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1. INTRODLCTION

In=adisr swdiss we presemeda detailed analysis of
1he cuality ol probabilistic lorscask generaled bassd on
1he HCEP 2reembls lorscastingsysizm (Tolhand Kalnay,
1927]. T he periormance ol the MC EP 2resmble orecasis
was algo comparsd 1o 1hat ol the ECHMWF ereemble pre-
dicionsysiem [Zh &l al., 1996), and a =i ngle higher reso-
Iufion MRF comrol lorecast (Tolhed al., 198,

These sadiersudiss givevaluablsirsighti o hele-
havior ol 1the ditlersm lorscast systems, thus provdcing
lzadback 10 1the developers. Meverheless, 1he ulimale
measurs ol 1he uilily ol weather lorscasts is arguably 1he
economic bensdl assodaled with 1heir aclual use inthe
chaily decision making process ol indviduals or difersnd
organizaiorns. Simplizically, users ol wealher forecasis
sither do, or do nod fakks adlion (2. g., imroduce proleclive
acion o prevenireduce  weather—rslated  loss),
dependng on whether a paricular wsalher svenl is
lorecastor nol. Cost-does analysis ol dilterem complesity
canbes applisd losvaluale 1hesconomic impaciol1he uss
ol wealher lorscasis on 1he users [Kalz and Murphy,
1297). In 1hiz papsr we evaluate 1he economic walus
associated with 1he use ol an ersemble ol orecasis, w.a
higher resclutioncomrol lorscast, usinga relatively simpls
cosl-doss modsl discusssd presicusly by Fichardson
[2000a) and Mylne [1229) 1hat, atier some smplifcaions,
cangensrally be applisdin mosl cases.

2. CIOET/LOES AMALYSIS

A decision maker becomes a ussr ol wealher lors-
casiail hals he alters his'her acliors based onlorecasiin
lormation. H, based upon a paricular weaiher lorecasi, a
user takes a prevenive aclion, andihe predicied harmiul
even] doss nol ocour [&ise alarm, F4), 1heuserincurs a
cost (G associated with his/her aclion (Tablz 1). Inacass
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Tabfe 1. Confingency table indicaing the cosis’
lnssesaccrued by the use of wearher forecasrs, de-
pending on forecast and observed values,

where the evenlis nol forecast the user doss nod taloe ac-
tion,andil1he svenl doss nol coour [correct rejection, CA),
1herzizs no cost (W) onthe pad olthe user. Hansvenlis nol
lorecas bl occurs [miszed event, M), 1he ussris nol pro-
lecied and sullers a loss [L=C). When, iollowing 1he fore-
cast ol a harmiul everd a user lakes projecive aclion and

1heevem ooours (hif, H), 1he user has 1o pay 1hecost of his
acion (G, plus may sl incwr some reduced loes |, witha
iotal ooed called mitipatedioss (ML, <MLL, For simplic-
ity, i nthedollowi ng calculatons we willassume1 kat 1he mi-
gated loss is egual 10 &, 1he cost ol 1he protective action,
i. =, 1he usars, by 1heir protective action, can periscly
shisld 1hemeslves from the acherse eflect o weather.

3. MEAHN EXPEMSE

H1he relative freguency of 1he tour dilierem culcomes
inTabl=1 [H A&, CF, and M) is knownand maroed by f,
fa, cr, and m, one can assess, in a statistical seres, the
meansxperss (ME] ol auser ol a forecast sysitem:

MEp=hL+ml+fal (o). il
Furhermore, one can determine 1the mesan experes
associated withusing climatological imormationonly:

ME =minfol, oML+ 1—0)C], 2
where oistheclimalclogical feguency ol the svenl. Bassd
on 1he climalclogical frecguency ol 1he evem and on 1he
u=er's associated cost and losses, the user will sither al-
wayzor neveriaks protecive aclion. Adecision maker will
chooes louse alorecas] syslemil his'her mean sxperes
associated with 1he lorecasi system will be lowsr than 1hat
associated withusing only dimatological i rormation.

4. BECONOMIC VALLE
T he mini mu m experss or auser, gvena perect ors-
casl syslem hal provides accurate prediclions 1or 1he oo
curence and nor—oocurence o a padicular svend, canbs
wriflenas:
i =0, ]
Inthi=i siation,1hsussriakes prodeclive actioniland
only il a harmiul svenl acwally cocurs, Leing Egs. (1-3)
1he dednitionol 1he sconomic value (1Y) ol alorecast sys-
12m can be gvenas

- ME. — ME. .
ME, — ME 4,
Using a forscasisysiem ihatis perec will resullinan soo-
romicvalusal 1 (maximum value), whilsalorscasi sysiem
aseociated with1he mean ssperse squal 1o largsr than)
1hat atiainable uvsing dimaklogical imormation orly will
hawve zero [negatlive] sconomic valus.

The sconomic value delned above is related 1o the
RelaiveOperating Characienisics (ROC ses, 2.9, San
shki =1 al., 1929, a signal deiecion 1heory bassd measurs
ol lorecas periormance. Substivting Ege . (1-3) imo Eg. 4
we arrive al
minie, &/ Lk + &5/ L—m

minfo, G Ly—oC /L
Hean be shown (===, 2. g., ylne, 1929) that ¥ depends
anly on 1he hil rate (HR=H{H-M and false alarm rate
(FR=-FA{FA+-CR) 1hatl also deines ROC, as lorecasi per-
lormance paramsiers. Mol surprisingy the overall sco-
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romic value ol a lorscasi sysiem and the ROC—arsa and
Brizr Shill Soore measures (BES, whichis a measurs re-
lated o ROC—arsa for sysiems wilhlorecast probabilitiss
sxacily malching obssrved Irsquendses, Talagrand =1 al.,
1228 are clossly related [Richardson, 20000 . For sxame
ple, B5S measures the overall sconomic valusassociated
witha pariculariorscasisystem, given 1 halwe assume all
cosl-loss rafiovalues are equally imporarn.

Beyond1he paramsiers describing the forscast sye
12m, Valso dependeon o,1he dimaklogical irequency o
1hesvent,and on &L, 1he cosHoss ratio thal depends on
1hepanicularuserol a lorscasisystem. The lacthatall ve-
=rs canbe characterizedin1his iramework by a =i ngle vani-
able, &L, oflers acomenizm way 1o evalualeihseconom
ic value ol any forscast system for all potertial users ona
two—dimersional, Vve, OLor LT plot.

5. SIMGLE W5, ENSEMBLE FORECAST SYSETEMS

In 1he fllowing seclion we compars the sconomic
wvaluz ol 1he MRF T126 rescluion corvol forscast 1o1hat
ola 14-memberssiol the Te2 horizomal resclulionNCEP
smeemble for 1he Aprl — June 1999 period. Thess 1wo
lorecas1 sysiems  use  comparable  compuiaional
resources. In the ssample below, weather evenk ars
dzlinedas 1the 500 hPa geopotenial heighd al grickoinis
owerihe Mo hernHamisphers sxdravopics beinginamy of
10 climatclogically ecually likely birs.

D=terministic guidance from a singe lorecasicanbe
urambiguously imesrpreted by a user. H a paricular ad
wverse wealher svenlis forecast, 1he ussr caniaks protec
live acion, and do nothing olhereise. Incase ol anen
semble ol Miorecast 1heuser has Mopliors. Hes hecan
chooss 10 ake action only il all Niorscast predict the ad
werss weal her,actil -1, N-2, ..., or svenilonly 1 member
predicts 1headverss weaiher, Eachol1hese dedsioncrite-
ria coiresponds with a diflerenl sconomic value. Bassd on
1heir 0oL rafio, users canchoos s the dedsioncritenion 1hat
otlers 1he most value 1o 1hem. Intact, ilcanbe s hown 1ha
1hs besi decision level p, comesponding o 1he predicisd
probakility of the weather evem, is sopal o GL (Murphy,
1677). The higher 1he costof 1he protedlive acfonrelative
1o1he polemial loss, the more cerainmty the ussr recuirss
aboui the forecasi betore hels he 1akes action. One of the
poteral advamages ol using anereemble lorscast sys
1zmis thatil raturally provides a mulliude o sue hdecision
criteria. Ditlerer users can 1heniailor their uss ol 1he fore-
casl inlormation o heir paricular application, characisr-
ized by 1heir cosl-doss ratio.

Relative fecpency valuss based on couming how
mary eresmble members predic! a cerain sverl usually
provide probabilisic lorscasts 1hat ars biassd in assms
1hat 1they do nod necessarily maich comrespondng ol
served feguency valuss . This is becauss ol delidencies
in modsl and e reemble lormulation. For example, when
hall el 1he ereemble members predict a weather sven,
1hatsvem may, over along verilication period, verily only
4075 ol 1he fime. Buchbiases inememble—based proba-
kilities are generally corsisiian inlime and can be sasily
sliminated [s==, 2.0., Zhu =al., 1996). Thecalibrated fors-
casl thal would be issued based on the pasi verifcaion
siatistics inthe above case, where hall ol the ereemble
members predicl ansven, lor example, is 4076, The April
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—Juns 1222 emmemble based probabilisic 1orscast sva-
luatedin this papsr have besncalibrated usingindspen
cem data ¥om February 1998 vericaion slaisics. For
zac hloss—cosiraio shownin Rge. 1-41hededsioncriien-
onlor the ereemble is bassd onihs calibrated probakbility
lorecasts . In paricular, it is assumed 1hat a user will 1aks
protective actionil 1he calibratedprobability lorecast value
iz ar=atler or sgual o 1he cosHoss rafio (p= &L). For 1he
sxtremsly high [andlow] probablity values whers 1helinie
sreemble cannol provide opimum guidance, 1he best
available guidance was used, i. &, 1he highest lowss])
probakbility valuss associated withall jonly ons] members
predicing 1hs weal her evenl, The above decision making
algorithm, based onthe users' costdoss raio and 1he cali-
brated probability lorecasis, represent an opsrationally
{zasible oplimum strateqy for the use of ereemble guid
ance.

. RESULTS
In Ag. 1 we show 1he sconomic value ol 1he coniral
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Fg. 1. Economic value of 24—hour MAFE T126 confrol

ed), and 14—member TeZ ensemble forecasts Fs::u'
i) in predicting events dedned in ferms of 10 dimatologi-
cally egually fikely bins for 500 hPa haight over the NH ax-
rafropics, forApni-June 1988, for ussrs charactenzed by
different loss‘cost ratios (honzontal axis, foganthmic
scale). For the ensembie, fhe opfimum u‘ensmnsmaregif
evaluatedhere is hased an the probabili=ic forecasis, o3
brated u=sing Februa

rf fggg l.-'E'nl’u:El'u:ln stafiziics, being
greater or egual fo O

{p=CiL)

lorecasi vs. an ersemble ol forscasis al 24-hour lead
1im=, as a wnoion ol the L'C rado, as discusssd above.
Theesconomic valuscompansonresults indcate1haleven
ai this shorl, 24-hour lead ime, lor this well prediciabls
variable, mosi potz nial users, excspd thosewithloss—cost
rafice in a relaively namow band between 2 and s, can
realize more sconomic value when using 1he ersemble
lorecasts. Al andbeyond 72 hours lead ime [Fgs. 2-4)
virbally all users are betler otlusi ng the ereemble sysiam
1han 1he high resclufion convol forecasis. Furhermors,
1heranges of loss—ooe rafics for whichihelorecasts ex hibit
value, comparsd 1o using climatclogical imormaion only,
is substanially widsnsd, indcaing 1hal a much largsr
aroup ol users can bensdit vom 1he ereemble lorscasis as
comparsd o the high resclution conral forecasis. Mot
1haton=ach ol the ligures 1he largest sconomic bensditis,
as expecisdtheorstically (ses, 2.9., Richardson, 2000a],
attained by users whoss CL rato is approsd mately ecpal
1o o, 1he dimaklodgcal frequency ol 1he wealher svend,
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Fg. 2. Same as Fg. 1, except for 72—hour forecas?
faad time.
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Fig. 3. Same as Fp. 1, except for 120-hour forecass
fead time.
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Fig. 4. Same as Fig. 1, except for 1e6-hour forecass
lead time.

whichinour cassis 0.1, Mot2 also that withi noreasi nglead
fime 1he sconomic value, as comparsd o using periscl
lorecasts, psias ihe forscastinlormationcomem (se= Fig.
2ol Toh2t al, 1928, is reduced.

Tosummarize the resulis, in Fg. 5 we show1he ROC-
arsa scores lor the T126 condl, and the T2 ersemble
{orecasi systems, for dilerenl lsad imes. Recall 1hat 1he
RO —ar=a canbs comsidered as a summary measurs o
cverall sconomic value ol 1he lorscask [Richardson,
2000k . The exact implicite assumplioninihe ROC-arsa
calouatiors about 1he distibution ol users with regpect 1o
1heircostdoss raticis nolknown, Unloru nately, litls il any
imormation is available on most ussrs’ cost-doss ratio si-
1her. Meverheless Rg. Scanprovide anindcationfor the

Contibuion 1o hi= 15Hh AMS Cond=renc= on Probabilty and Siadsios in he Amosphenc Scesnoss,

E|

1..,'\\ —- TE2 ENSEMELE
o “n =+ T126 CONTROL
i e
En.m ™~
& “
“-\ '-"h.__
~
-~
""ﬁ
0.01- —

0 48 98 144 192 240 288

LEAD TIME [hours)
Fg. 5. A0C (Relatve Coeraing Characfenstics) area
for T128 confrol and 14—member TEZ ensemble fore-

cass for tha 500 hPa heighr, NH exrarropics, for Aomi—
June 1334, ? e Ap

civerall wiility ol 1he two lorscast systems. Perlect [dimai-
logical | torscasts corespond 10 a value ol 0.5 (0] ROC
arza, while negalive valuss indicale sconomic loes
comparsd 1o using climalological guidancs.

Theememble lorzcasisysiemis lound o cuperlorm
1he higher resclution condrol forecast at all lsad imes. For
sxample, a1 day 2 (6] l=adtime 1heuse ol the ereerbls
lorecasisyslem provides dose 1o 705 13075 mors over-
all sconomic beneil 1thanihe conral lorecasi lopuiitin
another way, a d—day [10—day] ememble lorscas! ollers
as muchvalusas a 2-day (6—day) singe highsrrescluion
convol lorscast. Simlady, the use ol a 6—day ersemble
{oracasi oflers 13070 maors sconomic valus 1hana 6—day
conrol lorscasi; and 1he same level ol valus can be at
1ained by 1he uss ol a 10—day ereemble lorscast. These
resulis areingood agreemerd with Figs. 1-4, and al later
l=ad 1ime with thoss ol WMylns [1222) and Richardson
[2000a) .
7. COMCLUSIONS

One can draw 1he Wllowing condusion from 1he

abowe results . Al and beyond 3 days [sad ime, 1he dirsct
meds culpul from 1he ereembles lorscast ollers more
sconomic value, and for a wider rangs ol users, 1han1hat
irom 1he higher resclulion comrol torscasi. For a wide
ranges ol users 1his also holds frue lor s horer lsad limes.
These lind nge conirm =ardisr resuls by BECMWF [Rich
arckion, 2000a) and UK M. Otics (Myne, 1999) sden
figls. We should kespin mind 1halbecavss 1he hofizonal
micks resclution lor 1the 2reembles {orscasts is degraded,
1he cosi ol 1heir generation is comparable 1o 1that of 1he
Figher rescluton corral lorecast. Therslore the useolan
ereembls lorscas sysiem can sigrifcanmy inorsase the
cverall economic beneil weather prediciors can deliver
1o sosly.
a.  DISCUSSION

The 500 hPa heighl valuss studied here over 1he
Merhiern Hemisphers sxalropics is comsidered as ons of
1he mos1 predictable aimespheric variables . His esxpecisd
1hat forecasts or onher varables, related mors dossly 1o
saraible weal her, would b2nalil mors ¥om 1he emsemble
approach. The supsrior periormance ol 1he emeerble
{orecasisysiem is dus 1o twolaciors. First,1he erserbls
can distinguish betwesn torecasis with higher and lowsr
1han average reliabilily at1he fime 1he forecasts ars is-

e
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susd. Az Todh =1 al. (1998) showsd by using RO, Brisr
soore, Ranked Probability Skill Scors, and indormaion
comen as measurss ol lorscast perormance, the en
semile provides imporan sxva inormaion o 1he ussers
1hroughite cass dependsn reliability ssimales.

The ereemble 1echrique's second advamage is 1hat
ilgenaeraizs probabilisic lorecas s witha mullivde ol prob-
abilityvalues, as comparsd 1o dicholomous probakility val-
ues provided by a single conrol lorecas#. T his again, as
Todh =1 al. [1998) showed by using dileren probabilistic
vefifcaion measures, makes a significar dilterence. Mul-
liple—value  probability lorscast can ol course be
corsrucied based on a single deterministic orecast, us
ing pas werilication staisics. Such a lorecasi sysiem,
however, was sill found deficien by Talagrandand Can
dllz (1229, pereonal communication] when comparsd o
1he perlormance ol emsemble forecast systems. The en
semble's supstior perlormance inihsir comparison, since
1hzconrol forecast was alsosxpressedinihelormed a wll
probakbility disiribuion, canonly be dus1oils ability 1o do
well capiun ng day—o—day variafors in1he expeciad reli-
ahilily of the forecasis.

Thers iz a 1hird aspect in which 1he corval and en
semble lorecass diller, and 1hat is 1heir overall accuracy,
measurad, 2. 4., by 1he bt rate ol the conrol v ereemble
mads forecast. Al s horlsad times, the comval has anad
wvarage dus 1o ile higher rescluion [se2, 2. g, Ag. 2 ol
Tedhi 1 al., 19298), while atlonger lead limes the ereemble
has anacdvarags, dus oits nonlinsar sror 12 ng capa-
bility [Tedhand Kalmay, 1987 Whls1hess diflerences may
b= cigrifican, comparing Fgs . 3 and 7 ol Teh 21al. [19228)
suggesis1hal 1hey play a secondary role comparsd 1o 1he
irlluence ol low dependenl ull probabilily dstibuiors,
ciscugsed above.

Asiheaboverssuls anddswssionindcale, ifis cril-
cal that 1he users have access 1o mulliple—valus prokakil-
izfic inlormation 1hat capiurs 1he large day—o—day varia-
liore in 1he sspecisd reliakility o 1he lorscasts. Such
imormationiadlitales the use, andinareases the sconom:
ic valus of wealher forecasis. His nolsurprising 1hat come
panies selli ng weal herderivaives® arsamongihe core us
=rs ol ersemble forscasis.

Aweather forecas! is infact nol complede unless ilis
expressedin the dorm ol ull and joird probability disribo-
fiore. And incase o apprecable uncertaimy, 1he goal o
wealher orecasting, i nclud ng stafistical poeiprocessing,
suchas MOS and other methods, & hould not be 1he prod-
gionol 4 besi esimate ol the stale ol 1he aimosphers bul
rather ol a Wl probakility disvibution [Murphy, 1977). The
lormer can only [besi] ssrve users wilh ong paricular
cosl-doss rafo jassodated with1he hit rate o reliability o
1he single delerminisic lorscasi system) while 1he latisr
can ssrve users characienzed by a wide ranges ol cost+
loss rafos.

Az ansxampls, |21 us corsider 1the use ol mnimum

lemperalurs forscasis by two farmers in1he same geo-
graphical arsa who grow diflersni crops thai ars all s=rei-

five 10 Feszing lempseralure. Let us assumes1hat the ool
ol profecti ng heir arops is the same bui1hair poiznial loss
ciflers dramaically cue 1o diflerences in1he wlnerability
and valus ol their crops. The tarmer with less 1o loss
[C/L=0.2, high coeHoss raio) will anly spend on prolec-
fionil the frost is almosta cenainty (pe=0.9, o highsr fors-
casl probabiliiss), whersas 1he larmer who can suliler
large loasss C/L=0.05) will warm 1o ke protective acion
evanil 1he forecast probakility values are low (p=005, of
higher). Mete 1hatinthis exampls 1helarmers vanslak the
probakbilisdic weal her forecast imo their “protect — do not
prodect”, yes—nodecision, using very dillerem decision ori-
1=ria low ve. high probability values). H a forscasisr pro-
vides only his/her best ssimate on whet her the minimum
1emperaturs will be abowve or below ireedng, 1his lorscast
will likely be vssless lor sither armer (2. Fig. 2. Sucha

lorecast, withanimermadiale average hil rate ol say 6075,
will b2 suitable orly for users witha cosHoss raio arou nd
0.6, Meither 1he low, nor 1he Hgh cosl-doss rafio customer
canbensi! fom sucha product. Irstead, 1hey will use di-
matclogical i rlormation and the lormer famer will alwagys,
while1he latier neverprodect his'her aop. To beol anyuss
lor1hem, 1he forecasts would need 1o be issuedint hedorm

ol muliple probakbility values; and as we saw such guid
ance can be readly derived vom an emreemble o fors-
casis.
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