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1. Chaotic behaviour of atmosphere

The atmosphere behaves in a chaotic way. Thisnséate although simple must be explained more deeply

According to E. Lorenz’s papers (Lorenz, 1965) $makturbations of initial conditions can lead imé to
completely different results. So the word “chaotis’not understood as in colloquial language, lathar in
order to describe some special behaviour. In faetatmosphere is described by deterministic equstiehich
give a deterministic solution — however, the prabkerises while evolution of this solution in ting®mall initial
errors can provide to big differences in results we should rather speak about “deterministic chaéstypical
picture of such a situation is shown on Fig. 1ih€t48 h), called “spaghetti plot” — results of silinulations for
specific contours are presented (we can obsenengéslty different results at the Black Sea). Itgisnerally
agreed that the maximum reasonable simulation tengbout two weeks. After a longer time results soe

different that no practical conclusions can be draancerning prognosis.
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Evidence of the chaotic nature of the atmospheralds seen in different results obtained while fmgn
numerical weather prediction (NWP) models with itlead initial conditions, but various model dynamsiand
parameterizations. Model forecasts can be sengdittee design of the model as well as to theahdonditions.
Each model configuration approximates the actuabbiwur of the atmosphere differently, so thisadtices
another source of forecast uncertainty. We will @relbe able to construct an NWP model that incluties
behaviour of the atmosphere in every detail anitdly high resolution. But even if we could createch a
"perfect” NWP model, its forecast would eventudlhgak down because of errors in initial conditicadthough
such a breakdown might take longer to happen. Thwsphere's sensitive dependence on initial camditi
means that model initial conditions would need #0"perfect” as well for there to be any hope of imgla
perfect forecast. Of course, the reality is thataaservation and assimilation systems will nevee gis perfect

initial conditions. We can, however, apply our knedge that the atmosphere is chaotic,
initial conditions, to the forecast process.

highly seestb

Through strategic use of imperfect initial condisoand/or imperfect NWP models in amsemble prediction

system (EPS), we try to:

ascertain a range pbssible forecast outcomes,

estimate th@robability for any individual forecast outcome,
hopefully determine the most likely forecast outeom

Some version of an EPS is in use at most foreeaters. These operational EPSs typically use imitadition
uncertainty as a basis for their multiple forecaatsl in addition, some also use model uncertdintperfect

structure and dynamics) and boundary condition iaicey.
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We present below the table summarizing the advastafan ensemble system of deterministic foreeass a
single deterministic forecast (source: NCAR).

Table 1.1. Advantages of an ensemble system ofrdetistic forecasts over a single deterministicefmast.

Characteristic

Single Forecast

Ensemble Forecast System

Uncertainty in
Initial
Conditions

Data assimilation system is designed tc
minimize initial condition errors using
various forms of data. Uncertainty is
implicitly (but incompletely) accounted
for through relative weighting of each
piece of observational data and the mo
forecast first guess.

Can assess initial condition error using
satellite and other observations, but
cannot explicitly assess subsequent
impact on NWP forecast.

Initial condition uncertainty can be
taken into account by determining th2
most important (i.e., rapidly growing)
potential errors to the subsequent
model forecast and scaling them down
dtl a reasonable initial condition
perturbation.

Atmospheric
Predictability

Cannot be assessed from a single
deterministic forecast. Can be
incompletely inferred from the degree ¢
consistency between consecutive mod:
forecast runs.

Can be assessed by the rate of growth
in spread of ensemble member
fforecasts. Ensemble size and adequate
slinitial condition perturbation are
important in obtaining an adequate
ensemble spread and a measure of
predictability.

Only one numerical method can be use

dVultiple numerical methods can be

2. Ensemble for ecasting

2.1 Theory

Model S for example, breaking down the flow infloused, e.g., spectral, grid-point, grid-
Uncertainty: . . - . . .

. sines and cosines (spectral method). | point with different variable
Dynamics . . .

configurations on the grid.
Only one set of physical Multiple combinations of physical

Model parameterizations can be used (e.g., op@arameterizations can be used (e.g.,
Uncertainty: convective precipitation scheme). two types of convective precipitation
Physics schemes might be used to combine

their individual strengths).

Since the actual state of the atmosphere at argyisrknown only approximately, a complete desaiptf the
weather-prediction problem should be formulatedeiims of the time evolution of an appropriate plolig

density function (PDF) in the atmosphere's phaseepAlthough this problem can be formulated eyactl

through the continuity equation for probabilitysalknown as the Liouville’s equation (Kalnhay, 2003
practical solution is impossible for nonlinear misdeith more than a few degrees of freedom. Evetricting
attention to the evolution of the first- and secamder moments of the atmospheric PDF, one isfatkd, for
medium-range forecasting, with a system of nonliregpiations which have no well-defined closure ahith
cannot be solved for the large models currentlyl useumerical weather prediction.

Ensemble forecasting appears to be the only feasitdthod to predict the evolution of the atmosghBDF
beyond the range in which error growth can be desdrby linearized dynamics. In ensemble forecgstine
PDF at initial time is represented through a firsemple of possible initial conditions. A nonlineaodel
integration is carried out from each of these statnd the properties of the PDF at any forecas¢ tare
assumed to be described by the sample statistimputed from the ensemble.
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The ensemble statistics will approximate the carriar if;
(i) the sample of initial states provides a reaisstimate of the probability distribution of aysik errors; and
(i) the phase-space trajectories computed by tiraemical model are good approximations of atmospher
trajectories.

Requirement (ii) is also necessary for determimi®WP; hence, most of the recent research in ersemb
forecasting has focused on point (i). However, esysttic or regime-dependent model errors can sevaffect
the ability of the ensemble to forecast not onby finst moment of the PDF, but also higher momesush as the
standard deviation.

Requirement (i) poses a problem of considerablertiiEal and practical difficulty. Firstly, the POF analysis
error is poorly known; secondly, the number of ipeledent directions in phase space spanned by D#s P
(essentially the dimension of the NWP model) exsdegd many orders of magnitude the maximum pradgcab
ensemble size for a realistic NWP model. As demmates by early experiments in ensemble forecasting,
sparse random sampling of phase space (even takmgccount geostrophic and hydrostatic constsniwnill
not produce a realistic distribution of forecasttas. For any given initial flow, only certain ditions in phase
space are associated with dynamical instabilitibéchv will determine the growth of small perturbaiso(or
errors) in the forecast.

Forecasts started from successive data-assimilagioles tend to diverge at a rate which is smahan, but
comparable with, the actual error growth (Lorer@296). The difference between the analysis at angingial

time and a very-short-range forecast verifying le# same time can therefore be considered as a rggowi
perturbation consistent with our uncertainty in ihidial conditions. This idea is exploited in tlegged-average
forecasting (LAF) method (Kalnay, 2001), in whiclmsembles are composed of forecasts started from
consecutive analyses. In this method, the ensesibéeis limited by the number of available analyses
relatively short time interval (typically not morhan two days), and the ensemble members cannot be
considered as equally likely (at least in the mediange). These problems become less serious ilsamainly
concerned with just the first moment of the sanfpl=, namely the ensemble mean, or when longer dstec
ranges are considered. In fact LAF has been usegkperimental programmes on extended-range ensemble
predictions in several NWP centres.

More recently, however, techniques to generatéalniterturbation have been based on strategies ooty
used in dynamical systems theory) to identify thdsections in phase space where dynamical ingtiekilare
strongest. One possibility is to assume that elirotie initial conditions are dominated by thosstabilities of
the flow which have developed over a series of iprevassimilation cycles. This assumption is thgisaf the
“breeding” method proposed by Toth and Kalnay (Tathd Kalnay, 1993), which corresponds to the
computation of the vectors associated with thedstrd-yapunov exponents of the NWP model. The NMC
ensemble prediction scheme is based on a comhinatithe breeding and LAF techniques, and at lpadtally
satisfies conditions (i) and (ii) above.

However, even assuming an isotropic PDF in phaseesgor the error at the initial time, the differen
amplification rates of perturbations along diffearexxes would soon stretch the PDF along the dosstiof
maximum instability during the early stages of theecast period. In this way a particular phasezspiirection,
which perhaps was not necessarily associated witkepgional analysis error, may turn out to domintie
forecast error after a day or two. It would apptabe important to ensure that this direction wespprly
sampled by the ensemble of initial states.

As first shown by Lorenz (Lorenz, 1965) in a metdogical context, for any finite time interval inhich the
dynamics of perturbations is assumed to be linter,axes of maximum instability can be computedhas
eigenvectors of a symmetric operator defined aptbduct of the linear propagator by its adjointdynamical
systems theory, this operator is sometimes refdoexd the Oseledec operator (Alligood et al., }9B6linear
algebra notation, these eigenvectors are the singattors (SVs) of the linear propagation its8W. growth can
be much faster than either normal-mode growth gfationary flows) or Lyapunov exponent growth (fione-

evolving flows see, for example,(Buizza et al., 399Farrell, 1988), (Molteni and Palmer, 1993)).

Ensemble forecasting experiments in which unst&fs computed from a 3-level quasi-geostrophic model
were used to construct initial perturbations fomaltilevel primitive-equation model were carriedt@t the
ECMWEF in the past years, and have been reporteMimgauet al. (1993), and Palmeet al. (1993). This
approach proved to be more successful than alteenahsemble techniques tested at the ECMWF. Howeve
the inconsistency between the vertical coordinafeéke quasi-geostrophic and primitive-equation siadeated
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difficulties in the vertical interpolation over ligopography. Although this problem did not affdet strongly
unstable SVs localized on the western side of teaws, continental features often had a smallewtroate in
the primitive-equation than in the quasi-geostrophodel (Mureawt al. 1993). Efforts were, therefore, directed
towards the computation of SVs in a simplified ptive-equation environment, using an iterative Lzog
algorithm for the solution of the eigenvector peshl(Buizza, 1993).

SV structures are dependent on the choice of ipratuct. In relating these structures to analysisrave give
arguments to suggest that a suitable inner prothrctbe defined in terms of perturbation energyebeining
analysis-error statistics from conventional datsiradation techniques is difficult, and relativellttle

quantitative knowledge about flow-dependent 3-disiemal structure of analysis-error statistics isikmble.
Recently, however, the development of adjoint meadiows investigation of the component of analgsior
which on any given day has the greatest impacthontsange-forecast error. This technique proviftescast
“sensitivity” fields which can be directly comparedth the SVs at initial time.

2.2 Practical realization of ensemble forecasting

Historically in 1992 in NCEP and ECMWF introducdtk tfirst ensemble approach in the operational NWP
Systems. Concerns the perturbation of initial cbods one may take into account the following ploiisies:

- Monte Carlo perturbations of controls,

- dynamical perturbations connected with the ,grownéngrs of the day” or dynamic perturbations.

But even the best realistic Monte Carlo perturbetjacompatible with the average estimated anagrs@'s, do
not contain the finite size ,growing errors of thay”, which are present in the analysis, and whiehthe fastest
growing errors of the day.

Therefore there have been elaborated two practietthods of dynamic perturbations:
- ,breeding” of ,bred vectors” (BV) or ,growing modéBGM), NCEP,
- singular vectors (SV), ECMWF.

At NCEP was introduced a method of finding in phagace vectors indicating the magnitude and doeabf
fastest growing modes or perturbations. It is agkdeby introducing to the first basic analysis éaoftcalled
control analysis) perturbations and running the eh@shd then subtracting from the results of theysked run
the control run results. The obtained differencedsmalized and again used in the next run. Aftautations of
few days period one gets the perturbed forecast Bited Vector) consisting of a superposition of thetest
growing modes of the atmosphere during the analygi$e. Those vectors are closely related to Lyapism
vectors. They may be considered as a rough (fibisénonlinear approximations to leading Lyapunoxéstors
during the assimilation cycle.

In contrast, in ECMWF the method based on Singutmtors is used. They compute the fastest growindesn
but in linear way using tangent linear model pr@iag and its adjoint. Those modes are also vergecto
Lyapunov’s vectors but rather belonging to the dineounterpart of the model propagator. Unfortugetteis

method is very expensive as concerns necessaryutermesources. In contrast to BV the SV strongipehds
on the selected norm.

On NCEP servers one can now find every day conphls positive and negative perturbations from @lob
Ensemble Forecast (GSF) for consecutive assimilagiod forecasting hours. They are intensively usgd
meteorological community for performing their sgiectasks. They are known as global controls arabal
bred (perturbation) vectors.

Another way of performing ensemble forecasting @sdal on introducing ensemble of randomly perturbed
observations. Such a method is being used by Camadéeteorological Center and it can be considesedeay
specific example of ensemble based data assinmilajistem or an Ensemble Kalman Filter.

Very important and interesting is an approach cotatewith-ntroducing errors in the model equations (due for
example to sub-grid processes, truncation and o#pgroximations in numerical methods and physical
description of atmospheric processes). One camnbetihe physical parameters of the model used and Bn
ensemble of models or simply take into considenati@ny models (Multi-Model Systems).
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Still another way of constructing Ensemble KalmalteFis to take into account simultaneously anasyfrom
many meteorological centres and to take them aas#s lio create an ensemble of forecasts (Multiamsaly
Systems). Such an approach is frequently calledRsor Man’'s Ensemble Forecasting System.

The presented ideas can be certainly introducextalthe Regional Mesoscale Models (RMM). Usudtigse
models are in some way embedded into Global Fotiegasystems (GFS) by importing from them the
necessary lateral boundary conditions. In majaftgases also the Bred Vectors or Singular Vecoestaken
from GFS to form the perturbed Initial Conditions.

Summarizing the following approaches can be implast practically:
- singular vectors, ECMWF,

- bred vector, NCEP.

- perturbation of measurement data (used in ana)yS&)ada,

- multi analysis (different analyses, one model),

- multi model (different models or parameterizations)

- any combination of above.

3. Ensemble graphics

To help with the interpretation of the distributiohforecasts, ensemble output is frequently diggdan various
graphical forms, particularly “postage stamp™ mafspaghetti” diagrams and “plume” diagrams. Pgsta
stamp maps consist of forecast maps for all oetimemble members, presented on one page, coveimieal
domain of interest, and at a particular level. Theyst often depict the selected contour or surfedds, for a
particular forecast projection. These present enasramounts of information, and may be hard to iead
interpret, especially if the ensemble has many nemt¥o help with the interpretation of spatialdgefrom the
ensemble, the forecasts may be processed to halp gsimilar™ patterns or, alternatively, identipatterns that
are markedly different from the others. Two sucbcpssing methods in operational use are clustexirdy
tubing. Clustering involves calculating the diffeces among all pairs of ensemble members, groupoether
those for which differences are small, and ideiridyas separate clusters those members with ldifjerences.
Tubing involves identifying a central cluster whichintains the higher density part of the ensemisigilolution,
then identifying “outliers” - extreme departuresrfr the centroid of the main cluster. The line jogithe
centroid of the main cluster and each outlier tefines the axis of a tube, which extends in theation of the
outlier from the main cluster. The tubes may bermteted as an indication of the directions in Wwhibe
forecast may differ from the ensemble mode. Whatéke similarities and differences between these tw
methods of categorizing or grouping the memberthefensemble distribution, the aim is the samerganize
the massive information content of the ensemblgettbome more easily interpretable by forecasters.

Spaghetti plots represent a sampling of the fudkeanble output in a different way (Fig. 1.1). Inpaghetti plot,

a single contour is plotted for all the ensembleniners. Thus the main ridge and trough featureketontour
can be seen along with the way in which they aredast by each ensemble member. Areas where there i
greater uncertainty immediately stand out as laaggeter in the position of the contour. One mustédagious in

the interpretation of the chart, however, becaasgel spatial scatter may not be significant whdrafipens in
areas of flat gradient. For this reason, a measiutige ensemble spread such as the standard aeviatusually
plotted on the map (Fig. 3.1). Then, areas of laggarent uncertainty in the contour forecast @nhecked to
verify that they also coincide with larger ensendpecad.

Plume diagrams are equivalent to spaghetti ploistead of plotting the spatial distribution of tbesemble
member forecasts at a particular forecast projectice distribution of the ensemble forecasts ttptl for a
particular location as a function of projection ¢inPlume diagrams are most often prepared for el=snseich as
concentration, for specific stations. For easentdrpretation, the probability density of the enbbndistribution
might be contoured on a plume chart.

Another format in which single-location ensemblepaot is presented are "box-and-whisker" plots wéat
model output element forecasts (Fig. 3.2). The bet®wwn at each 6 h indicate the range of values#st by
the ensemble between the 25th and 75th centilenfildle 50% of the distribution), while the mediahthe
ensemble is indicated by the horizontal line inblos. The ends of the lines extending out of battiseof the
box (the “whiskers") indicate the maximum and minm values forecast by the ensemble. These kingtots
are an effective graphical way of depicting theeasial characteristics of a distribution. Asymmedriand the
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spread of the distribution can be immediately seewd variations over the period of the forecast als®
immediately apparent.

500 hPa Ensemble Mean Heights, Ensemble Std. Dev.
Forecast from 0000 UTC 19 Nov 2001 Valid 1200 UTC 22 Nov 2001

0 5 10 15 20 25 30 35 40 45 50 80 70 BO 90 100 125 150 175 200
NCEP Data / The COMET Program

Figure 3.1. Ensemble mean heights and standardtaeviNCEP).

Other types of pictures are also often relateddtistical analysis. Among them are:
- histograms for specific location,

- variable thresholds for probability of exceedance,

- plume diagrams (time analysis) for specific locatio

- ensemble soundings (profiles), which correspondsddical spaghetti” plots.

Box and Whisker Diagram for
Ensemble Forecast from 0000 UTC 19 Nov 2001

+EE|_—FI

=%
[

=i
L=}

&n

&

dnd][:

00 UTC 12 UTC 00 UTC 1ZUTC DOUTC 1ZUTC DOUTC 12UTC
1119 1119 11/20 11720 11121 1121 11122 11122

Forecast Verification Time

2 m Temperature [(*C)
én o

-
=]

NCEP Data ! The COMET Program

Figure 3.2. Box and whisker diagram (NCEP).
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4. Ensembleindicators

Several statistical measures are used to des¢rbdistribution of a theoretical data distributiorterms of the
location of its "middle" or central tendency, itariability or spread, and its general shape. Wietbe middle
of the data? A number of statistical measures géva notion of where the middle of a data samplbussince
they use different concepts of middleness, theygiea very different answers when the data doedinatbell-
shaped normal distribution. The following sectiaiescribe three different concepts of middleness.

4.1 Arithmetic mean or average

The arithmetic mean or average of a data sample is simply the sum of the valueisied by the total number of
values, or

;(=Zn:xi/n
i=1

wherex is the variable of interest, the over bar indisatanean quantity, amdis the number of values.

4.2 Median

If we rank a data set from lowest to highest, we lcegate the position where one-half of the dativeer and
one-half is higher. The value at this positionhs median of the data sample. Note that taking the median
reduces the influence of extremely high and/or l@lues, or outliers, in the data sample, which wake the
mean less representative of the true middle. Alsbere is an even number of data, the mediarimed as the
average of thé&l/2-th and thg(N/2 + 1)-th ranked data values.

4.3 Mode

The statistic of central tendency given by the nfiesjuently observed value or interval is thede of the data
sample. In the case of the mode,values other than those in the most frequentleolesl category affect the
statistic.

The following table lists advantages and disadvgegaf the measures of central tendency (sourc&RYC

Table 4.1. Advantages and disadvantages of theunesof central tendency.

Statistic Advantages Disadvantages
Takes entire data sample into account |Not representative of the central
For normal distributions, is the most stabiendency when the data sample is

Mean measure of central tendency when using|skewed (see the Shape section)
sample data to infer the central tendency©&n be strongly affected by extreme
the larger population values, particularly for small samples
Is not affected by extreme values

. : Must sort data
Median Good for skewed (non-symmetric)
o Does not use all data values

distributions
Is not affected by extreme values
Can be used for non-numerical data (e.¢/Does not use all the data

Mode precipitation type) Sensitive to how data intervals are
Can uncover multiple maxima (if they hajassigned
the same count)
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4.4 Measures of variability

Now that we've covered the central tendency eséimydlhe middleness, for our ensemble data, l&esadook at
measures of variability to get a better notiontef spread in the data. Good measures of variabiigyall the
data and increase as the population or the samppad in the data increases.

4.5 Standard Deviation (SD)

The first of these measures, the SD, assumeshtbatata have a normal distribution. The SD is theage root
of thevariance, which is the average squared difference betwaeh datum and the mean of the data sample.
The formula for the standard deviation is:

whereN is the size of the data sampkds the variable of interest, asds the sample standard deviation. In the
formula, N is reduced taN-1 because it can be shown that ushhgn the denominator underestimates the true
(population) varianceThe SD is used to measure distance from the mean.

4.6 Percentileranking of data

Another way to describe ensemble data is by rankirep that we can describe the relative positibrao
particular member within the full ensemble. A meastihat expresses this position in terms of a peace is
called a percentile. The percentile of a value gives theg@atiage of the total set of data that falls belber t
value. The median, by definition, is the 50th petite.

4.7 Commonly used per centile rankings

Quartilesare used to describe data broken into 4 equal padsonstitute the 25th percentile, the mediad, an
75th percentiles. Consequently, the 25th percentile median, and the 75th percentile are the brbakveen
the lowest and second quartiles, the second ardidhartiles, and the third and upper quartilespeetively, for

a group of data. Decildsreak the data into 10 equal parts of 10% eachhand breaks at the 10th percentile,
20th percentile, and so on through the 90th peiteent

If a percentile falls between two ranked items, teecentile break point is determined by intergotabetween
the ranked items.

4.8 M easur es of shape

Experienced forecasters certainly understand thetyrmatmospheric processes a@ normal (or normally
distributed, for that matter)! Rather, the chadt@haviour of the atmosphere and the physical lipiased on
guantities often result in asymmetrical PDFs. Psses and quantities that result in asymmetricidigtons
include individual rainfall events, cloudiness, amdative humidity, for example. How can we meastinis
asymmetry ?

4.9 Skewness

We may want to measure how far to one side datd'skewed" from the symmetrical normal distribution.
Skewed distributions are found when quantities meecancerned with have physical characteristics lted to
limits on their values, such as daily precipitat@amount (lower boundary at 0.00", physical limiatias to
maximum possible precipitation) and wind speeds€loboundary at zero, physical limitation on maxmu
values based on pressure gradient forcing, vigcdsittion).
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The formula for the skew ness parameter is:

i(& -x)°

= N03

Skewness measures the placement of the mean ediatitie total distribution. A normal distributievill have a
skewness of 0.0, as will other perfectly symmegiiai-s. A PDF with positive skewness—that is, "sketeethe
right"—will have its maximum frequency (its mode)the left of the median, and the arithmetic meathér to
the right in the long tail. One with negative skess—"skewed to the left"—will have its maximum fueqcy
to the right of the median and arithmetic mean, arldng tail to the left. Hypothetical examplesbaith are
shown in the graphic below (Fig. 4.1).

Examples of Positive and Negative Skewness

mada

edian
mean
Positively skewed

mean > median

—~—

mode
median

mean

MNegatively shewed
mean < median

_ \

T — \

@©The COMET Program

Figure 4.1. Examples of positive and negative skessn(NCEP).

410 Kurtosis

Kurtosis measures the size of the tails in a saRpIE compared to a theoretical normal distributi®asitive
kurtosis indicates a "peaked" distribution and miegakurtosis indicates a "flat" distribution (i.eails smaller
and larger than the normal distribution, respedive

Normal Distribution and Distributions lllustrating Kurtosis (&)

Probability of Value

©The COMET Program

Figure 4.2. Distribution with Kurtosis (NCEP).
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As the normal distribution has a kurtosis of 3t®& tormula forexcess kurtosis subtracts 3 from the parameter:

g(x —x)

4.11 Multimodal PDFs

EPS forecast probability distributions sometimesdofit the theoretical distributions we've dissed up to this
point. One common distribution is where there isrenthan one obvious peak. These are also known as
multimodal distributions. Even though there is oahetrue mode for the distribution, the presence of similar
but separate, peak values makes this and otheastismtof "middleness" less useful. For examplewho
representative of the middle are thean andmedian for the distribution below, especially since theatues fall
between two bins with only 2 ensemble memberspsuaded by bins with much higher probability?

A PDF with multiple probability maxima can indicateatthe ensemble forecast doesn't have enough members
to give an accurate reading on the probabilitiecast outcomes, or, more frequently, thererarkiple flow
regimes that have a significant chance to verify.

5. Using PDFsin the forecasting

5.1 Methods not based on NWP models

Long before we had NWP models, weather forecastexde use of probability distributions obtained from
observations. These methods include considering:

— Local climatology to assess likely future valudarecast variables.

— Current values for meteorological variables in mgkihe forecast (persistence).

— Past evolution of the atmosphere in similar situadi(forecast analogues).

Some of these methods still have their place taddhe forecast process, if for nothing else tharadsanity
check" against what NWP models are telling us.

5.2 Methods using a single NWP for ecast

Forecasters informally use probability distribusom the forecast process every day, based on paeit
experience in similar forecast situations. For eplema forecaster might assign the likelihood adcteng
advisory-criteria heat index levels based in partNWP forecasts for 850-hPa temperature and PBdtivel
humidity. By doing so, the forecaster essentiallgcps these model variables on a subjective prbtyabi
distribution for reaching the advisory criteria.

However, the data from which the statistics wereved include many different forecasts under nurmasro
different regimes. Perhaps the 850-hPa temperatuce is regime-dependent, for example, becauserundt
conditions the forecast temperature tends to béiglo due to excess sensible heat flux from theehsdrface,
while in dry conditions the forecast temperaturtoislow for analogous reasons. This kind of infation is not
available in the sample.

Additionally, we need information from a "frozen"oatel so we know the model error statistics arelstab
(Changes to a model may and often do change thaatkaistic errors in that model.) If the warm brasted
above is eliminated, reduced, or even replaced bggative temperature bias because of model changes
range and expected value for the 850-hPa temperaiilibe based on incorrect data.

5.3 Methods using ensemble for ecasts

Use of PDFs developed from relationships betweeagmfations and model variables, as shown in theiqars
examples, can be helpful in the forecast processveider, there are a number of disadvantages. Famgle,
relationships between model forecasts and the gubse verification are often flow regime dependevttjch
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means that application of these relationships iteast some cases will not be valid. We also dogatta
quantitative sense of how predictable the flowmegimight be.

A logical method to avoid these problems is to useemble forecasts to get PDF of possible forecast

outcomesEnsemblegorecasts have distinct advantages over singkerigénistic forecasts because they take into

account the following:

— Current initial condition uncertainty and atmospb@redictability

—  Current flow regime effect on NWP model predictépidnd bias

- Current model configuration (Previous versionshef NWP model may have different characteristicrarro
and biases.)

Additionally, when appropriately calibrated, enségsbcan adjust for imperfections in NWP models sewént
model performance in a systematic, objective way.

The number of forecasts we can have in an ensemabliss obviously constrained availablecomputing power
to create the different ensemble members, andcihmstraint makes it important to carefully constroar
ensemble prediction system (EPS).
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