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systemsto initial uncertainties but also with the occasional, temporary confluences
of trgjectories associated with visits to ghost limit points and cycles, and homo-
clinic orbits, shared by ensemble members (Ghil and Childress, 1987; Ghil et d.,
2002).

If the ensemble includes many members (e.g., Allen and Ingram, 2002), then
characterizing the evolving ensemble spread can be as simple as ranking the fore-
casts for each time and binning the results to directly form histograms or crude
probability-distribution functions (pdfs). Even if the pdfs so estimated were crude,
they could provide useful measures for comparing forecasts to subsequent ob-
servations and would provide a useful basis for comparing different ensembles
(e.g., Toth et al., 2003). These pdfs, like al the pdfs discussed herein, are mea-
sures of the probabilities of obtaining various outcomes with the models applied
and thus are only estimates of the probabilities of various real-world outcomes.
Thus the pdfs might more accurately be considered to be prediction distribution
functions.

When the number of ensemble membersis smaller, however, developing even a
rough estimate of the forecast pdfs involves assumptions about the character of the
forecast uncertainties sampled by the ensemble. One approach is to sort and rank
the ensemble forecasts, use them as mileposts of the forecast pdf (say the median
forecast value at a given lead time marks the median in the pdf), and then smooth
algebraically tofill in interpolated values. Alternatively, one can attribute error bars
of some weight and shape to each ensemble member and then essentially sum the
error bars from all the ensemble members to arrive at the overall ensemble pdf,
but then important assumptions need to be made regarding the growth rate of the
error barsfor the individual ensemble members. Both of these approaches have the
advantage that they are simple, but have the disadvantage that they require critical
subjective choices or assumptions by the analyst.

In the present study, athird alternative is presented that, in its simplest form,
has no subjectively tunable parameters. The method requires no tunabl e parameters
because it characterizes the ensemble spread by a data-adaptive principal compo-
nents analysis and then resampl es the independent components obtained from that
analysis as often as necessary to provide a smooth pdf estimate. Using the orthog-
onality propertiesthat are designed into principal components analysis (PCA), the
resampling method provides an amost unlimited number of other realizations that
are distinct from each other while retaining the essential characteristics of the en-
semble members, including evolving ensemble means and standard deviations and
all thelag and intervariable correlations. Because the method is based on PCA, the
components of the resampled ensemble are based on itsfirst and second statistical
moments, so that the resulting smoothed pdfs tend toward Gaussian shapes. How-
ever, that tendency is relatively weak and, as will be shown with examples here,
the method readily handles ensembles that diverge into two or more clusters of
trajectories and handles non-Gaussian characteristics like heavy-tails, as a matter
of course.
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2. Method

Consider an ensemble of n forecasts of, say, temperature at a given mode! grid
cell, each m time steps long and each containing elements {x/,i = 1, m} where;
indicates which forecast sequence from the ensembleis being referenced. A given
forecast sequence can be compiled into a forecast (column) vector x/, where the
superscript j in absence of a subscript indicates that the j-th column vector is be-
ing referenced. The resulting n forecast vectors, in turn, can be compiled into
anm x n matrix X. A PCA, with all expectations calculated across the ensem-
ble members — in the n direction, will decompose the origina ensemble X into
m temporal empirical-orthogonal functions (EOFs; von Storch and Zwiers, 2002,
ch. 13), with the k-th temporal EOF vector, {¢*,i = 1, m}, accompanied by a
corresponding vector of EOF coefficients, {p*, j = 1, n}, wherein the i-th ele-
ment, p¥, of the k-th coefficients vector is the projection (strength) of the k-th
EOF pattern in the i-th ensemble member. Together the EOFs form an m x m
EOF matrix E and the coefficient sets form an n x m coefficients matrix P, such
that

X =EP’. D

In the unusual form of PCA decomposition used here — wherein expectations are
taken across ensemble membersrather than, say, time—the EOFs are the eigenvec-
tors of the correlation matrix X’ X'", where X’ is a zero-mean version of X and the
superscript T indicates a matrix transpose, so that X' X' e* = 1.k, where A isthe
variancein X captured by the k-th EOF (Ghil et al., 2002). Because X' X'" isasym-
metric matrix, itseigenvectorsforman orthogonal basisfor decomposing and recon-
structing the original time series (Blyth and Robertson, 2002). That is, when each e*
vector is scaled to unit length, asin standard EOF analysis (von Storch and Zwiers,
2002), ET E isanm x m identity matrix. The coefficients P arethe projectionsof X’
ontothe EOFs; that is, p* = X' e . Becausethe EOFsareeigenvectorsof X' X'" and
are orthogonal, p*” p™ = (X'TeM)T X'Te" = KT x X em = Am€Te™ = Xpbmi,
where §;,, equals 1if m = k and O if m # k. Thusthe coefficients for the different
EOFs are orthogonal (uncorrelated) with each other, with expectations calculated
across the n ensemble members.

The orthogonality of the coefficients means that one EOF's coefficient for a
particular ensemble member is uncorrelated (linearly independent) with any other
EOF's coefficient for that ensemble member. In standard PCA (or EOF analy-
sis) with expectations collected across time, the dimension spanned by each EOF
is grid location (von Storch and Zwiers, 2002) and the value of the k-th coef-
ficient series at time j is uncorrelated with, or tells nothing — on average over
time — about, the value of any other coefficient series at the same times. In the
PCA applied herein, expectations are instead collected across the ensemble (rather
than time) and the dimension spanned by the EOFs is time (rather than grid lo-
cation). Thus, by substituting “ensemble member” for “time” in the preceding
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statement, we see that, in the present analysis, the value of the k-th coefficient
series at ensemble member j is uncorrelated with, or tells nothing — on average
across the ensemble members — about, the value of any other coefficient series
for the same ensemble member. The resampling method developed here uses the
independence of the coefficients associated with the various ensemble members to
scramble the orthogonal components of the original ensemble without changing its
statistics.

Having completed this nonstandard PCA-based decomposition, the i-th time
step of the j-th original (properly standardized) ensemble member can be recovered
completely by

X = ef D; (1)
k=1

which is just an expansion of Equation (1) into the column vector (superscripts)
and vector elements (subscripts) notation used here. Another forecast vector that
is indistinguishable from the original ensemble elements, to second order, can be
obtained by picking the;j indicesin equation (1) at random, with replacement, from
theset {j = 1ton}, at each step k inthe summation. Because the coefficientsassoci-
ated with agiven (new or original) ensemble member are uncorrelated from EOF to
EOF, by the orthogonality relations described earlier, the second-order statistics of
the resulting sum do not depend on which ensemble member’s coefficient is chosen
at each step aslong as—in thelimit of many resamplings—all coefficients are even-
tually included. As before, this point may be made more intuitive by considering
itsanalogy in standard PCA (EOF) analysis wherein new maps that have the same
first and second order statisticsastheoriginal collection of maps can be constructed
as the sums of the products of each spatial EOF, in turn, with one of that EOF's
temporal coefficient values at arandomly selected observation time. In the present
reconstruction, new ensemble members are constructed as the sums of the products
of each temporal EOF with one of its coefficientsfor arandomly selected ensemble
member.)

The procedure is as follows:

1. Calculatetheensemble-meanvalues u; of x,:’ for eachtimei, with expectation
taken across the ensemble:
j=n
wi= x n ©)
j=1
and subtract these time-varying means from all of the forecast vectors to
obtain an ensembl e of centered (zero-mean at each lead time) forecast vectors.
Any mean or time variation shared by all the ensemble membersis removed
by this step. After the ensemble is resampled, this time-varying ensemble
mean can readily be added back.
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2. Cdculate the ensemble standard deviations o; of the centered forecasts at
each time i, with expectation taken across the ensemble,
. 1/2
/=" .
o= = x) = 2 3
n .
j=1

and dividethe centered forecast vectorsat each lead timeby the corresponding
standard deviation to obtain astandardized forecast ensemble (zero mean and
unit variance at each lead time) X’, with

J

x./jz% forj=1n; and i=1m. 4
This standardization ensures that any tempora evolution of the spread of
the ensemble is captured and can be reintroduced (multiplying by o;) after
resampling. Removing thetemporally varying standard deviation at thispoint
in the analysis ensures that inter-ensemble variations in the early part of the
forecasts (when the ensemble typically has not spread much) are treated in
the same detail as those later in the forecasts.

3. Compute the cross correlations of the standardized forecasts at all different
times i and k, with expectations taken across the ensemble,

1 ti

Cix = x/'x; fori=1m; and k=1 m. (5)

SN
S

j=1

Theresulting cross correlation matrix ism x m, and summarizesthe covaria-
tion (averaged across all ensemble members) of each forecast with itself and
each of the forecasts at each of the other time steps.

4. This cross correlation matrix is decomposed into EOFs and their coeffi-
cients by the PCA described previously. The resulting EOFs describe the
temporal evolution of the ensemble members in most economical form (von
Storch and Zwiers, 2002). For a given EOF, the coefficients measure the
weight (similarity) of each ensemble member in turn to the EOF's tempo-
ral pattern. For example, perhaps most ensemble members trend through-
out from warmer towards cooler, while a few might warm for a while
and then cool like the others. These two behaviors would tend to be
captured by two distinct EOFs, and those ensemble members in the for-
mer category would have larger coefficients for the former EOF whereas
the latter ensemble members would have larger coefficients for the latter
EOF.

5. Construct additional “forecast” realizations, x”, by recombining the PCA
components to generate new combinations of EOF and their coefficients as
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often as necessary, for each time step i,

xi/l = ezkpﬁandom(j) (6)
k=1

where the index j (in Equation (1)) is now selected at random at each step &
of the summation. Because the coefficients for the various EOFs are linearly
independent of each other, because of their origins as projections onto or-
thogonal eigenvectors, thefirst and second order statistics of these additional
realizations do not depend on which ensemble member’s coefficient for a
given EOF is mixed with which other ensemble member’s coefficient for the
next EOF.

With m EOFs, each of which can take on any of the n coefficient values,
the number of distinct realizations that can be constructed ideally would be
m"; e.g., in a10-member ensemble of 14-day forecasts, 14%° distinct resam-
ples could be generated. However, typically only afraction of the coefficient
series from a PCA contributes much variance to the reconstructions (which
iswhy PCA is so often used to reduce the dimensionality of complex col-
lections of data). In a typical temporal EOF analysis, perhaps 20% of the
EOFs capture, or contribute, much variance (e.g., Ghil annd Vautard, 1991),
so that in the resampling method developed here, only a similar fraction of
the components would contribute to significant differences between the new
realizations. Alternatively, if n < m, the number of non-zero PCA compo-
nents may be roughly equal to n, rather than m, and only these n components
would contributeto the new realizations. In either of these cases, the practical
number of new realizations that can be generated is reduced. If only 20% of
the EOFs contributed significant variance to the reconstructions in the case
of the 10-member ensemble of 14-day forecasts, the number of EOFs that
would contribute most of the variance in the new realizations might be only
3, and the number of distinguishable realizations would drop to about 3'° or
59,000, aconsiderable reduction albeit still be auseful expansion of the size
(10) of the original ensemble. In atypical application of PCA, the choice of
how many components to retain is important, because the goal generally is
to reduce the dimensionality of the data set, to strip away noisy components.
In the present use of the PCA decomposition method, the aim is to retain
noiseand signal in realistic new realizations. Thusall components need to be
retained. Assuming that many components may not contribute much to the
new realizations, one can chooseto eval uate the results of the PCA tolimit the
resampling to eliminate very small, or zero, contributors; however, because
these“extra’ componentsadd little or nothing to the new realizations, onecan
aseasily simply includeall the PCA componentsin the resampling procedure
with no significant change in the results. The latter option makes the method
strictly reproducible, and eliminatesasubjectivejudgment (what subset of the
components should be retained). Thus, in the present application, the latter
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option—retaining all thecomponents, whether they contribute much or not—is
employed.

6. Having reconstructed a“new” member of the standardized forecast ensem-
ble by resampling, in step 5, rescale the result by the time-varying ensemble
standard deviations and then add the time-varying ensemble means, essen-
tialy reversing Equation (4). By this rescaling, the time-varying ensemble
means and scatter are restored, and the large numbers of resulting forecast
realizations can be ranked and summarized in detail ed histogramsto estimate
pdfsin as much detail as desired.

The method ensures that features shared by the original ensemble members are
shared by the component-resampled ensemble members, that variations shared by
subsets of the ensemble members are reproduced realistically and in proportion
to their occurrence in the original ensemble, and — because no components of the
original ensemble, however small or erratic, areleft out of the reconstructions—even
that the noisy (unshared) variations are faithfully captured and reproduced in the
component-resampled ensemble.

One way to picture the method is to imagine that the original ensemble X has
been filtered into a large number of narrow and nonoverlapping frequency bands.
PCA can havethiseffect (e.g., Dettinger et al., 2001), although it is not constrained
to take that form. The result of such filtering isthat an ensemble member would be
recognized to have power A in thefirst frequency bin, have power B in the second
frequency bin, and so on. These powers would correspond (conceptually) to the
EOF coefficients in the PCA described above. Another ensemble member would
have adifferent set of powersin each frequency bin. Now, assuming that an ensem-
ble’'s power in thefirst frequency bin had little bearing on its power in the second,
and so on, one can imagine generating new ensembl e surrogates with the same sta-
tistical propertiesasthe original ensemble, by taking thefiltrate from one ensemble
member (at random) from the first frequency bin, adding to it the filtrate from an
ensemble member (at random) the second bin, and so on, until samplesfrom all the
frequency binshad been incorporated. The sum of the frequency componentswould
constitute a new time series with statistical and spectral properties that are derived
strictly from the ensembl€e’s overall power spectrum. For example, if the 10-day
periodicitiesin the ensemble members were most powerful and 8-day periodicities
notably lacking, theresampling would still yield memberswith powerful 10-day pe-
riodicitiesand weak 8-day periodicities, because the resampling only used observed
values from each frequency bin. The present method improves on this hypothetical
frequency-binned resampling (i) by guaranteeing — by the construction of the PCA
decomposition of the ensemble members — that the various elements resampled
(the loading patterns, which would correspond to sine waves of given frequency in
the hypothetical) are always independent of each other, and (ii) by alowing more
flexibility of loading-pattern shape than is offered by a simple frequency-domain
approach.
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3. Example Application: Medium-Range Temperature Forecasts

An example of the results of the PCA-based component resampling of a forecast
ensembleis provided by application to a 12-member ensemble of 14-day forecasts
of air temperatures at the 850-mbar pressure level over Northern California, from
the National Centersfor Environmental Prediction’s (NCEP) operational medium-
range forecast (MRF) model (Toth and Kalnay, 1993; Traction and Kalnay, 1993).
The MRF ensembles are generated by simulating the next 14 days of weather
(globally) from 12 different initial conditions that are intended to represent the
general levels of uncertainty about the current conditions at the beginning of the
forecasts. Special methods have been developed to ensure that the differences in
the initial conditions include perturbations that will diverge most quickly in the
model’s multidimensional state space (Toth and Kalnay, 1993). This choice of
initial-condition perturbations is intended to span the most virulent uncertainties
while using the smallest perturbations and smallest number of ensemble members.

The operational MRF forecasts of 850-mbar temperatures at 40°N 120°W, ini-
tiated on 11 November 1998 and spanning the 14 days from 12 November to 25
November, are shown as black dotsin Figure 1. Initialy, the MRF ensemble fore-
castsaretightly clustered within afew degrees of +-5°C, but they gradually diverge
until, by thefinal day of the forecast, they span atemperature range of about 12°C.
The forecasts warm for a day or two initialy, then cool until the midpoint in the
forecast cycle and then generally warm yet again. At various times (e.g., day 10),
the ensemble diverges into several, apparently distinct clusters of forecasts.

The resampling method described above was applied to this ensemble forecast
(an 14 x 12 forecast matrix) to obtain 10,000 component-resampled realizations,
which then were histogrammed and contoured to map the pdfs shown by contours
in Figure 1. Gaussian distributions reflecting the daily means and standard devia-
tions of the (original) ensemble are shown as bell curvesin the figure aswell. The
resampled pdfs capture much of the same gradual spread of the ensembleindicated
by the daily Gaussian fits, and closely enclose the clustered MRF ensemble mem-
bers throughout the forecast period. Initially the pdfs are very narrowly focused on
the small range of forecasts, and gradually the pdfs spread even more than do the
MRF members. Thisadditional spread reflects atendency for theinitial days of the
MRF ensemble to be more structured, more parallel, more completely captured by
leading EOFs from the PCA, than are the |ater forecasts, which include variations
that areincreasingly uncorrelated (noisy) with respect to the other ensemble mem-
bers. Notice a so that the component-resampling method yields pdf estimates that
readily follow the general (shared) trends in the MRF ensemble. The resampled
pdfs also are able to diverge into several clusters of trajectories, most notably in
the example on days 9 to 11 when three clusters of MRF forecasts (dots) develop
temporarily and then dissolve into each other again by day 12. Such temporary
divergencesin the forecast ensemble can correspond to true dynamical bifurcations
and divergences in the atmospheric dynamics (e.g., Ghil and Childress, 1987) and
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23 NOV 1998: JOINT PROBABILITIES
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Figure 2. SameasFig. 1, but showing the joint distributions of temperatures for two Californiagrid
cells, for forecasts initiated on 23 November 1998.

joint behavior and the component-resampled realizations would maintain thisjoint
behavior. Thusthe component-resampling approach can provide pdfsthat are more
informed than would be a smpler histogram or smoothing of the raw ensemble
members. The component-resampled realizations themselves also provide exam-
ples of the kinds of shared variations among forecast points or variables, for usein

other calculations.

The component-resampled method does not directly add information to the
ensembl e of forecasts, but it does simplify manipulation of the probabilitiesimplied
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30 November 1998, 850—mbar Temperatures, 40°N 120°W
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Figure 3. Range of temperatures that fall within the 75%-probability range of the daily ensemble-
mean temperature in the NCEP operational forecast ensemble (upper panel) and the daily probability
of being within 1°C of the ensemble mean (lower panel); probabilities were estimated from 10,000
resampled forecast realizations, based on the 30 November 1998 operational forecast ensemble of air
temperatures at 850 mbar pressure level above 40°N 120°W.

by aforecast ensemble. Thesmoothed pdfsobtained from the component-resampled
forecast realizations can be used as obj ective (nonparametric) estimates of relatively
fine gradations in the ensemble spread at each forecast lead time, gradations that
are much finer than could be directly estimated from the original small ensembles.
Two examples of uses of these additional gradations are illustrated in Figure 3.
The upper panel shows the daily ranges of temperatures in a resampled forecast
ensemble falling within a 75%-probability range of the daily ensemble means.
This measure could be used to estimate the risks of various temperature outcomes
associated with deviations around the ensembl e-mean forecasts or, given an archive
of past forecast ensembles, could be used to determine the historical reliability of
spread-skill forecast relations linking the ensemble spread at any given lead time
to the (historical) skill of the ensemble-mean forecast on the same day.

Thelower panel in Figure 3 essentially invertsthe probabilities suggested by the
upper panel to estimate the probability that a given (resampled) ensemble member
fallswithin 1°C of the ensemble mean each day. This provides as fine ameasure of
the ensemble spread as the analyst desires for use in avariety of forecast applica
tions. Aswith the upper panel, the probability estimatesin the lower panel can also
be used to hone assessments of the historical forecast skill of the ensemble means.
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4. Example Application: Climate-Change Projections

As an illustration of the value of the more detailed pdf descriptions that can be
obtained by component resampling, the procedure is applied here to an ensemble
of climate-change projections of 21st Century (2001-2099) climate over Northern
Cdlifornia. The ensemble considered here was compiled from six climate models,
each simulating responses to each of three specified greenhouse-gas-plus-sulfate-
aerosols emissions scenarios (Figure 4). The ensemble includes three projections
each by the US PCM, Canadian CCCM, German ECHAMA4, British HadCM3,
Japanese NIES, and Australian CSIRO coupled ocean-atmosphere global climate
models; the emissions scenarios are the A2, 1S92a, and B2 scenarios (Houghton
et a., 2001), which represent projections of relatively rapid, moderate, and inter-
mediate, rates of 21st Century emissions increases, respectively. By considering
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Figure 4. Ensemblesof historical and futuretemperature and precipitation projectionsfrom 6 coupled
ocean-atmosphere general-circul ation model s, each forced by historical and then—inthe 21st Century
—the A2, B2, and 1S92a SRES emissions scenarios (Houghton et al., 2001); background of dashed
curves shows annual deviations from the 1951-1980 simulated means whereas heavy curves show
7-yr moving averages. Projections are for a single model grid cell from each model centered over
northern California.
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this even balancing of models and scenarios, no model or scenario is emphasized
over theothers. Thiseven-handed treatment of the model sand scenarioswas val ued
here sufficiently so that other models that did not have all the scenarios available,
and scenarios that have not been run in all the models, were excluded from the
present analysis. Ideally, in the absence of known deficienciesin one or another of
the ensemble members, the pdfsto be interpreted should reflect, in an even handed
way, the combination of uncertainties associated with models and the uncertainties
associated with future emissions. However, not all models (or scenarios) areequally
skillful at reproducing or projecting climate variations. A simple extension of the
resampling procedure to allow an uneven treatment of the models, to weight the
most skillful models most and least skillful models least, is outlined at the end of
this section.

The 18 99-yr long projections of Northern Californian climate changes com-
piled here al share rapid warming tendencies after about 1970 and, by about 2020,
temperatures have all warmed beyond most of the background of historical tem-
perature variability. The general spread of temperature changes by 2100 is from
+2.5°Cto +9°C. Notably, the scatter among scenarios is not substantialy larger
or different than the scatter among models considered here; however, emission sce-
narios that diverge even more than the scenarios analyzed here (e.g., the A1 and
B1 scenarios of Houghton et al., 2001) might be different enough to spread the
projections considerably more (Hayhoe et al, 2004). Projections of precipitation in
the 21st Century areless unanimous, with some projections becoming much wetter
(the wettest projections are both from the Canadian model) and some drier. Plotted
in this way, the eye naturally focuses on the outliers in the ensemble and many
studies have been constructed to address the bounds of such projection ensembles,
rather than exploring the more common results.

Toimprovevisualization, interpretation, and —for someapplications—theuseful -
ness of thisensembl e, the 18 projections of temperature and precipitation (Figure 4)
were resampled according to the component-resampling procedure. In this appli-
cation of the procedure, mixing of the ensemble loading patterns was restricted to
only alow projections by a single model to be intermixed. This restriction avoids
the possibly inappropriate mixing of incompatible components from the projec-
tions by very different climate models. The restriction is easily accomplished by
beginning each resampling cycle with the choice of one of the 6 models at ran-
dom, followed by random sampling among only the 3 amplitude series for that
model, to obtain the new realization. With this restriction, even if only 10% of the
components (about 20) contribute significantly to any one realization, the number
of independent combinations is about 6 x 3%° or about 109, certainly a sufficient
number for applications.

Results of a 20,000 member resampling of the 18-member 99-year climate-
change projection ensemble — not the result of the 11 separate sub-applications
described in the next paragraph—are shown in Figure 5. The PCA appliedin step 4
of the procedure was extended (in the manner of Weare and Nasstrom, 1982) so that
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Figure 5. Distributions of origina and component-resampled projections of annual 21st Century
surface-air temperatures and precipitation changes for a grid cell over Northern California (40°N
120°W), from the ensemble of projections shown in Fig. 4. Red circles show the raw ensemble
projections; contours and shading show resampled joint temperature-precipitation probabilities, with
contour interval of 0.025.

temperature and precipitation changes were analyzed as a single projection matrix
composed of the 99-year time series projections of temperature change appended
to bottom of the 99-year projections of precipitation change, to form a 198 x 18
projection-ensemble matrix. This extended projection matrix is decomposed by
PCA and resampled, asdescribedin Section 2. The pdfs shown arethusjoint pdfs of
temperature and precipitation. Consequently, for example, if aparticular model has
atendency for excursions of temperature and preci pitation to occur simultaneously,
the component-resampl ed realizations emul ate those linkages.

PCA of the present 18-member ensemble of the paired 99-year projections of
temperature and precipitation change raises the concern that a relatively few ex-
amples (ensemble members) are being decomposed into a much larger number of



M. DETTINGER

CHANGES IN ANNUAL TEMPERATURE, NORTHERN CALIFORNIA

o©

o

a0
I

[=}

.

o
I

0.05—

Frequency of Occurrence

0.005

CHANGES IN ANNUAL PRECIPITATION, NORTHERN CALIFORNIA

0-20 TTTT E TTTT E TTTT E TTTT E TTTT E TTTT E TTTT E TTTT
[ - : o'\: : : » E 7
8 N : : :
8 : & : { = =2001-11 :
5 | P i : : =
£ 015 ; 'y"g\:‘ g i ===2023-33 :
3 L : ” WA : : T
8 Pt : { === 204555
2010k o ; T
5 0. 74 § meem2067-77
> H :
3 { =——2089-99 :
g 0.05 I
o
o
w

0.00

75 50 - 125
cm/ year

Figure 6. Time dlices of the distributions of resampled ensemble realizations from Figure 5; heavy
curves are eleven-year averages of distributions directly from Figure 5, thin lines are results of
distributions estimated from separately resampling the ensemble in 11 9-yr subsets of the original
99-yr ensembl e (described in text).

increasing interannual variability within any given model’s projections (a conclu-
sion obtained by resampling subsets of the ensemble containing only one model,
one emissions scenario, and so forth). Notice that, by the 11-year period centered
on 2028, realizations that are cooler than the 1951-1980 “normal” are aready
exceedingly rare.

The precipitation-change pdfs translate and spread much less than do the tem-
perature pdfs (Figure 6). Overall, the component-resampled realizations (asin the
raw projections) most commonly exhibit only modest 21st Century precipitation
changes over California. The modes of the smoothed (resampled) pdfs in Fig-
ure 6 trend toward drier conditions, which is much more difficult to perceive in
the scattered red dots of Figure 5 or in Figure 4. Thus, athough no new informa-
tionisintroduced by the component-resampling procedure, the smoothing it allows
can be very informative nonetheless. The general rate of expansion of the ensemble
spread around thismean preci pitation-change behavior issmall, except for adistinct
heavy tail spread towards substantially wetter conditions. That heavy tail spread
reflects the contributions to the ensemble from the Canadian model’s projections,
the two outlying much wetter projections in the origina 18-member ensemble.
That model, under each of the emissions scenarios, evolves towards a much wetter
Cdlifornia.
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The component-resampl ed reali zations of the projectionsprovideaready supply
of examples of coordinated temperature and precipitation changes for usein evalu-
ating the risk of various climate-change impacts. As a simple example, the 20,000
temperature-and-precipitation-change realizations generated for Figures 5 and 6
were introduced to the streamflow amount and timing response surfaces mapped
by Jeton et al. (1996) for the North Fork American River inthecentral SierraNevada.
Those response surfaces (Figures 16b and 17c in Jeton et al., 1996) describe the
mean simulated changes in annual streamflow amounts and in the median-flow
dates (days of year by which half the year’s flow is past), in response to 100-year
long synthetic climate series with arbitrarily specified mean-climate changes rang-
ing from cool er to warmer, and from drier to wetter. The mean streamflow changes,
as mapped by Jeton et al. (1996), that would be expected from the temperature and
precipitation changesin each of the 20,000 resampled ensembl e realizations (from
each of the time dlices in Figure 6) were accumulated, and the resulting pdfs of
changes in streamflow amount and timing are shown in Figure 7. The redlizations
from both resampling approaches used in Figure 6 (light and heavy curves) were
used to estimate streamflow amount and timing pdfs with no substantial difference
in the results.
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Figure 7. Distributions of annual streamflow amounts and median-flow dates (date by which half of a
year'sflow is past) in response to 20,000 resampled climate-change projections (illustrated in Fig. 6),
streamflow responses were estimated from response surfaces mapped in Jeton et al. (1996); curves
weighted asin Figure 6.
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The pdfsof annual streamflow changesin Figure 7 aresimilar to the pdfs of pre-
cipitation changein Figure 3, reflecting the strong control that precipitation change
exerts on total streamflow amount, as well as the nearly complete buffering of
streamflow amounts against responses to temperature changes, discussed at length
by Jeton et al. (1996). By the end of the 21st Century, streamflow amountsaresignif-
icantly biased towards a drier mean and mode, although the much wetter Canadian
climate model s ensures aheavy tail of significantly wetter streamflow-amount real -
izations. Streamflow timing mostly reflects the warmer temperatures projected by
al themodels, athough concurrent precipitation changesin the realizations couple
nonlinearly with the temperature effectsin the Jeton et al. (1996) response surfaces
to yield much broader and more multimodal timing distributions. By the 11-year
period centered on 2028, years with earlier than normal (1951-1980) median-flow
dates are dl but eliminated among the resampling-driven realizations. By the end
of the 21st Century, the most common median-flow date projections are nearly
a month earlier than the 1951-1980 norms; see Stewart et al. (2004) for a more
comprehensive and geographically far-reaching discussion of this phenomenon.

Now, consider the differences between the messages and information contents
of Figure 4 and Figure 6 (or 7). From the tangle of projections in Figure 4, we
conclude mostly that projected temperature changes are more unanimous than are
the projections of precipitation change, and that very wet futures are a significant
threat (or opportunity). The pdfs, in contrast, suggest that the envelope of (most
likely) temperature projections spreads more through time than does the envel ope of
precipitation changes. Theless-than-obvioustendency for the mode of precipitation
changes to drift towards drier conditions is also much clearer in the pdfs. In fact,
no new information has been added to the ensemble by the component-resampling
procedure, but our understanding of the potentialities that the ensemble represents
is arguably much clearer. In addition, the users of such an ensemble has much
more freedom to select their own levels of risk aversion when ensemble results
are gquantified by pdfs rather than by a tangle of intertwining projections. The
pdfs amount to (crude) estimates of likelihood of various future climates. Risk
is essentially a product of likelihood and cost of a given outcome, so that each
application needs the opportunity to identify its own levels and climates. A more
pdf-centric approach to projection ensembles makes this opportunity available.

Although the resampling procedure as applied in this section added no rea
information to the ensembles, the procedure can be used to add information in
simple and helpful ways. For example, the resampling procedure shown above
treated each model’s projections as equally likely and each emissions scenario as
equally likely. However, the procedure can be modified to reflect any assumed
weighting of the various models and scenarios. For example, if the accuracies of
each model could be quantitatively indexed by a measure of the likelihood that
its projections were most accurate (among all the models considered), then those
indices could be used to weight the number of timesthat its componentswould con-
tribute to the resampling procedure. Thiswould mean that the most accurate models
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would contribute most to the resampled distributions and the least accurate models
would contribute least. Similarly, if the likelihood of emissions scenarios could
likewise be ranked quantitatively, the resampling probabilities could be adjusted
to reflect those outcomes as well. Thus measures of the “skill” of various models
and scenarios can be objectively and simply included in the estimation of risks and
probabilities.

5. Summary

In many meteorological and climatological modeling applications, the availabil-
ity of ensembles of predictions containing very large numbers of members would
substantially ease statistical analyses and validations, and could be used to im-
prove prediction skill. This study describes and demonstrates an objective ap-
proach for generating large ensembles of “additional” ensemble members from
smaller ensembles, where the additional ensemble members shared important first-
and second-order statistical characteristics and some dynamic relations within the
original ensemble. By decomposing the original ensemble membersinto assuredly
independent time-series components (using PCA) that can then be resampled ran-
domly and recombined, the component-resampling procedure generates additional
time series that follow the large and small scale structures in the original ensem-
ble members, without requiring any tuning by the user. The method is demon-
strated by applications to operational medium-range weather forecast ensembles
from asingle NCEP weather model and to a multi-model, multi-emission-scenario
ensemble of 21st Century climate-change projections. Although little or no new
information is introduced by the component-resampling procedure, it provides
an objective method for developing reproducible estimates of detailed probabil-
ity distributions from small ensembles. The procedure also offers a natural way
to incorporate information about model or ensemble-member skills, if that addi-
tional information is available. Thus the procedure helps to bridge the gap be-
tween subjectively interpreted “ spaghetti” plots of small ensembles and the kinds
of visualizations and calculations that could be accomplished with much larger
ensembles.
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