their initial conditions.

Temporal scales of 24 minutes to 10 hours are verified separately by using the Hilbert-Huang
transform as a filter to extract envelopes of variance over a specific range of frequencies. This
means that variability is being verified, but not phase, which may be a more appropriate way of
assessing a model's ability to capture mesoscale fluctuations. Using the Hilbert-Huang transform,
the forecast wind variability can also be expressed as a time evolving probability density function,
which is useful for verification, and potentially as a warning tool for severe wind variability.

Introduction

Managing the variable power supply from wind farms is challenging from both technical and
economic perspectives. While power fluctuations from groups of land based turbines may be
smoothed by the spatial distribution of the wind farms [5], very large fluctuations in generation from
offshore wind farms may occur as a result of a high concentration of offshore turbines within a
small geographical area. For example, at the Horns Rev offshore wind farm near the west coast of
Denmark, fluctuations in power production have been observed to be significantly larger than for
onshore turbines [1].

Good wind and power forecasts have been well recognised as having an important role in planning
for contingencies, in ensuring adequate reserve requirements, and in safely and economically
managing the grid integration of wind power [6, 8]. Improving the predictability of severe wind
fluctuations can, in particular, help Transmission System Operators (TSOs) who need to maintain
balance in the electricity grid, and wind farm operators, who need to optimise the economic value
of produced wind power. For example, understanding the time scales on which imbalance
amongst scheduled units is most likely to occur could be a decision factor in the preallocation of
reserve power.

A model which has been successfully used for forecasting wind power is the Multi-Scheme
Ensemble Prediction System (MSEPS), run by the Danish company WEPROG, where 75
mesoscale numerical weather prediction (NWP) models with varying condensation schemes,
advection schemes and diffusion schemes are used to create a probabilistic prediction of the wind
and power [12,13,14]. The benefit of probabilistic forecasts over deterministic forecasts is that
TSOs can take uncertainty into account in their decision-making processes, as discussed in [2]. It
has also been shown that there are economic incentives to wind power producers including
uncertainty information in their market-bidding strategies [17]. Advanced statistical techniques
have been applied to map the MSEPS wind forecasts to power forecasts and to re-calibrate the
distribution of power forecasts to a realistic probability density function of expected power output
[18]. In this work, the ability of the MSEPS to explicitly forecast wind variability on shorter temporal
scales than normally considered is explored.

Forecasts from prediction systems such as MSEPS are traditionally provided to end-users with
hourly time steps, but the actual integration time step of the model is much less than an hour.
Meteorological variables are computed with a dynamical time step of around 30 seconds, and the



impact of various physical processes is incorporated at intervals relevant to the setup of the
ensemble member. For this work, MSEPS variables have been saved with a temporal resolution of
around 6 minutes, allowing a study of the shortest time scales at which useful information exists in
the model. It is not expected that the model will contain variance with periods as short as 6
minutes, since the spatial variance of the model (and therefore the temporal variance, through
Taylor's hypothesis [22]) is limited by the grid spacing, in this case 5km.

In this work, we aim to assess the temporal scales on which realistic information exists in the
members of the MSEPS, with particular reference to providing warnings about severe wind
variability for wind and power forecasting. The variance in the model wind speed time series is
analysed using an adaptive spectral method called the Hilbert-Huang transform, which is ideal for
this type of study due to its non-parametric decomposition of the data, and its strengths in
describing the spectral behaviour of non-stationary time series [23]. By using the Hilbert-Huang
transform as a filter, time series of the envelope of the total variability within a particular frequency
range can be calculated, which provides both a new verification diagnostic, and an efficient way to
extract variability forecasts from the model. The analysis is applied to a special set of 10 month
continuous time series of wind simulations, such that the differential effects of the 75 different
MSEPS model formulations on the highest resolution variance can be explored.

The quality of the mesoscale variability forecasts is further explored by creating probabilistic
forecasts of wind variability, based on 24 hour MSEPS forecasts, and comparing them with
observed variability.

The structure of this paper is as follows: first, spectral verification of numerical weather prediction
models is discussed, then the model and observations that are used in this study are described.
After briefly introducing the methodology of the Hilbert-Huang transform as a verification tool,
results are presented both for the scale dependent verification of the MSEPS model, and for the
probabilistic forecasts of wind variability.

Spectral verification of mesoscale forecasts

As discussed by [11], many traditional verification scores incorporate errors on different scales of
atmospheric motion into a single score. This means that scores such as the root mean square
error (RMSE), bias or mean absolute error (MAE) include errors from different physical processes
with different length and time scales. Contributing errors may arise from planetary, synoptic or
diurnal scales, as well as insufficient model parameterisation of smaller scale physical processes.

For assessing a model's skill in forecasting these smaller scale processes, a filtering process
which can isolate a particular range of scales is required. [11] followed this approach in verifying
forecasts from the ECMWF ensemble system, where a spatial filter was used to separate
planetary, synoptic and sub-synoptic contributions to the forecast error and ensemble
dispersiveness. Using this methodology, it was possible to diagnose short range over
dispersiveness of the ECMWF ensemble system as a synoptically driven feature of the model.
Since the ECMWF ensemble system uses a spectral model, filtering the model fields according to
a particular set of spatial scales was achieved by applying total or zonal wavenumber filters. For
models which are not formulated in spectral space, a transformation which allows consideration of
the contribution of different scale to overall variance is needed. For example, [3] and [4] used a
spatial two-dimensional filter to conclusively demonstrate enhanced variance on spatial scales of
250-550 km of a local area model compared with a global analysis.

Although the approach of [4] was effective for assessing the variance in the model over a large
spatial area at a particular time, the data in this study is time series data, so we require a temporal
filter. For example, a relevant strategy for scale separation in this case could be band pass filtering
the time series, such as in [7], where band pass filtering was used in a climatological study of
subsynoptic, synoptic, slow synoptic and low frequency contributions to variation in North-Atlantic
processes.

However, since the focus here is on mesoscale variability in the planetary boundary layer rather
than synoptic scale variability, we are not necessarily interested in precise timing of peaks and
troughs within an episode of severe wind variability, but in the phenomenological existence of
severe wind variability.



Verifying a band pass filtered forecast against a band pass filtered observation means that a good
variability forecast with a small timing error will be strongly penalised, since if the fluctuations are
out of phase then the forecast will be wrong most of the time. Instead, we have adopted the
strategy of creating a time-evolving spectral representation of the forecast and observed time
series, using an adaptive, spectral method called the ‘Hilbert-Huang Transform’ [10]. By integrating
the time evolving spectrum over the frequency range of interest, a time series of total variability is
obtained. This time series gives the upper bound on the total variability that would be observed if
all oscillatory components were in phase [23]. We argue that verifying this time series of total
variability is an effective strategy for mesoscale scale-dependent verification, where the existence
of fluctuations is a more important measure of forecast skill than their precise timing.

Model specifications and description of observation S

The Multi-Scheme Ensemble Prediction System (MSEPS) that has been used in this study is a
limited area ensemble prediction system using 75 different NWP formulations of various physical
processes. In the multi-scheme approach, perturbations can be added effectively in the physical
formulation of convection, cloud and microphysics, horizontal and vertical diffusion and surface
roughness [13, 20], In the MSEPS, the ‘schemes’ differ in their formulation of the fast
meteorological processes: dynamical advection, vertical mixing and condensation. In this way,
uncertainty in surface processes is targeted.

By varying the formulations of those processes in the individual NWP models that are most
relevant for the simulation of fronts and the friction between the atmosphere and earth’s surface, it
is possible to simulate the physical uncertainty in short-range weather forecast at all times of the
forecast horizon. All derived products such as wind power forecasts then automatically inherit this
uncertainty. Another requirement to be met by an ensemble forecasting system is that the spread
of the ensemble should be sufficient to cover uncertainties in the forecast which are due to
inaccuracies in the initial conditions [21]. In WEPROG’s MSEPS, this is achieved by using slightly
different initial conditions for each ensemble member.

The MSEPS was configured to create one long forecast time series for each ensemble member.
This is comparable with a climate simulation, but each member was forced with lateral boundary
conditions in hourly resolution (with age of 1 to 6 hours). In this way, the ensemble members
cannot deviate too much from the true state. The lateral boundary conditions were smoothed so
that they did not trigger any variability on time scales less than 3 hours. Although these long
forecasts are different to the normal forecasts produced by the MSEPS (which are initialised every
6 hours with a new set of initial conditions), they still maintain nearly correct timing of major
features, and as such can be compared to observations with some acknowledged degradation in
accuracy. Therefore, the scores that are presented in this paper should not be taken as
representative of the normal model behaviour.

As well as the long 10 month time series, 24 hour forecasts, initialised every 6 hours, were used
for studying probabilistic variability forecasts. They are run with the same model setup as the long

time series.
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Figure 1. Map of the Horns Rev wind farm, relative to the coastline of western Denmark. The Horns
Rev phase Il wind farm (under construction) is also shown.



The observations used to verify the model are from a sonic anemometer mounted on a
meteorological mast to the North east of the Horns Rev wind farm, at a height of 50 m. The
location of the mast, relative to the wind farm, is given in Figure 1. The measurements, which were
taken at a frequency of 12Hz, were averaged to a time resolution of 6 minutes for reasonable
comparison with model data. Further description of the site is given in [16].

Methodology — The Hilbert-Huang transform as a veri  fication tool

The Hilbert-Huang transform was first described by [10] who systematically compared it to the
wavelet transform and illustrated its potential in capturing the time evolving frequency information
in time series data including wind speeds, wave height and earthquake vibrations. Recent
progress in the methodology and application of the Hilbert-Huang transform are given in [9].

The Hilbert-Huang transform is based on an empirical decomposition of time series into a set of
basis functions, and an application of the Hilbert transform to calculate instantaneous amplitude
and frequencies of each component. Obvious advantages of the method are its adaptivity and
flexibility to capture non-stationary and non-linear behaviour in the time series. It differs from a
Fourier transform because it has a local basis, rather than a set of global harmonics which are
fitted to the whole time series. It differs from the wavelet transform because no a priori decision
about a suitable wavelet shape is required. Disadvantages of the method are the empirical nature
of the decomposition, that it is hard to show that the basis functions are orthogonal, and that only
periods longer than 4 times the measurement resolution are resolved.

The time series is decomposed into adaptive basis functions according to the following procedure:
the component with the fastest oscillations is extracted first, by recursively subtracting the mean of
the time series (where the mean is defined as the average of two cubic splines fitted through the
local maxima and local minima) until the remaining signal contains information about only a single,
time dependent frequency. This component forms the first ‘Intrinsic Mode Function’ (IMF), and is
subtracted from the time series. The process of extracting the fastest oscillations is repeated for
subsequent modes of increasing time scale. The decomposed time series, U(t), can then be
expressed in terms of its IMFs, x(t), as shown in equation 1.

v (1)
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where is the low frequency trend that remains after the higher frequency components have
been extracted.

The Hilbert transform is then used to calculate the instantaneous frequency of each component,
and the information from each IMF is finally combined to create the Hilbert spectrum: a two
dimensional map of amplitude as a function of frequency and time, H( ,t). By summing the two
dimensional spectrum, H( ,t), between two frequencies | and ,, a scalar time series, H(t) of
total amplitude of variability for all scales of motion between ; and ,can be calculated, as given
in equation 2.
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Examples of Hilbert spectra for a simulated and observed 10 day time series of wind speed are

shown in Figure 2. By verifying scalar variability time series, we are actually comparing different
horizontal slices of the Hilbert spectrum.
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Figure 2. Hilbert spectrum for simulated (left) and observed (right) time series of wind speed.

Results
1. Scale dependent verification scores

10 month continuous simulation time series were verified against observations on six different time
scales: 24 min — 3 hr, 24 min — 2hr, 1 — 2hr, 2 -4 hr, 4 — 8 hr, and 3 — 10 hr. The lower limit of 24
minutes is dictated by the physical time step of the model, which is close to 6 minutes. To resolve
variability using the Hilbert-Huang transform, four time steps are required (ie 4 t, analagous to the
2 t Nyquist resolution in a Fourier transform). In the shortest time scales studied, the observed
wind field may be influenced by features such as gravity waves, convection and thunderstorms,
while the longest time scales may include large thunderstorms, cloud clusters and low-level jets,
according to suggested characteristic time scales of [15].

The benefit of using long time series was that the average performance of the system could be
calculated on the longer time scales without any necessity to join individual forecasts. For
example, studying variability with a period of 10 hours using individual 24 hour forecasts will not
give good representivity. The other option of ‘stitching’ individual forecasts together to make a long
time series causes the difficult problem of introducing variance with the discontinuities at each join.

The RMSE for the 75 members over the 6 time scales are shown in Figure 3. Several members are
missing due to incomplete data. There are patterns in the scores that are due to the different
combinations of diffusion, condensation and numerical schemes in the members. It is seen that

members 5,10,15,20 . . . (corresponding to the fifth condensation scheme, CS5) have a
particularly good score for the highest resolution variability, while many members in the sequence
3,8,13,18 . . . (corresponding to CS3) have good scores on scales of 4-8 hours. Other scores,

including mean absolute error and bias, showed similar patterns.

The RMSE for six time scales is summarised in Figure 4, where the three panels show average
scores for each time scale, grouped according to numerical scheme, condensation scheme and
vertical diffusion scheme respectively. Each result was normalised by the averaged observed
variance on its respective time scale. It is seen that for the fastest timescales, the ratio of RMSE to
average observed variance is close to 1, indicating that the variance in the model has little skill. As
the time scales increase, the ratio of error to observed variance decreases.



Figure 3. RMSE for the variability scores for the 75 ensemble members, for time scales of 24min-3hr,
24min- 2hr, 1-2hr, 2-4hr, 4-8hr and 3-10hr.

Figure 4. Average RMSE as a function of timescale and parameterisation.

In Figure 5 to Figure 7, scatter plots of variability score against wind speed score are shown, colour
coded by model parameterisation. This analysis is intended to address the question of whether a
good variability simulation and a good wind speed simulation are possible simultaneously. As
discussed above, correct variance but incorrect timing will lead to a poor score for the wind speed
forecast. For high frequency mesoscale features, precise timing of fluctuations may be strongly
governed by random or chaotic processes with low predictability anyway.



Figure 5. RMSE of variability time series (model lev el 1), against RMSE of wind speed (model level 1)
for 6 time scales. The ensemble members are coded by numerical scheme.

Figure 6. As for figure 5, but coded by condensatio  n scheme.

The plots in figure 5 to figure 7 differentiate the strengths of the ensemble members. For example,
members with the second condensation scheme (CS2) tend to have poor variability scores, but
rather good wind speed scores, and members with CS5 tend to be good all-rounders with
moderate scores for both wind speed and variability. The results coded by numerical scheme also
show groups of members performing differently, while the results coded by diffusion scheme show
less pronounced grouping. The condensation scheme is significant because it is linked with the
triggering of convective cells, which should certainly influence the boundary layer wind fields.



Figure 7. As for figure 5, but coded by vertical di ~ ffusion scheme.

These results demonstrate why an ensemble model such as MSEPS is able to produce good
probabilistic forecasts. Different members have different strengths, and capture different physical
processes with varying accuracy. Therefore, considering the variability information in the whole
ensemble system will be of much greater value than considering any single member in a
deterministic sense.

2. Probabilistic Forecasts of wind variability

In a real-time setting, model forecasts of only 24 or 48 hours are available, so they cannot be used
to study longer period variability. However, it is possible to calculate spectral information for
shorter time scales from these forecasts.

Here, variability forecasts (derived, as before, from the Hilbert-Huang transformed wind speed
forecasts) are calculated for the 75 MSEPS members for 24 hour forecasts in January 2004 for the
time scale of 24 mins — 3 hours. As before, the time resolution of the forecasts is approximately 6
minutes. Together, the 75 variability time series form a probabilistic forecast, which is compared
with the observed variability. Full verification of the probabilistic variability time series is not
performed within the scope of this work.

The shortness of the time series (240 points) creates some concern about end effects of the
Hilbert-Huang transform. It is not satisfactory to simply throw away some of the end data, since
this shortens the length of useable forecast. Proper treatment of end effects in the Hilbert-Huang
transform is an ongoing research problem [9]. However, for the purpose of this work, a simple
autoregressive moving average model was fitted to each end of each IMF. This allowed calculation
of a smooth variability time series right to the end of the available time series, although there are
almost certainly errors at the very ends of the time series arising from this treatment.

The forecast variability time series showed generally suppressed amplitude compared with the
observed variability, so a linear correction was applied to each ensemble member to amplify any
existing variance in the forecasts.
n —_ n n
a Voriginal (3)

corrected —

where Voreced@Nd Voriginal @re the variability, nis the member and a is a correction factor.



The correction factor, a was calculated from a linear regression between all forecasts and
observations for the month of January 2004. It is obviously not ideal to use the same data set for
training and testing the model, and this would need to be addressed in a larger study.

Finally, a gamma distribution was fitted to the 75 corrected forecasts for each time step using a
maximum likelihood estimation, and the distributions were contoured as shown in Figure 8 (left).
The area under each gamma distribution equates to unity, so Figure 8 (left) actually shows a time-
evolving probability density function of variability. Corresponding forecast and observed wind
speed time series are also shown. In these cases, and in others not shown here, many of the
important changes in variability conditions are captured by at least the tail of the distribution,
indicating some skill on the timescales 24 mins — 3 hours. Objective verification of these forecasts
is a complex task in itself.

There are several better ways of fitting probability density functions to ensemble forecasts which
correct the distribution based on observed data (for example, in [18] or [19]); in a more in-depth
study this would certainly be an important extra step.

Figure 8. Probabilistic variability forecasts (grey contours, left) based on MSEPS forecasts for (black
lines, left). The observed variability time series (black line, left) and observed wind speed time ser  ies
(green line, right) are also shown. Dates shown are 2004011212 (top) and 2004012112 (bottom).

Conclusions

Mesoscale verification will always be complicated by competing demands of phase and amplitude,
and by contributing errors on many time scales. While phase errors are very important for slow
components such as the synoptic cycle, phase errors may be less important for short time scales
where the existence of mesoscale variability at the right time is a better measure of model skill
then the precise timing of peaks and troughs.

In the validation of mesoscale models, spectral verification is a good strategy because it allows us
to consider model performance on particular time-scales. The Hilbert-Huang transform was
especially suited to this task, because it gives a time evolving spectral representation. It is better
than a band pass filter for this application, because it represents the envelope of the fluctuations
independent of phase. It has been shown to have fast adaptivity to sudden changes in the
statistical properties of the time series, and is therefore ideal for analysing wind speed.



Although it was difficult to draw strong conclusions from the results, it was clear that the fastest
variance in the model is not useful, and that the accuracy of the model variance increases with
increasing time-scale. Ensemble members had different strengths and weaknesses with regard to
their relative skill in forecasting the mean wind, and in forecasting wind variability. Probabilistic
forecasts of variability suggested that many of the observed changes in variability conditions may
be captured by at least the tail of the ensemble distribution.
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