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Abstract

This paper shows demonstrable improvement in the global seasonal climate
predictability of boreal summer (at zero lead) and fall (at one season lead) seasonal mean
precipitation and surface temperature from a two-tiered seasonal hindcast forced with
forecasted SST relative to two other contemporary operational coupled ocean-atmosphere
climate models. The results from an extensive set of seasonal hindcasts are analyzed to
come to this conclusion. This improvement is attributed to:

1) The global atmospheric model which is run at a relatively high resolution of
50km grid resolution compared to the two other coupled ocean-atmosphere
models

i1) The multi-model bias corrected SST used to force the atmospheric model

The results of the seasonal hindcast are analyzed for both deterministic and
probabilistic skill. The probabilistic skill analysis shows that significant forecast skill can
be harvested from these seasonal hindcasts relative to the deterministic skill analysis. The
paper concludes that the coupled ocean-atmosphere seasonal hindcasts have reached a
reasonable fidelity to exploit their SST anomaly forecasts to force such relatively higher
resolution two tier prediction experiments to glean further boreal summer and fall

seasonal prediction skill.
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1. Introduction

Seasonal climate prediction has been one of the primary drivers of climate science
for several decades (Barnett et al. 1993; Bengtsson et al. 1993; Shukla 1998; Shukla et al.
2000; Palmer et al. 2004; Saha et al. 2006; Wang et al. 2009; Kirtman and Min 2009;
Stockdale et al. 2011), although the emphasis is rapidly shifting to other time scales (e.g.
intraseasonal, decadal, climate change). As a result of the rich heritage of seasonal
predictability studies, there is a growing body of application studies in hydrology (Bohn
et al. 2010; Clark and Hay 2004; Shukla et al. 2012), crop modeling (Cantelaube and
Terres 2005; Challinor et al. 2005), human health (Morse et al. 2005; Doblas-Reyes et al.
2005) and in many other sectors which make use of these seasonal climate predictions
and make them even more relevant to society.

There is a burgeoning realization in the last decade or less to move towards a
“seamless” forecast system (Hurrell et al. 2007; Palmer et al. 2008; Shapiro et al. 2010;
Shukla et al. 2010). A seamless system ideally entails using the same prediction tool
across all time scales. This implies that under such a paradigm a fully coupled earth
system model will be used for numerical weather prediction to climate change
projections. Along the same lines of seamless systems there is also a debate on raising
the resolution of the numerical weather and climate models significantly from their
current resolution. However, with limited resources the debate is raging on the one side to
move towards coupling many more climate components to develop an earth system
framework (seamless in resolving interaction across climate components) and on the
other side to raise the resolution to levels where parameterization of sub-grid scale

processes can be totally avoided (seamless in resolution). Arguments for both strategies
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are persuasive and readers are referred to (Palmer et al. 2009; Shukla et al. 2009) for
further discussion on this debate. A compromise solution that is now popularly used for
seasonal prediction by many operational centers around the world is to use the coupled
physical climate system framework that resolves the interactions of the land-atmosphere-
ocean-seaice while leaving out other components (e.g., biogeophysical and
biogeochemical interactions, atmospheric chemical interactions). This coupled physical
climate model used for seasonal prediction is often referred as a single tiered seasonal
forecast system.

In this paper we discuss the results of seasonal predictability from an Atmospheric
General Circulation Model (AGCM) forced with forecasted SST from another single
tiered forecast system. This set up common until recently was referred to as the two tiered
seasonal forecast system. We are motivated to pursue this two-tiered approach as some
recent studies have shown that with the improvement in the SST forecasts in the El Nifio
and Southern Oscillation (ENSO) over the equatorial Pacific region in the single tiered
systems, the predictability of the Indian summer monsoon rainfall has demonstrably
improved from its remote teleconnections with ENSO (DelSole and Shukla, 2012). In
other words the externally (boundary) forced (or two tier paradigm) climate anomalies
are still in play. So in this study we investigate the efficacy on the seasonal prediction
skill from modest increase in resolution of the AGCM (with twice as high to four times as
high as the single tiered systems from which the forecasted SST was borrowed) and with

a new technique to bias-correct the forecasted SST.

2. Experiment Design
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The two-tiered Florida Climate Institute-Florida State University Seasonal
Hindcasts at 50km (FISH50) were conducted with the idea that no future information that
corresponds to the forecast period will be used and furthermore to make a comparison
with a couple of available single tiered seasonal hindcasts. At the time of conceiving this
experiment two dynamical seasonal forecasts of SST that were readily available were
those from the NCEP CFSv2 (Saha et al. 2010) and CCSM3.0 (Kirtman and Min 2009).
Both these models are run at relatively coarser resolution of T126 spectral truncation
(~100km grid spacing) for CFSv2 and at T85 spectral truncation (~150km grid spacing)
for CCSM3.0 compared to T248 spectral truncation (~50km grid spacing) of FISH50.
However as Kirtman and Min (2009) point out the skills of the models (CFSv2 and
CCSM3.0) in forecasting the tropical SST’s are somewhat orthogonal, suggesting that
model average across the two models produce superior prediction skill for example over
Nifio3.4 region compared to either one of the models when examining the hindcasts over
several years. Both these models however have systematic errors in SST (Fig. 1). When
this multi-model averaged SST is used without any bias correction, it can detrimentally
affect the prediction from the high resolution FISH50. For example the cold bias in the
equatorial Pacific and the warm bias in the eastern subtropical oceans are persistent in
both models, which when averaged across the two models will continue to persist. In
order to ameliorate these errors we chose to do bias correction on the multi-model
averaged SST (from the two models). Traditionally the bias correction would involve
replacing the forecast climatology with the corresponding observed climatology
(Drijthout and Walsteijn 1998; Kirtman et al. 2002; Kirtman 2003). This procedure is

however not operable in a true forecast environment where the observed climatology is
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computed over the forecast period. This issue of choosing the period of observed
climatology becomes even more acute when you begin to see the significant impact of
low frequency variations including secular change on the mean. For example, Fig. 2
shows the comparison of the observed climatology of SST computed over the period
1955 to 1981 (prior 27 years) and 1982 to 2008 (current 27 years that coincide with the
period of the seasonal hindcasts of FISH50). Fig. 2 shows that the difference in the
climatology between these two periods for the two seasons of June-July-August (JJA)
and September-October-November (SON) is comparable to anomalies from El Nifio and
the Southern Oscillation (ENSO) in the equatorial Pacific Ocean. In order to circumvent
this issue we use a time varying climatology that incorporates the linear trend along with
the other low frequency variations in the following manner:

SSTr= SSTorr+ SSTAcycrLe + SSTAmME (1)

where SSTr is the forecast SST used to force FISH50 AGCM. SSTorr 1s the observed
low pass filtered SST and avoids any use of observations of SST during the seasonal
forecast period of the year. It is however updated at the start of each seasonal forecast.
SSTorr 1s computed from the Extended Reynolds SST version 3 (ERSSTv3; Smith et al
2008) at its native 2° grid resolution. SSTAcycig is the stationary, monthly observed
climatology of SST obtained from the ERSSTv3 computed between 1901-1981 at the
native 2° grid resolution. SSTAmme is the monthly and multi-model ensemble mean
SSTA made available at 1° grid resolution. The monthly mean SSTr which is then
computed on the SSTAwmmg at 1° grid resolution is then linearly interpolated to the T248
gaussian grid of the FGSM. The monthly mean SSTr is then interpolated to daily time

interval following Taylor et al. (2000).
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SSTorr 1s obtained using the spatial-temporal Multi-dimensional Ensemble
Empirical Model Decomposition (MEEMD; Wu et al. 2009). MEEMD is based on
Ensemble Empirical Mode Decomposition (EEMD; Wu and Huang 2009) which itself is
based on Empirical Mode Decomposition (EMD; Huang et al. 1998). In EEMD, the SST
time series at each spatial grid is adaptively decomposed into a small number of
amplitude-frequency modulated components, with that number usually smaller than the
base 2 logarithm of the length of the time series. An illustrative example of the EEMD
decomposition of a climate time series can be found in Wu et al. (2011). After the
ERSSTv3 time series at all grid points across the globe are decomposed, the multidecadal
component and the secular trend are combined to generate SSTorr at each grid. Although
the decomposition does not use any information of spatial coherence, the obtained
evolution of SSTorr are both temporally and spatially coherent and exhibit large spatial
scale features when the SSTor at all grids are pieced together using MEEMD.

Each season has six ensemble members in FISH50. The ensemble members in
FISH50 differ only in their atmospheric initial conditions. The six initial conditions of the
atmosphere are obtained from the six successive days starting from 0000UTC 28 May
through 0000UTC 03 June, interpolated to the FISHS50 grid from the NCEP-DOE
Reanalysis (R2; Kanamitsu et al. 2002a). The land initial conditions are kept identical in
all six-ensemble members and are interpolated linearly from the R2 reanalysis
corresponding to 0000UTC 01 June. The SSTAF is also kept identical for all ensemble

members.

3. Model Description
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The AGCM used in this study has its origins from the Experimental Climate
Prediction Center (ECPC) AGCM (Kanamitsu et al. 2002b; Shimpo et al. 2008).
However, a few subtle but important changes were made to the AGCM to adapt to this
study and henceforth referred as the Florida Climate Institute-Florida State University
Global Spectral Model (FGSM). Typically the ECPC GSM was run at spectral truncation
of T62 (~250km). We raised the resolution to spectral truncation T248 (~50km). This
forced us to change the convection scheme, which was previously using Relaxed
Arakawa Schubert (RAS; Moorthi and Suarez 1992) to Kain-Fritsch version 2 (KF2;
Kain and Fritsch 1993) as the model climatology of rainfall was greatly improved with
the latter scheme at T248 spectral truncation (Fig. 3). The rainfall climatology in Fig. 3
was generated from a preliminary single ensemble member 10 year seasonal hindcast for
a 6-month integration period of FGSM forced with SSTr and initialized on 0000UTC 01
June conditions from R2. It is apparent from Figs. 3a, c¢, and e that the KF2 scheme
greatly reduced the dry bias in the June-July-August (JJA) season over the equatorial
oceans displayed by the RAS scheme (Fig. 3¢). In the process the ITCZ and western
Pacific warm pool rainfall climatology appears relatively far more realistic in the KF2
run (Fig. 3e). However the dry bias over the Indian monsoon region and the wet bias over
equatorial Africa and South America and central America are accentuated further by KF2
(Fig. 3¢). Similarly in the September-October-November (SON) season, KF2 continues
to improve the rainfall climatology over the equatorial oceans (Fig. 3f) and greatly
ameliorates the split ITCZ phenomenon displayed by the RAS scheme over the Indian
Ocean (Fig. 3d). The ITCZ structure in the Pacific also appears far more realistic in the

KF2 seasonal hindcasts (Fig. 3f) compared to the RAS (Fig. 3d). However the wet (dry)
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bias over equatorial Africa, Central America, and the Amazon region is perpetuated by
the KF2 seasonal hindcasts from the earlier season (Fig. 3e). In summary, from
examination of these preliminary seasonal hindcasts we were convinced that KF2
convection scheme was a better choice for this resolution of the model.

In FISH50, we also changed the concentration of CO, following the Mauna Loa

observatory (http://www.esrl.noaa.gov/gmd/ccgg/trends/index.html#global) at the start of

each seasonal hindcast. The radiation scheme for longwave follows from Chou and
Suarez (1994) and that for shortwave from Chou and Lee (1996). The boundary layer
parameterization is the non-local scheme (Hong and Pan 1996). The land surface scheme

used is the 4-layer NOAH scheme (Chen and Dudhia 2001; Ek et al 2003).

4. Results

The results will largely focus on precipitation and surface temperature over land
as they reasonably reflect on the overall fidelity of the model and are two of the most
widely used wvariables for application studies. We will begin with examining the
climatology and deterministic skill of the seasonal hindcasts followed by the probabilistic
skill. It is now well recognized in the community that it is perilous and in fact
inappropriate to examine only the deterministic skill of a seasonal forecast model given
the imperfections of the initial conditions and the models (Mason and Graham 1998,
2002; Palmer et al. 2000). For precipitation we use the NCEP’s Climate Prediction
Center Merged Analysis of Precipitation (CMAP; Xie and Arkin 1997) available at
monthly intervals and at 2.5° spatial resolution for validation. For validation of surface

temperature we use the monthly mean Climate Research Unit version 3 (CRUV3;
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Mitchell and Jones 2002) surface temperature available at 0.5° spatial resolution.

a) SST forcing

The SSTr (equation 1) biases at zero lead for JJA and at one season lead for SON
are shown in Figs. 4a and b. The cold bias along the equatorial oceans and in the
subtropical Pacific and Atlantic oceans displayed by both CFSv2 (Figs. 1c and d) and
CCSM3.0 (Figs. le and f) are greatly reduced in SSTr. Similarly, the warm bias in the
eastern subtropical Pacific and Atlantic Oceans displayed by both the models is also
greatly reduced in SSTg. This improvement in SSTr is commendable given that the
methodology to compute SSTr ensures that observations of SST during the forecast
period are not used. In Fig. 5 we show the corresponding standard deviation of the
seasonal mean SST from observations, SSTr, CFSv2, and CCSM3. At the outset the
standard deviations seem comparable. There is however subtle but important differences
in the various SST forecast products compared to the observations:

* The higher standard deviation of SST along the middle latitude storm track

regions is rather strong in CCSM3 (Figs. 5d and h) while it is weak in CFSv2

(Figs. 5¢ and g) relative to the observations (Figs. 5a and e). SSTr in FISH50

(Figs. 5b and f) shows the SST variability in this region is somewhere in between

that displayed by the two models, which is still underestimating the observed SST

variability.

* Similarly in the southern hemisphere the SST variations in the polar ocean are
much stronger (comparable) in CFSv2 (CCSM3) relative to observations. SSTr in

FISHS50 has SST variations in this region which are still higher than the observed

10
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variations and CCSM3 but less than those in CFSv2.

* Over the equatorial Pacific, the SSTr in FISH50 displays higher SST variations
off the coast of Peru-Ecuador than either of the two models in both seasons.

e SSTr in FISHS0 also tends to reduce the SST variability between 150°W-120°W
relative to either of the other two models along the equatorial Pacific and is more

akin to observations.

b) FISH50 Climatology

The summer (at zero lead) and fall (one season lead) climatology of precipitation
from observations and root mean square errors (RMSE) from FISH50, CFSv2 and
CCSM3.0 are shown in Fig. 6. It is apparent from this figure that the RMSE in the
tropical regions is much higher in FISH50 compared to either of the two models. FISH50
seems to ubiquitously rain more in the global tropics. This is also illustrated in the zonal
mean climatology of rainfall shown in Fig. 7. FISH50 in both seasons rains the most in
the deep tropics. In fact FISHS50 rains more than the observations in nearly all latitude
bands but is comparable to CFSv2 in the higher latitudes (Fig. 7). This excessive wet bias
may be a result of the absence of the damping effect of an interactive SST in FISH50,
which is otherwise present in the coupled ocean-atmosphere models.

Similarly the climatology of the surface temperature from observations and the
corresponding RMSE from the three model seasonal hindcasts are shown in Fig. 8. The
RMSE errors of FISH50 are comparable to the other two models in the deep tropics. But
in the subtropical and middle latitudes FISH50 exhibits a higher RMSE error especially

over Eurasia, the central United States and over North Africa. In fact in the two seasons

11
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FISHS50 displays a weak warm bias in the deep tropical land areas, a relatively colder bias
in the subtropical land area and a comparatively large warm bias in the mid-latitude

regions (not shown).

¢) Deterministic Predictability

In this section we will examine the variability of the anomalies from the ensemble
mean of the seasonal hindcasts, which is a deterministic approach to skill assessment of a
forecast model. It is sometimes useful to examine this deterministic skill of the model as
it can quickly point to the existence of any region of high seasonal predictability from
external forcing like SST anomalies. Although it undermines the potential to harvest skill
from the ensemble spread of the model, which will be demonstrated in the subsequent
section.

Fig. 9 shows the correlation of the seasonal mean rainfall from the three models
with the corresponding observations for both seasons. It is sobering to note that
statistically significant skill (at 90% confidence interval according to t-test) is most
prominent in the equatorial Atlantic and Pacific Oceans while they are nearly absent in
the land areas. There is however some display of significant positive correlations over
some of the islands in the maritime continent in the western Pacific Ocean. Furthermore
by the subsequent SON season (at one season lead forecast) there is significant
diminishment of the spatial extent of these correlations in all three models. In comparing
the three models it is observed that they display comparable skill in this metric in the first
season of hindcast (JJA). In SON as well it could be argued that the skills are comparable

although FISH50 hindcasts seem to deteriorate slightly more than the other the models.

12
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The signal to noise ratio (see appendix I) of the rainfall (Fig. 10) shows that all models
exhibit significantly higher predictability over the tropical oceans compared to that over
land with the exception of the Amazon region. This signal to noise ratio in all three
models shows significant reduction in the second season (SON) of the forecast over these
regions. There are, however, several interesting points that one can observe from
comparing these figures:
* (CCSM3 exhibits higher predictability in the tropical Indian and Atlantic Ocean
than either of the two models in both seasons.
* (CCSM3 persists with this higher signal/noise ratio in the SON season from the
previous JJA season far more than either of the two models.
* Over Amazon, FISH50 exhibits the highest signal/noise ratio compared to the
other two models in both seasons.
Similarly the correlations of the seasonal mean surface temperature anomalies
over land with corresponding observations from the three models are shown in Fig. 11.
We note here that FISH50 exhibits higher skill than the other two models over South
America, Africa, Northern Australia and the southwestern United States in the first
season of the hindcast (JJA). CCSM3 surprisingly displays barely any skill in either of
the two seasons. Over Asia, CFSv2 shows a higher skill than FISH50 in JJA. However,
similarly to rainfall (Fig. 9), we observe that there is significant deterioration of the
positive correlations of the seasonal surface temperature anomalies in the subsequent
season of SON. The signal to noise ratio of the surface temperature from the three models
is shown in Fig. 12. As in the case of rainfall anomalies, we observe higher ratios for

surface temperature anomalies over the tropical oceans, Amazon and over equatorial
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Africa. But compared to rainfall anomalies (Fig. 10), the surface temperature anomalies
exhibit higher ratios over land. In comparing the three models in Fig. 12 we observe:

e All three models exhibit a reduction in the ratio from the first season (JJA) to the
second season (SON). This reduction is much higher over land than the oceanic
regions.

* In both seasons the signal/noise ratio of the surface temperature anomalies in the
tropics is much higher in FISH50 than in either of the two models.

* In the higher latitudes CCSM3 exhibits higher ratio than either of the two models.
Although in SON the ratio in FISH50 in the southern hemisphere mid-latitudes is

comparable to that in CCSM3.

d) Probabilistic Prediction Skill

We compute the Area under the Relative Operating characteristic Curve (AROC;
see appendix II) to examine the probabilistic skill of these seasonal hindcasts®. We
examined the AROC for the predictability of the lower, middle and upper terciles of the
summer and fall seasonal anomalies of precipitation (Figs.13-16) and surface temperature
(Figs. 17-20). The tercile thresholds for the models and observations were based on the
respective model hindcast and observed seasonal anomalies for the period 1982-2008.
The benefit of examining probabilistic skill is immediately apparent from Figs. 13-20 by
noticing that useful skill could be harvested from these models over the land areas, which
was otherwise noted to be bereft of any skill in terms of the ensemble mean seasonal

anomalies. In both the seasonal precipitation and surface temperature anomalies, FISH50

& We also compare the FISH50 AROC with the rest of the National Multi-Model
Ensemble (NMME) models in Appendix III

14
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displays generally a higher skill than either of the two coupled models. More specifically

we see from these figures that

The AROC for the seasonal precipitation and temperature anomalies reduces in
most parts from JJA to SON for all three models as was observed earlier with the
deterministic skill analysis.

All three models show superior skill to predict the lower and upper tercile events
than the middle tercile for both the variables.

In all three models, the AROC for precipitation and surface temperature
anomalies are largest over the tropical oceans and tropical land respectively.

The improvement of FISH50 over the other two models for both variables is most
pronounced in the first season of the hindcast (JJA) and most apparent for the
extreme terciles than the middle terciles.

The improvement of FISH50 over the other two models is more apparent in
precipitation than in surface temperature anomalies.

The improvement of FISH50 over the other two models for both variables is best

seen over the land areas especially in the JJA season.

5. Summary and conclusions

In this paper we introduce a relatively new AGCM, the FGSM, which was used to

conduct an extensive set of seasonal hindcasts for boreal summer and fall season. The

FGSM follows from the extensive development of the model conducted at previously

Experimental Climate Prediction Center at Scripps Institute of Oceanography (Kanamitsu

et al. 2002; Shimpo et al. 2008; Kanamitsu et al. 2010). The FGSM was integrated at a

15
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spectral truncation of T248 (~50km grid resolution). Another important modification
made to FGSM was that we used the Kain-Fritsch version 2 (KF2; Kain and Fritsch
1993) convection scheme. The previous versions of the AGCM typically used the
Relaxed Arakawa Schubert (RAS; Moorthi and Suarez 1992) convection scheme. In
addition we introduced time varying CO, concentration in the FGSM forecasts. In this
study we showed that for the same SST forcing, we get dramatic improvement in the
seasonal rainfall climatology of the FGSM using the KF2 scheme.

Unlike previous two-tiered seasonal hindcasts or flux corrected coupled
integrations we took extensive care to ensure that no future information (that is
coincident with the forecast period) is used in making the bias correction for SST. We
showed that low frequency variations and climate change has a significant influence on
the period chosen for computing the observed climatology. We adopted the technique of
MEEMD (Wu et al. 2009) to develop a low pass filtered SST from the period prior to the
hindcast period (SSTorr) to which the seasonally hindcasted coupled ocean-atmosphere

multi-model (CFSv2 and CCSM3.0) averaged monthly SST anomalies

(http://www.cpc.ncep.noaa.gov/products/NMME/) and the observed stationary seasonal
cycle were added to obtain a true two-tiered SST forecast field (SSTg). The SSTr was
used to force the Florida Climate Institute-Florida State University Seasonal Hindcasts at
50km resolution (FISH50). The SSTr bias was found to be systematically lower than
either of the two coupled model seasonal hindcast SST climatologies, with significant
improvements in the cold bias along the equatorial oceans and the warm bias over the

subtropical eastern Pacific and Atlantic Oceans.
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We made a systematic comparison of the global and tropical seasonal

predictability of surface temperature and precipitation between the three models and

made the following salient observations:

1.

The RMSE of the seasonal mean rainfall (and surface temperature) in both
seasons is higher over the tropics (global land) in FISH50 compared to either
CFSv2 or CCSM3.

The positive correlations of the ensemble mean seasonal precipitation anomalies
with corresponding observations are significantly large over the equatorial Pacific
and Atlantic Oceans in JJA, which get significantly diminished in SON in all
three models. These correlations are comparable in magnitude and spatial extent
in all three models.

FISH50 exhibits higher positive correlations of the ensemble mean seasonal
surface temperature anomalies with corresponding observations compared to
either of the two models over South America, Africa, northern Australia and
western United states in the first season of the hindcast (JJA).

All three models exhibit higher probabilistic skill for the lower and upper terciles
for both seasons than the middle tercile.

The probabilistic skill analysis of seasonal rainfall anomalies shows that the
benefit of FISH50 over the other two models is best realized in the first season
(JJA) and is realized the most compared to the other two models over the land
regions. FISH50 displays relatively improved seasonal prediction skill of
precipitation in FISH50 over certain land areas (e.g. United States, tropical South

America, maritime continent).
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6. The probabilistic skill in seasonal surface temperature anomalies reveal that
FISH50 improves significantly over the seasonal hindcasts from the other two
models over the tropical land areas in both seasons.

In conclusion we have shown in this study, a two-tiered forecast with the
proposed bias correction for SST and using an AGCM with a modest increase in
resolution and with reasonable climatology can yield useful seasonal forecast skill that
exceeds in some respects to that attained from dynamical coupled ocean-atmosphere
models from which the forecasted SST was borrowed. In other words we suggest that we
may be at a stage where single tiered dynamical SST forecasts are of reasonable fidelity
that they can be used with appropriate bias corrections to pursue with higher resolution
two tiered AGCMs to yield superior seasonal forecasts. We contend that efforts like
FISH50 could prove to harvest more seasonal predictability. This study also clearly
reveals that there is useful model predictability to harvest when we adopt a probabilistic
skill analysis as an alternative to deterministic skill analysis. There is however room for
further development of FISHS50 in areas of land surface initialization, higher spatial
resolution (both in the vertical especially in the stratosphere and in the horizontal), and
incorporation of direct/indirect effects of aerosols that could benefit in realizing more

useful seasonal predictability.
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Appendix I: Signal to noise ratio

The signal to noise ratio is an objective measure of an AGCM’s predictability
(Straus and Shukla 2000). It is basically a measure of the variance displayed by the
ensemble mean relative to the ensemble spread of the seasonal hindcast. So higher values
of this ratio correspond to higher predictability of the phenomenon by the AGCM. This
measure of predictability however does not reflect on the verification of the hindcast or
forecast. The ensemble mean for a given climate variable (say Y), for a given climate

model, and for a given year j is:

_ 1w
g=E§n

where 1 1s the index for number of ensemble members and K is the total number of

ensemble members (in our study it is 6).

The variance of the ensemble spread for a given year j is given by:
1 K
vV \2
0} = EE(Yﬁ -Y)
i=1

The variance of the ensemble spread is a measure of the noise in the forecast

system, which is averaged over all years of the hindcast to obtain:
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"ok 22"

j=1i=1

Then, predictability (IT) or signal to noise ratio is defined as:

H _ ofignu[
o

signal + noise

Appendix II: Area under the relative operating characteristic curve
The area under the relative operating characteristic curve (AROC) is obtained by plotting
the relative operating characteristic curve (ROC) for every grid point of the three models.

A contingency table along the lines shown in Table A below is prepared first:

Table A: Contingency Table

Does the ensemble probability for the event exceed the

threshold?
Is the event observed?

Yes No

Yes Hit (H) Miss (M)

20



430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

No False Alarm (FA) Correct Rejection (CR)

The ROC is then plotted as the Hit Rate (HR) against the False Alarm Rate (FAR) for

every grid point. HR and FAR are defined as follows:

H
HR =———
(H+ M)
and
FA
FAR = —
(FA+CR)

To define an event in Table A we first rank the (seasonal mean surface temperature and
precipitation) observations and hindcasts independent of each other to develop separate
thresholds to define the lower, middle, and upper terciles for each of the variables. Then
for each tercile we construct the contingency table with several points plotted on the ROC
by defining the event for discrete number of ensemble members. For example, to develop
the ROC for lower tercile of JJA seasonal precipitation anomaly, we fill the contingency
table by seeking an answer for a given grid point to the question: Do 20% of the
ensemble members of the seasonal hindcast show a lower tercile event? Likewise we
will fill the contingency table for the same grid point by seeking the answer to the
question: Do 40% of the ensemble members of the seasonal hindcast show a lower tercile
event? This is done similarly for 60% of ensemble members and so on. By following this
series of questions, we are able to construct ROC for each grid point. Then using the
trapezoidal rule we compute AROC. By definition, any value lower than or equal to 0.5

for AROC would suggest that the seasonal hindcast is no better than climatology.
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Therefore for skillful probabilistic forecast, the seasonal hindcasts should have a value

greater than 0.5 for AROC.

Appendix III: Comparison of FISH50 with the other National Multi-Model

Ensemble (NMME) models

A multi-institutional NMME (http://www.cpc.ncep.noaa.gov/products/ctb/nmme/)
project to conduct seasonal retrospective forecasts and also maintained in real time is
hosted on the International Research Institute for Climate and Society, Columbia
University. Here we compare the AROC across these models for the two seasons JJA and

SON at zero and one season lead for precipitation and surface temperature with FISH50.
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Figure AIIIL.1: Area under the ROC averaged over global oceans for (a) JJA, (b) SON,
over tropical oceans for (c) JJA, and (d) SON for low, middle, and upper terciles of

NMME and FISHS50 precipitation.
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Figure AIIL.2: Area under the ROC averaged over global land for (a) JJA, (b) SON, over
tropical land for (c) JJA, and (d) SON for low, middle, and upper terciles of NMME and
FISHS50 precipitation.
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Figure 1. The observed climatological SST for boreal (a) summer (JJA) season and (b)
fall (SON) season. The bias of hindcasted SST at zero lead for boreal summer season
from (c¢) CFSv2, (e) CCSM3. Similarly, the bias of hindcasted SST at one season lead for
boreal fall season from (d) CFSv2 and (f) CCSM3.0. The units are in °C.
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Figure 2. The observed climatology SST computed over a period of 1955-1981 for (a) JJA

season and (b) SON season, and their corresponding differences with climatology computed over
the period 1982-2008 for (c) JJA and (d) SON. The units are in °C.
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Figure 3. The observed climatology of precipitation computed over a period of 1982-1993 for
(a) JJA and (b) SON seasons. The corresponding climatology of precipitation from a single
member seasonal hindcast for the period of 1982-1993 using the RAS convection scheme for (c)
JJA (at zero lead) and (d) SON (one season lean) season. Likewise the climatology of
precipitation from a single member seasonal hindcast for the period of 1982-1993 using the KF2
convection scheme for (e) JJA (at zero lead) and (f) SON (one season lead). The units are in
mm/day.
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Figure 4. The climatological SST bias computed for (a) JJA season (at zero lead) and (b)
SON season (at one season lead) from FISH50. The observed SST climatology was
computed over the period 1982-2008 as shown in Figs. 1a and 1b. The units are in °C.
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Figure 5. The standard deviation of JJA seasonal mean SST from (a) observations, and
seasonal hindcasts at zero lead from (b) FISH50, (¢) CFSv2, and (d) CCSM3. Similarly
the standard deviation of SON seasonal mean SST from (e) observations, and seasonal

hindcasts at one season lead from (f) FISH50, (g) CFSv2, and (h) CCSM3. The units are
in °C.
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Figure 6. The observed climatology of precipitation (1982-2008) in (a) JJA, and (b)
SON. The root mean square error of the ensemble mean precipitation for JJA (zero lead)
for seasonal hindcasts from (c) FISH50, (e) CFSv2, and (g) CCSM3. Likewise, the root
mean square error of the ensemble mean precipitation for SON (one season lead) for
seas?nal hindcasts from (d) FISH50, (f) CFSv2, and (h) CCSM3. The units are in mm
day".
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Figure 7. The zonal mean climtological (a) summer (JJA) and (b) fall (SON)
precipitation from observations and the three seasonal hindcasts.
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Figure 8. The observed climatology of surface temperature (1982-2008) in (a) JJA, and
(b) SON. The root mean square error of the ensemble mean precipitation for JJA (zero
lead) for seasonal hindcasts from (¢) FISH50, (e) CFSv2, and (g) CCSM3. Likewise, the
root mean square error of the ensemble mean precipitation for SON (one season lead) for
seasonal hindcasts from (d) FISH50, (f) CFSv2, and (h) CCSM3. The units are in “C.
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Figure 9. The correlation of the ensemble mean precipitation for JJA (zero lead) from (a)
FISH50, (c) CFSv2, and (e) CCSM3. Similarly, the correlation of the ensemble mean
precipitation for SON (one season lead) from (b) FISH50, (d) CFSv2, and (f) CCSM3.
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Figure 10. The signal to noise ratio of precipitation for JJA season (zero lead) for (a)
FISH50, (c) CFSv2, and (e) CCSM3. The signal to noise ratio of precipitation for SON
(one season lead) from (b) FISH50, (d) CFSv2, and (f) CCSM3.
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Figure 11. The correlation of the ensemble mean T2m for JJA (zero lead) from (a)
FISH50, (c) CFSv2, and (e) CCSM3. Similarly, the correlation of the ensemble mean
precipitation for SON (one season lead) from (b) FISH50, (d) CFSv2, and (f) CCSM3.
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Figure 12. The signal to noise ratio of T2m for JJA season (zero lead) for (a) FISH50, (c)

CFSv2, and (e) CCSM3. The signal to noise ratio of precipitation for SON (one season
lead) from (b) FISH50, (d) CFSv2, and (f) CCSM3.

41



627

BON {5

e
3054042

0S4 4

£Q
s0s |G

B0S o w

0 T ST TR T 0 BOE  120E 130  120W  BOW
Figure 13. The area under the relative operation characteristic curve (ROC) for (a) lower,
(b) middle, and (c) upper tercile for JJA (zero season lead) from FISH50 precipitation,
Similarly, the area under the ROC for (d) lower, (¢) middle, and (f) upper tercile for SON
(one season lead) from FISH50 precipitation.

628

629

42



629

180 1200 GOW

0 60E  120E 130  120W  6OW a 5 aﬁzl e 10 12w oow o
Figure 14. The area under the relative operation characteristic curve (ROC) for (a) lower,
(b) middle, and (c) upper tercile for JJA (zero season lead) from CFSv2 precipitation,

Similarly, the area under the ROC for (d) lower, (¢) middle, and (f) upper tercile for SON
(one season lead) from CFSv2 precipitation.
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Figure 15. The area under the relative operation characteristic curve (ROC) for (a) lower,
(b) middle, and (c) upper tercile for JJA (zero season lead) from CCSM3 precipitation,
Similarly, the area under the ROC for (d) lower, (¢) middle, and (f) upper tercile for SON
(one season lead) from CCSM3 precipitation.
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Figure 16. Area under the ROC averaged over (a) global oceans, (b) tropical oceans, (c)
global land, and (d) tropical land for low, middle, and upper terciles of CFSv2, CCSM3,
and FISH50 precipitation in JJA and SON.
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Figure 17. The area under the relative operation characteristic curve (ROC) for (a) lower,
(b) middle, and (c) upper tercile for JJA (zero season lead) from FISH50 T2m, Similarly,

the area under the ROC for (d) lower, () middle, and (f) upper tercile for SON (one
season lead) from FISH50 T2m.
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Figure 18. The area under the relative operation characteristic curve (ROC) for (a) low

er,

(b) middle, and (c) upper tercile for JJA (zero season lead) from CFSv2 T2m, Similarly,

the area under the ROC for (d) lower, (e) middle, and (f) upper tercile for SON (one
season lead) from CFSv2 T2m.
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Figure 19. The area under the relative operation characteristic curve (ROC) for (a) low

er,

(b) middle, and (c) upper tercile for JJA (zero season lead) from CCSM3 T2m, Similarly,

the area under the ROC for (d) lower, (e) middle, and (f) upper tercile for SON (one
season lead) from CCSM3 T2m.
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Figure 20. Area under the ROC averaged over (a) global land and (b) tropical land for
low, middle, and upper terciles of CFSv2, CCSM3, and FISH50 temperatures in JJA and

SON.
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