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How do we evaluate the accuracy of ensembles?

Observed Temperature in
New York (40.48°N, 285.74°E)
in August 1985
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NCEP Forecast System Version 2 (CFSv2)
e Monthly mean 2-m temperature (K)
e Reanalysis observation: x,

e Ensemble members 1-9, 0.5 month lag forecasts:
X1, X2, .uvy Xk

e 01/1979- 12/2009
e 1°x1° spatial grid



Mean Error: p (x1_x) — Xo at (t,lat,lon)
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All spreads have an error score of 0



Mean Error: p (x1_x) — Xo at (t,lat,lon)
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All spreads have an error score of 0

skill is based on the error of the ensemble mean
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Negative Log Likelihood

Forecast PDF
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Converting from Observation to PDF
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Information Gain: —log, (p” (x5))-—logs (P (o))
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Aggregate |G: Normal PDF from Ensemble Members
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Bias Correction Estimated from Previous Hindcasts

k<S
: _ fi tedan — ObSt, 1a,in
bias; t, 1a,in= Z

S—-1
k=m/yo

s.t. k increments in steps of 12



Bias Correction Estimated from Previous Hindcasts

k<S
: _ fi tedan — ObSt, 1a,in
bias; t, 1a,in= Z

S—-1
k=m/yo

s.t. k increments in steps of 12

e i = f; € forecasts [1,9]

o k =month € [1,12], year € [yo, ..., ¥¢]
e t, la, In = time, latitude, longitude

e S = current observation’s time-step



Improve Forecast by Subtracting the Bias
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A Few Grid Points (e.g. in Arctic) have Extreme NLLs

Cumulative Sum
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Most Grid Points have Normal NLLs

Cumulative Sum
14 20° of Sorted NLL
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|G Improves by Using Climatology o Instead of Forecast
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Global Mean |G

TMP PRATE
mean median mean median
Forecast -4.9134 -0.4207 -58.0248 -0.1401

Bias Corrected -0.8877 0.0964 -21.8516 -0.1342
Climatology SD  0.0558 0.0147 -2.3272 -0.0276

e 1G improves after bias correction and substituting
climatology SD for ensemble SD

o T reforecasts now average slightly better than climatology, P
still worse



How does a normal PDF fit to an ensemble differ from a
kernel density estimator?

(a) Normal Density Estimation (b) Kernel Density Estimation



Aggregate |G: KDE Approximation
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Aggregate |G: Climatology KDE vs. Normal
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Aggregate |G: Forecast KDE vs. Normal
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Mean Global |G for KDE vs. Normal Fit

TMP
mean median
Forecast -4.9134 -0.4207
Bias Corrected -0.8877 0.0964
Climatology SD  0.0558 0.0147
KDE 0.3587 0.1326

e |G improves even more using KDE
e KDE is sensitive to spread-spikes



Conclusion

Gaussian estimation vs. kernel density estimation for
converting ensemble forecasts to a PDF

Treat ensemble as probabilistic predictions

|G measures probabilistic predictions well

Forecast can be improved by using 1G to diagnose problems
(e.g. mean and SD offsets)



o Fit other distributions to climatology and ensemble forecasts
e Include trend estimates in probabilistic forecasts

e Develop predictive model that incorporates climatology and
multiple model forecasts based on skill at a given region and
season



Acknowledgement

The authors gratefully acknowledge support from NOAA under
Grants NA11SEC4810004 and NA120OAR4310084. All
statements made are the views of the authors and not the
opinions of the funding agency or the US government.



References

e Nir Y. Krakauer, Nir, Michael D. Grossberg, Irina Gladkova,
and Hannah Aizenman, Information Content of Seasonal
Forecasts in a Changing Climate, Advances in Meteorology,
vol. 2013, Article ID 480210, 12 pages, 2013. doi:
10.1155/2013/480210

e Suranjana Saha, and Coauthors, " The NCEP Climate
Forecast System Version 2", Journal of Climate (early online
release.),2013: doi: 10.1175/JCLI-D-12-00823.1


http://dx.doi.org/10.1155/2013/480210
http://dx.doi.org/10.1155/2013/480210
http://dx.doi.org/10.1175/JCLI-D-12-00823.1

Questions?

WHY DO WHALES JUMP £t DO TESTICLES MOVE &
R R SRS AR WHY ARE THERE SLAVES IN THE BIBLE
L PV W A e e s Do 0 SR L KT
thY DO%:HSJ_AY gg ZWHY IS HTTPS IMPO
mﬂﬁiﬂﬂ%ﬂﬁﬂnma% .8 2| uw MY £
Y 1S TAERE LROGHNG LY SHOWS, | B WBP%-'TNG A
28 P L LT e N — 2
Pt o0 el .
G e GLEioe Uiy OGO AL L SOUPHS v B e o s o
%m %z WHY ARE MY EARS RINGINGZ
7 WHY DO CHILDREN GET CANCER &~ ¢
\WHY ARE DUCKS CALLED DUCKS e WHY ARE. THERE S0 MANY AVENGERS WJHY 15 POSEIDON ANGRY WITH ODYSSELS
WHY 00 THEY CALL [T THE. CLAP b WHY ARE. THE AVENGERS FIGHTING THE. X MEN E
VR fons, oD GRIVENEREDs2S UHY 16 LOLVERNE NOT IN THE AVENGERS 3 WHY' 15 THERE. ICE IN SPACE <
HERiEee s S WHY ARE THERE ANTS IN MY LAPTOPZ
SR R e o AT U (Do e A QUG 1 angow D
LBV IS THERE 60 MUCH AR, N, O ) (i3 Ut s 58 G50 y WHY 15 THERE AN OWL ON THE. DOLLAR BILL
U A TERE At A FEVALE BIES DO OWLS ATTACK PEDPLE )
H RSB JHy oRE TR TY SPOERS N MY HOUSE WHY ARE AK Y75 SOE)GDEI'EMES
SRTRESEREET= LHY DO SPI COME INSIDE. \WHY ARE THERE. HELICOPTERS CRELING MY’ HOUSE
e O S T e AR IEE GOS8
\JHY ARE. THERE SPIDERS N My RODM 1o Eo06 LMITE Sﬂ

T LK 1 THERE M0 GP5 N LAPRERS
LY D0 KNEFS (LK 5| SHerB a0

WHY
BT ES Le s L% %’:I'M:WB ARWEN DYING S| Yy~
L

‘00 % ARENT MY QUALL LAYING EGG52 CE
S AN Gy v s

b AT FORETION PEAL = L i TE5e. Do CH Y Pt

e g e WHY 15 LING GOop WHY AREN'T THERE. ANY' FOREIGN MILITARY BASES IN AMERICA




	Information Gain Measure
	Known Forecast Problems
	Efficacy of Normal vs KDE Fit

