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* Analog Ensemble (AnEn) basic idea

 AnEn for short-term (i.e., 0-48 h) weather predictions

* AnEn for short-term (i.e., 0-72 h) power predictions

* AnEn for 2D/gridded probabilistic predictions

* AnEn for long-term (i.e., multi-year) wind resource
assessment

e Summary and future work
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Can we use this information
(i.e., past obs, re-analysis, and forecasts),
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There is a problem... N\

Edward Lorenz, “Atmospheric predictability as revealed by
naturally occurring analogues” (JAS 1969):

Five years of twice-daily height values of the 200-, 500-, and 850-
mb surfaces at a grid of 1003 points over the Northern Hemisphere

There are numerous mediocre analogues but no truly good ones.

The likelihood of encountering any truly good analogues by
processing all existing upper-level data appears to be small.

13



A possible solution? ~\

Huug van den Dool, “Searching for analogues, how long
must we wait?” (Tellus 1994):

It is found that it would take a library of order of 1039 years to find 2
observed flows that match to within current observational error
over a large area such as the Northern Hemisphere.

Obviously, with 10-100 years of data, the probability of finding
natural analogous is very small, unless one is satisfied with analogy
over small areas or in just 2 or 3 degrees of freedom

14
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The metric (1) N\
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Analog strength for a particular forecast lead time t is measured by the distance
between current and past forecast, over a short window, 2 f wide
1 +lT

f - = — (f — )2 o7 : Forecasts’ standard deviation over
1 T8 +k 81k . . :
Of k=—1 entire analog training period

Expanded to multiple predictor variables, but still focused on predictand f:
(for wind speed, predictors are speed, direction, sfc. temp., sfp pressure, and PBL depth)
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Wind Speed

The metric (2
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After finding the n strongest analogs, each of the n AnEn members is taken

as the verifying observation from each analog.
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: : N
How skillful is AnEn? -
AnEn generated with Environment Canada GEM (15 km),

0-48 hours

Comparison with:

o Environment Canada Regional Ensemble Prediction System (REPS, next slide)
o Logistic Regression (LR) out of 15-km GEM
o LR our of REPS, i.e., Ensemble Model Output Statistics (EMOS)

Period of 15 months (verification over the last 3 months)
10-m wind speed

550 surface stations over CONUS (in two slides)

Probabilistic prediction attributes: statistical consistency,
reliability, sharpness, resolution, spread-error consistency

Delle Monache et al. (MWR 2013)



~
Regional Ensemble Prediction System (REPS) .NCAR

* Model: GEM 4.2.0 (vertical staggering)
« 20 members + 1 control run

» 72 hours forecast lead time

Resolution: ~33 km with 28 levels

Initial conditions (i.e., cold start) and 3-hourly boundary;
condition updates from GEPS (EnKF + multi-physics)

Physics:

o Kain et Fritsch (1993) for deep convection
o Li et Barker (2005) for the radiation ‘
o |ISBA scheme (Noilhan et Planton, 1989) for surface ,

Stochastic Physics: Markov Chains on physical tendencies

28



Ground truth dataset n

» 550 hourly METAR Surface Observations
* 1 May 2010 — 31 July 2011, for a total of 457 days

* 10-m wind speed

29
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Probabilistic forecast attributes: Reliability

Example:

(1) An event (e.g., wind speed > 5 m/s) is predicted to happen
with a 30% probability

(2) We collect the observations that verified every time we made
the prediction in (1)

(3) If the frequency of the event in the observation collected is
30%, then the forecast is perfectly RELIABLE



Analysis of reliability & sharpness &.,.

Reliability and sharpness diagram: 10-m wind speed > 5 m s, 9-h fcst
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Probabilistic forecast attributes:

Reso | ution
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Consider different classes of forecast events.
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If all observed classes corresponds to different forecast classes,

then the probabilistic forecast has perfect RESOLUTION.
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Analysis of Resolution N
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Relative Operating Characteristics skill score, 10-m wind speed 25, 10 m s!
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AnEn: Analog Ensemble applied to Environment Canada’s 15-km deterministic GEM
LR: Logistic Regression applied to Environment Canada’s 15-km deterministic GEM
REPS: Environment Canada’s Regional Ensemble Prediction System

EMOS: Ensemble Model Output Statistics applied to REPS
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* AnEn for short-term (i.e., 0-72 h) power predictions



Power predictions: Experiment design

Test site: Wind farm in northern Sicily — 9 turbines, 850 kW Nominal Power (NP)
Training period: November 2010 - October 2012

Verification period: November 2011 — October 2012

Probabilistic prediction systems: ECMWF EPS, COSMO LEPS, AnEn

Alessandrini et al. (RE 20195) .
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Flow dependent percentiles from Analog Ensemble approch
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RMSE of Nominal Power (%)
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Probabilistic forecast attributes:
Statistical and spread-error consistency

(1) The ensemble spread tell us how uncertain a forecast is.
|deally, large spread should be associate with larger
uncertainties, low spread should indicate higher accuracy

(D) If an ensemble is perfect, than the observations are
indistinguishable from the ensemble members



Ensemble Mean RMSE (kw)
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Analog predictor weight optimization ®
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Analog predictors weighting strategies: W=
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Junk et al. (WE 2015)
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Analog predictors weighting strategies:

Impact on deterministic prediction
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* AnEn for 2D/gridded probabilistic predictions



Data sets

Variable: 10-m wind speed (WS)
Period: March 2012 — March 2015

Domain (right): Northern Italy, 500 km x 500 km
(0.25° horizontalresolution, 513 grid points)

“Ground-truth”: European Centre for Medium-
Range Weather Forecasts (ECMWF) Analysis
(0.125° horizontal resolution; 0, 6, 12, 18 UTC)

ECMWEF deterministicforecast (DET)

(0.125° horizontalresolution; +144 h lead time; 3-

hourly forecasts)

ECMWF Ensemble Prediction System (EPS)

(0.25° horizontalresolution; 51 members; +144 h
lead time; 3-hourly forecasts)

AnEn also generated using EPS Control Run
(AnEn CR vs AnEn DET)

Source: Google Earth

Sperati et al. (2016, in preparation)



Experiment set-up n

NCAR

Methods:
- Calibrated EPS: calibrated ECMWF EPS
- AnEn DET: AnEn generated from ECMWF deterministicrun

NOTE: DA + forecastgeneration ~6-8 times cheaperthan EPS
calibrated

- AnEn CR: AnEn generated from ECMWF EPS control run
NOTE: forecast generation 51 times cheaper than EPS calibrated

Training: March 2012 — February 2014
- Search of analogs for AnEn

- Variance Deficit calibration for ECMWEF EPS (Buizza et al. Q. J. Roy.
Meteor. Soc. 2003; Alessandriniet al. Appl. Energy 2013)

Verification: March 2014 — March 2015

Several deterministicand probabilistic metrics
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CRPS (m/s)
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Observed frequency

Reliability and Sharpness =,

Threshold: WS > 2.5 m s Threshold: WS > 5.0 m s
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* AnEn for long-term (i.e., multi-year) wind resource

assessment



AnEn for wind resource assessment =

NCAR

* Recreate along-term observation-based wind climatology at site
* Downscale a long-term NASA Modern-Era Retrospective Analysis for Research and

Applications (MERRA) time series using a short-term record of observations

Observed
wind speed

|

<€ > € >
1992 19 years to downscale 2010 1 year where 2011
MERRA/obs.
overlap
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* Recreate along-term observation-based wind climatology at site
* Downscale a long-term NASA Modern-Era Retrospective Analysis for Research and

Applications (MERRA) time series using a short-term record of observations

Observed
wind speed

|

1992 19 years to downscale 2010 1 year where 2011
MERRA/obs.

overlap
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* Recreate along-term observation-based wind climatology at site
* Downscale a long-term NASA Modern-Era Retrospective Analysis for Research and

Applications (MERRA) time series using a short-term record of observations

Observed
wind speed

|

1992 19 years to downscale 2010 1 year where 2011
MERRA/obs.

overlap
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AnEn for wind resource assessment =
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* Recreate along-term observation-based wind climatology at site
* Downscale a long-term NASA Modern-Era Retrospective Analysis for Research and

Applications (MERRA) time series using a short-term record of observations

Observed
wind speed

|

1992 19 years to downscale 2010 1 year where 2011
MERRA/obs.

overlap
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AnEn for wind resource assessment =
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* Recreate along-term observation-based wind climatology at site
* Downscale a long-term NASA Modern-Era Retrospective Analysis for Research and

Applications (MERRA) time series using a short-term record of observations

Observed
wind speed

MERRA
wind
speed

1992 19 years to downscale 2010 1 year where 2011
MERRA/obs.

overlap
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AnEn for wind resource assessment

NCAR

* Recreate along-term observation-based wind climatology at site
* Downscale a long-term NASA Modern-Era Retrospective Analysis for Research and

Applications (MERRA) time series using a short-term record of observations

Analog ensemble Observed
(deterministic + probabilistic) wind speed
MERRA y A 'II A s _
wind h o I L ’ N .
speed \ '| ll ‘ ‘ ' N \1 j \I “ q.‘
‘ | Vad ‘ ’ ] ' rv \‘.\’ ’l
( - >
1992 19 years to downscale 2010 1 year where 2011

MERRA/obs.
overlap
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Results: example of time series (Lamont, OK) =

NCAR
Lamont, OK: simple topography
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— 60 m AGL observations — 60 m AGL AN-KF
Training period: 2009-10-18 to 2010-10-17, downscale period: 2001-01-01 to 2009-10-17 Pearson r* = 0.80, Spearman r = 0.89 (across period shown; daily)

Vanvyve et al. (RE 2014), Zhang et al. (AE 2015)
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Downscaled wind tower locations BNCAR
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Wind distributions comparison =&
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e Summary and future work
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Summary and future work \

NCAR
e The analogensemble provides accurate predictions/estimates and

reliable uncertainty quantification (at a lower computational cost) for

o Short-term (0-48 h) weather predictions
o Short-term (0-72 h) power predictions
o 2D/gridded probabilistic predictions

o Long-term wind resource assessment

e Theanalogensemble could also be used to drastically reduce the

computational cost of dynamical downscaling (with the added value of
uncertainty quantification)

e Recent applications:
o Solar powerand energy load forecasting
o Hurricaneintensity prediction

o Air quality forecasting
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Improvement in CRPS [%]
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Improvement in CRPS [%]

Analog predictors weighting strategies:
Impact on probabilistic prediction
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AnEnin 2/3-D N

NCAR
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Relative Operating Characteristics Skill Score &

ROCSS

ROCSS
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-

08

08

086

0.5

0.9

0.8

07

0.6

0.5

Calibrated EPS

AnEn DET
AnEn CR Threshold: WS > 2.5 m s

Threshold: WS > 5.0 m s

rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr

0 369 15 21 27 33 39 45 51 57 63 69 75 81 87 93 99 105 111 117 123 129 135 141
Lead Times (Hours)

NCAR



Precipitation downscaling over GermanleCAR
with AnEn

Brier Skill Score Against DWD 6-km Reanalysis
(AnEn = Rean.—> BSS =0, AnEn perfect =BSS = 1)

.00 005 010 015 020 0.25 030 0.35 0.40

NOTE: Training:2010- 2012 Verification: 2007-2009

Lead: Jan Keller (DWD, University of Bonn)
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AnEn for wind resource assessment

NCAR
in areas with no observations
» Brute force WRF simulations at 17 mast sites for 2002-2012
* Nested 10 km — 2 km grid configuration (one way nesting)
» Analog ensemble used to downscale 10 km WRF
Analog ensemble WRF 2 km
(deterministic + probabilistic) wind speed
WRF 10 km
wind ‘
speed :N ' " i
2002 9 years to downscale 2011 1 year where 2 and 2012

10 km WREF overlap

68



U.S. West Coast Site 1: N

. . . NCAR
Time series for 2 representative months
December 2011
Hourly wind speed ;0km brute
-------------------- MR e | ——2Kkmbrute
0 4 }‘ l \ l }’ force
MONEN | \ N - - | ‘JL(, _ N i ’ ' |
11\ ' A , NRVA |AY \' ——2km analog
ensemble
July 2011
I r V. 1 oy W \
\ ) / \| W i v".

Rife et al. (JAMC 2015)
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U.S. West Coast Site 1: N
Fit to measurements

Daily wind speed

R?>=0.80 R?=0.80
5 5
= =
= &
= =
g g
= =
2km Analog Ensemble WRF 2km brute force
RMSD [m/s] 1.28 RMSD [m/s] 1.29

BIAS [m/s] 0.23 BIAS [m/s] 0.24
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Sensitivity tests:
Specific year(s) used for training

RMSD

Oceanic Nino

[m/s]

Index

-1.00
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0.80

0.60
2.00

1.00

How well does analog ensemble replicate brute force WRF

N=17 mast sites

Hourly wind speed

AnEn
downscaled
year (2002)

—— AnEnN

0 -

SEEREs A

-2

2002 2003 2004 2005 2006 2007 2008 2009 2010

Training year

NCAR

10 km WRF downscaled to 2 km with AnEn. Training data: 2 km WRF for a single year. .



Downscaled wind turbine locations =

NCAR
Goodnoe Cedar Cedar
Hills Creek A09 \ CreekH06
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R \
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<+ Wind Turbines
ke 3 Elevation (m)
s "\‘ / - High : 4500 +
- i { & - Low :-150
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NCAR

Probabilistic forecast attributes: Sharpness

Sharpness refers to the degree of concentration of a forecast PDF’s
probability density, and is a property of the forecasts only.

|deally, we want the forecast system, while mainly reliable, with as
many forecasts as possible close to 0% and 100%, corresponding to a
perfect deterministic forecast system. However, an improvement in
sharpness does not necessarily mean that the forecast system has
improved.

0 5--"'10. ) 15 20 T 0 ) 5' "10- ) 15' 20 T

Sharper Forecast Less Sharp Forecast



Analysis of reliability & sharpness &.,.

Reliability and sharpness diagram: 10-m wind speed > 5 m s, 9-h fcst
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ROCSS better

worse

AnEn sensitivity

N\

NCAR

Relative Operating Characteristics skill score, 10-m wind speed >5 m st

o

0.751

AnEn with a shorter
trainingdata set (15 =2 9 months)

Forecast Lead Time (hours)

AnEn built with a coarser
dynamical model (15 = 33 km)

0.8

0.7
0.65 - , AnEn
nEn \' LR

LR N == Fine Resolution (15-km GEM)

=— Full Training

= = Short Training = = Coarse Resolution (33—km REPS mem. # 20)

0-6 L Il Il Il L L L L L 0.5 Il Il Il Il Il Il Il Il Il
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Forecast Lead Time (hours)
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Analysis of spread-error consistency ()

Binned spread-skill diagram, 10-m wind speed, 42-h fcst
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COSMO 6 km Reanalysis e

— Regional reanalysis generated in the framework of the Hans-Ertel-
Centre for Weather Research

— COSMO model

» 6 km horizontal resolution for domain covering whole Europe
* 40 vertical levels
— Output
« 3D atmospheric state - 60 minutes interval
« 2D parameters - 15 minutes interval

— Production
» 16 years finished by end of the year, final 35 year period intended

2002 2013

1979 T 1998 T 2007 T

planned in production available



COSMO 6 km Reanalysis
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AnEn for PM, ; predictions

S5 F P
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NOTE:

« Used 518 (blue) stations out of 716 (blue + red) (80% data availability cut-off)
« Data availability:1 Dec 09 — 30 Nov 10 (11-12 months training, Nov verification)

Reference: Djalalova et al., Atmospheric Environment, 2015
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MEAN PMy, (ug m™)

PM, . comparison with observation

PM,., November,2010, 570 sites (>80% data)
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PM,,, Novermnber,2010, hourly averaged, MEAN over 570 sites
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Diurnal variation of PM, 5
Nov 2010, averaged over 518 stations

Novemnber, 2010, DAYS

1-24 h forecasts hourly time series of PM,
Nov 2010, averaged over 518 stations

CMAQ: NOAA/NCEP’s WRF-NMM/CMAQ (12-km, CB4, SMOKE), 1-24 h forecast

KFAN: Kalman filter bias correction applied to the analog ensemble mean

Reference: Djalalova et al., Atmospheric Environment, 2015



PM, :: verification metrics

(=]

w MAE (mg m-3)

Mean Absolute Error Correlation
> 50 (yo reduction 08l > 33 % increase
0.7 —_— e e o
3 il“
0 — 25

CMAQ PERS 7-Day KF KFAS AN KFAN CMAQ PERS 7-Day KF KFAS AN KFAN

» Training: 1 Dec 09 — 31 October 10
» Verification: November 2010
 518AirNow sites

Reference: Djalalova et al., Atmospheric Environment, 2015
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Spreading over a 2-D grid
(Glahn et al., 2012)

F'M.,., CMAQ November 1'2 2010, 24 hours cveraqed - PMas, CMAQ-Corrected, November 12, 2010, 24 hours averaged
I TG A B X ek S : XA e S ] B¥ P L,

—120 -100 -60

OBSERVATION

Reference: Djalalova et al., Atmospheric Environment, 2015
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AnEn for solar power predictions ®

NCAR
Training data: SMUD observations
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Results: Time series example:
AnEn, DICAST

Station SMUD 67, forecast initialized at 12 UTC, 14 July 2014

GHI (Wm™)

300 500 700 900
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}

|
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—— DICAST
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An-En Mean

.

0O 4 8 13 19 25 31 37 43 49 55 61 67

Lead Time (Hour)

NCAR
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AnEn better

AnEn worse

e
An-En vs. DICAST (Brier Skill Score) v

The Brier Skill Score (BSS) compares two skill of probabilistic predictions for a given event
Values > 0 indicate that AnEn has more skill than DICAST

Shownis the BSS index as a function of forecast lead time, with the event considered being
GHI > mean(obs. GHI at the given lead time)

N
BSS =1— BSmodl BS = iz(f; —ot)z f; is the probability that the eventwas forecasted,

o¢is the actual outcome (equal O if it does not happen and 1 if it does), and

mod?2 t=1 . . .
N is the number of forecast-observation pairs

BSS (%)

S Conclusion: AnEn is nearly
R - W\/\ \/\\f \/\ /\/V\/ always better than the already
o \ V optimized DICast forecast,

. even for this short training

2 and validation period
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1 59 14 20 26 32 38 44 50 56 62 68
Lead Time (Hours)



Analysis of spread-error consistency &

Binned spread-skill diagram NCAR
Boulder, CO and Bovina at 50m

Hourly wind speed N = 8644
Wind speed at Boulder, CO: Wind speed at Bovina:
Binned spread-skill diagram Binned spread-skill diagram
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| ----- Perfect spread-skill relationship| | ----- Perfect spread-skill relationship|
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Binned ensemble spread (m s’ ) Binned ensemble spread (m s’ )

Training period: last 365 days, period downscaled: last 3 entire years, analogs: 25 Training period: last 365 days, period downscaled: last 1 entire year, analogs: 25

Training: 2 Jan 2012 to 31 Dec 2012, period: 2 Jan 2009 to 1 Jan 2012, trend: 4 neighbors, window: 0 neighbor, var: ws.wd Training: 10 Oct 2011 to 8 Oct 2012, period: 10 Oct 2010 to 9 Oct 2011, trend: 4 neighbors, window: 0 neighbor, var: ws.wd
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Probabilistic forecast attributes: =
Economic value (value score)

Potential value of a forecast in a decision making framework; it
can be estimated using a static cost-loss decision model for a
dichotomous event (Wilks, 2006).

A decision maker can chose to pay a cost C (e.g., cost of
evacuation efforts) to protect against a possible loss L (with L
> C): if protective action is not taken, than the decision maker
incurs a loss L if the adverse event incurs (e.g., lost lives).



Analysis of Value N

. . . NCAR
Economicvalue diagram, 10-m wind speed =5 m/s
perfect forecast
9-h Forecast 42-h Forecast
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RMSE ens. mean, ens. spread (m s)

RMSE ens. mean, ens. spread (m s)

Analysis of spread-error consistency

DlsperS|on dlagram for 10-m wind speed
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Measuring Value N\

NCAR

Value Score (or expense skill score)

E. —FE . E.= Expense from follow the forecast
VS = fest clim
- E E;» = Expense from follow a climatological forecast
perf — clim
E,..r= Expense from follow a perfect forecast
1 a = # of hits
M(aa+ba+c) - min(e, 0) b = # of false alarms
Vs = — : — c = # of misses
oa —min(a, 0)

d = # of correct rejections
o = (/L ratio
o = (atc)/ (atb+c+d)

Event Observed
Yes Mo

Prepare

Forecast
andlor
-
[qul
ol
9]
fim g
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NASA's MERRA + Introdugt

on

NCAR

NASA Modern-Era Retrospective Analysis
for Research and Applications (MERRA)

Based on NASA'’s Global Atmospheric Model
and Data Assimilation System

3-D worldwide record of weather from 1979

1/2 degrees latitude x 2/3 degrees longitude
Hourly surface 2D and 6 hourly 3D fields
Assimilation of all NASA historical satellite data

Conventional data




