415t NOAA Climate Diagnostics and Prediction Workshop
Special Issue

Climate Prediction
S&T Digest

TION,
o NVE2lALo

S
,,)0

2 N
RNt oF ¢©

March 2017

NWS Science & Technology Infusion Climate Bulletin Supplement

Inside this issue:

1. The 2015-16 El Nino
2. Climate Modeling, MME, Prediction & Predictabil-

1ty

NOAA’s National Weather 3. ENSO & Recent Climate Anomalies

Service 4. Prediction, Attribution & Analysis of High Impact
Office of Science and Technology Extremes Climate Events

T 5. Climate Services

;;\Zzli;ie;gljz;&; 6. Arctic Climate & Linkages to Lower Latitudes
Clindte Prediction Cantes 7. General Session: Climate Diagnostics, Prediction,
5830 University Research Court Analyses and Reanalyses

College Park, MD 20740 App endix

Workshop Photo Gallery



























Science and Technology Infusion Climate Bulletin

NOAA'’s National Weather Service

41" NOAA Annual Climate Diagnostics and Prediction Workshop
Orono, ME, 3-6 October 2016

OPENING ADDRESS

Contemporary Challenges in Short-Term Climate Forecasting

David G. DeWitt
Climate Prediction Center, NOAA/NWS/NCEP, College Park, MD

The Climate Prediction Center (CPC) continues to work to improve our suite of products and services in
support of the National Weather Service (NWS) mission of protection of life and property and enhancement
of the national economy. Demand from stakeholders for short-term climate prediction and monitoring
products is steadily increasing and CPC is proactively meeting these new requests. Here | highlight some of
the major initiatives that CPC is undertaking in order to meet stakeholder requests:

» Exploring the feasibility of producing prediction products in the week 3-4 timescale. Forecasts at this
timescale are characterized by a small signal, large noise and have low predictability due to the
decaying influence of atmospheric initial conditions and marginal influence from boundary conditions
such as sea surface temperature, soil moisture, sea ice, etc. Consequently, forecasts of opportunity
are likely to serve as the backbone for these outlooks. Currently, CPC is exploring the scientific
potential and feasibility for producing week 3-4 outlooks for temperature and precipitation, Arctic sea
ice forecasts, severe weather, tropical cyclone activity, and excessive heat.

» Development of user-friendly interactive tools for the temperature and precipitation outlooks. Two
types of tools are being developed. The first allows stakeholders to view the three tercile categories
for our probabilistic outlooks, while the second gives stakeholders the ability to tailor outlooks to
their own risk profile.

» Exploring improvements to week two through seasonal precipitation forecasts in order to provide
improved decision support services to the water resources community. Accurately forecasting
precipitation is an incredibly difficult problem even on short-range weather timescales let alone
longer timescales. CPC is exploring the potential for hybrid dynamical-statistical forecast techniques
to improve over existing precipitation forecast tools.

» Forecasts for El Nifio and its associated impacts during the 2015-216 period deviated in many ways
from canonical patterns, especially for precipitation over the western United States. Understanding
why this occurred and if it indicates lower predictability than previously assumed or missing or
misrepresented processes in the dynamical models is an area of active research as CPC seeks to
provide the most accurate and reliable prediction products to stakeholders.

Correspondence to: David DeWitt, 5830 University Research Court, Climate Prediction Center, NOAA/NWS/NCEP,
College Park, Maryland; E-mail: david.dewitt@noaa.gov
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Winter 2015/16 Atmospheric and Terrestrial Anomalies over North America:
El Nifio Response and Role of Noise

Mingyue Chen and Arun Kumar
!Climate Prediction Center, NOAA/NWS/NCEP, College Park, Maryland

ABSTRACT

In this study, attribution of the possible reasons for the observed 2015/16 winter precipitation anomalies
that were opposite to the mean El Nifio signal over the southwest North America were analyzed. The analysis
focuses on the role of SST forcing and the contributions of atmospheric internal variability based on the
ensemble forecasts of hindcasts and real-time forecasts from the NCEP Climate Forecasts System version 2
(CFSv2, Saha et al. 2014). We analyzed first the atmospheric response to forecast SSTs based on ensemble
mean, specifically, to examine how well the 2015/16 winter NA atmospheric anomalies were predicted as an
ensemble mean atmospheric response and if the pattern of 2015/16 winter anomalies in the forecast ensemble
mean has been changed from that of the EI Nifio composite. Then we assessed the contribution of atmospheric
noise based on individual forecast members, specifically, to examine how much the individual forecasts are
differed from the ensemble means and if the observed 2015/16 winter atmospheric anomalies were within the
envelope of variability in the ensemble forecast.

The results show that the pattern of 2015/16 winter North America atmospheric anomalies as an ensemble
mean atmospheric response to SSTs compared favorably with the El Nifio composite from the historical
period and were much the same as the previous El Nifio events of 1982/83 and 1997/98 with similar
amplitude of ENSO SSTs. The major features include the 200mb height with sub-tropical Pacific jet toward
the southwest NA, and the precipitation with positive anomalies over the southwest NA and negative across
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Fig. 1 The z200mb height (a, b, c) and precipitation (d, e, f) anomalies for the CFSv2 forecast ensemble mean
of DJF2015/16 (a, d), the El Nifio composite based on CFSv2 ensemble forecasts of DJF in1982-2014 (b,
e), and the observations in DJF2015/16 (c, f). The unit is in m and mm/day for the 200mb height and
precipitation, respectively. The observed precipitation is from (Janowiak and Xie 1999), and 200mb height
from the CFSR (Saha et al. 2010).

Correspondence to: Mingyue Chen, Climate Prediction Center, NOAA/NWS/NCEP, 5830 University Research Court,
College Park, MD; E-mail: mingyue.chen@noaa.gov
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Fig. 2 Average of four best forecast members (the left panels), and four worst forecast members (the

middle), and their differences (the right panels) for DJF2015/16 forecasts from CFSv2. The top row is

for 200mb height (m) over the PNA; the 2™ row precipitation (mm/day) over North America, the 3"
row SST (K), and the 4™ row precipitation (mm/day) over global region from 30°S to 60°N.

the northern NA (Fig. 1). Therefore, the tele-connection pattern and precipitation response pattern in winter
2015/16 had not changed from the mean EI Nifio signal. The observed negative precipitation anomalies over
the southwest NA in DJF2015/16 were not the result of SST forced signal.

However, there are considerable variations in the outcome of 2015/16 winter precipitation over the North
America from one forecast to another even though the SSTs are the same. Among the 40 forecasts in the
analysis, the average of four members with highest correlation skill with the observation is very different from
that of four members with lowest correlation skill with the observation, with their signs of forecasts anomalies
opposite of each other (Fig. 2). The observed 2015/16 winter precipitation anomalies were well within the
envelope of possible outcomes.

In conclusion, the reason why the observed 2015/16 winter precipitation anomalies over the southwest
North America differed greatly from the El Nifio composite was mainly due to the large contribution of the
atmospheric internal variability (noise) which overwrote the atmospheric response (signal) to the ENSO SSTs.
This unpredictable inherently nature of atmospheric variability leads to low predictability and prediction skill
for the North America seasonal precipitation.

References

Janowiak, J. E., P. Xie, 1999: CAMS-OPI: A global satellite-rain gauge merged product for real-time
precipitation monitoring applications. J. Climate, 12, 3335-3342.
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Do Statistical Pattern Corrections Improve Seasonal
Climate Predictions in NMME Models?

Anthony G. Barnston® and Michael K. Tippett?

International Research Institute for Climate and Society (IRI), Columbia University, Palisades, New York
2Columbia University, New York, New York, and King Abdulaziz University, Jeddah, Saudi Arabia

1. Introduction

The North American Multimodel Ensemble (NMME) contains global predictions of SST, surface air
temperature, precipitation and other variables from 8 or more state-of-the-art coupled general circulation
models (Kirtman 2014). In phase one of the NMME project, hindcasts of monthly average climate extending
to up to 12 months into the future were created, spanning the 1982-2010 period. Here we seek to determine
whether a commonly used multivariate statistical methods—namely, CCA—can improve the temporal
anomaly correlation skill of the individual models, with the goal of improving the predictions of the multi-
model ensemble. The anomaly correlation is used as the main metric because it measures the ability to
reproduce the interannual variability of the climate, regardless of the presence of systematic errors that can be
treated locally using simpler statistical methods.

2. Data and methods

The model hindcast data
used here are available at the .=
site o
http://iridl.Ideo.columbia.edu/S =
OURCES/.Models/. NMME. -
The 8 models used include (1)

S North Amer 5~

Ve

the COLA-RSMAS-CCSM4 | — CHofidsiayo,
model, (2) the NASA-GMAO- & —

Aust__rg lia

062012 model, (3) the GFDL-

CM2pl-aer04 model, (4) the .- § ‘

GFDL-CM2p5-FLOR-A06, '

model, (5) the GFDL-CM2p5- Fig. 1 The 15 slightly overlapping CCA target (predictands) areas, each of
FLOR-BO1 model, (6) the which uses a larger predictor area.

CMC1-CanCM3 model from

Canada, (7) the CMC2-CanCM4 model from Canada, and (8) the NCEP-CFSv2 model. The model global
hindcast data are on a 1-degree grid. The 8 models used provide varying numbers of ensemble members,
ranging from 10 to 24. Here, the ensemble mean is used to represent the forecast signal, while the ensemble
member spread, representing the forecast uncertainty, is not considered.

The verifying observations, also in a 1-degree grid and available on the above-mentioned web page, are
CMAP-URD and GHCN-CAMS for precipitation and temperature, respectively, both created at the NOAA
Climate Prediction Center. Most of our attention here is devoted to precipitation prediction.

In the CCA method used here, pre-orthogonalization (EOF analysis) is done separately on the model
hindcasts (the X variable) and on the corresponding observations (the Y variable), and a truncated set of the
principal component time series from these EOFs are used as input to the CCA. A cross-validation scheme is
used, in which 3 consecutive years are withheld from both the pre-EOF and the CCA training sample, and the
middle year of the three is predicted. The EOF analysis use the covariance matrix rather than the correlation
matrix.

Correspondence to: Anthony G. Barnston, International Research Institute for Climate and Society (IRI), Columbia
University, Palisades, New York; E-mail: tonyb@iri.columbia.edu.
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The CCA is applied to 15 different
regions of the globe (Fig. 1), with the
idea that each region would be better
treated with respect to the large-scale I SR A A
climate patterns pertinent to it but not 1 2 3 4 5 6 71 & ’ T
necessarily other regions of the globe. NAmer..th-'IfrumlEaﬂvOct:Flawh-'lodelclurrel NAmerJFMfrulm EaﬂvOct:ChgmthC(IZA
The regions are defined so as to capture 2o f.-.:... . D S
known leading modes of variability, 1}
such as those associated with ENSO. S B
The corrected forecasts of each regton NAmerhASzfrumaEaﬂ:-'Jur?: Fla\EwMu?delgnrrel NAml!rJAzS fmin E:ﬂwan:cﬁhgm?'thc?:.&
will then be merged to form a global — = —

forecast.

Marmer JF from Eady Dec: Rawbodel Correl Mamer JFR from Eary Dec, Chg with CCA

10

While the temporal anomaly 2 N T
correlation is used as the main 1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 &
' H Narmer &5 from Early Apr; Raw bdodel Corel Marmer JAS from Early Apr; Chg with CCA,
verification measure, the root mean i s Aiiiae e R e
squared error (RMSE) and the 20p- i foioi .
uncentered correlation are also 1

computed to detect the presence of
calibration issues before and after the
CCA.

The regions overlap somewhat so
that discontinuities in the forecasts at
the boundaries can be smoothed with
weightings reflecting the distance from
the point in question to the nearest
border of the two (or more) regions.
The numbers of EOF modes used
varies by region to approximately
maximize skill, determined by skill sensitivity tests that vary the numbers of X, Y, and CCA modes. The
globe as a single region was also used as a 16th “region”, allowing for a skill comparison between the merged
regional forecasts and the single globe forecast.

3. Results

Figure 2 shows, for the non-northern North America region (including the U.S.) for each of the 8 models,
the original anomaly correlation skill, and then the change in skill from the CCA, for the Jan-Mar and Jul-Sep
target seasons, each at 1.5-month lead and 3.5-month lead. The CCA corrections generally did not result in
substantial skill improvements.

Fig. 2 Original anomaly correlation skill (left), and the change in
skill due to the CCA (right). From top to bottom, the results are
for (row 1) Jan-Mar precipitation forecasts from early Dec,
(row 2) Jan-Mar forecasts from early Oct, (row 3) Jul-Sep
forecasts from early Jun, and (row 4) Jul-Sep forecasts from
early Apr. The order of the 8 models (horizontal axis) is as
listed in the previous section (1:CCSM4, 2:NASA, 3:GFDL,
4:GFDL-FLORA, 5:GFDL-FLORB, 6:CMC1, 7:CMC2, and
8:CFSv2).

. . Region Skill Change Region Skill Change
The upper “.ghf[ panel of F'.g' 2 N.Nor?h Amer 0.03 . Soutthfrica 0.04 :
shows the CCA did improve the skill of -
the GFDL-FLOR-A model (model #4). |—north Amer 001 NW Asta 0.9
Using this example. Fig. 3 shows the South Amer -0.04 SWAs_la -0.06
s Saltr;gl distribuqtio,n g'of anomal Greenland 0.05 NE Asia 0.01
cgrrelation skill before and after thz Europe 0.05 SE Asia 0.05
CCA correction, and the skill change North Africa 0.04 Indonesia 0.01
DL . 9 W. Trop. Africa -0.01 Australia -0.14
due to the CCA. Skill was improved in E. Trop. Africa 016 Single Globe 20,001

various portions of the U.S., including
the Midwest, northern Plains, and other
pockets. However, as shown in Fig. 2, in
the case of many of the other models for
the two seasons and two lead times,
average skill was not improved by the

Table 1 CCA-related change in anomaly correlation skill for
precipitation forecasts for Jan-Mar made in early Dec,
averaged over 8 models, for each of 15 individual regions and
for the globe as a single region.




20 SCIENCE AND TECHNOLOGY INFUSION CLIMATE BULLETIN

CCA.

One can use the CCA to statistically calibrate **™-
the forecasts for the entire globe as a single region, .-
rather than merging the corrected forecasts of
individual regions. While one might expect the
merged skill result to be better than the single aom-
globe result (due to the individual attention given
to each region), this is not found to be the case.
For example, Table 1 shows the change in skill
due to the CCA, averaged over all 8 models, for o5l N COA St D prate mafar GFDLELORT Avcor0 137
each region and for the globe as a single region, —
for precipitation forecasts of Jan-Mar made in ™"
early December. The average of the skills over the -
individual regions is slightly lower than the skill of
the globe as a single region.
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Skill comparisons for other seasons and lead
times generally give similar results to that for ro~-

short-lead forecasts for Jan-Mar, in that the CCA T ebw aw 1zbw oW aow o cow

for the single globe does as well as, if not slightly

better than, the individually tailored CCAs Cross-val CCA DI Start De¢ prate Jan-Mar GFDL-FLORT Avcor 0.0547

designed for each region and merged into a global .~ ' 'ﬂ - : "

forecast. A summary of these results is shown in
Table 2 for the target seasons of Jan-Mar and Jul-
Sep, each at 1.5 and 3.5 month lead times. In all  zon-
cases, the merged CCAs from individual regions
does not result as a positive change (or as small a
negative change) in skill as the single globe CCA. -

The original model skills for the merging of Cew taow
individual regions does not exactly equal that of
the single globe because the former does not obey
area-weighting of skills, while the single globe

0.2
40N -

20M- TRy

12IDW WD‘DW gy GOV
Fig. 3 Geographic distribution of temporal anomaly
correlation skill over the non-northern North
America region for precipitation forecasts by the

does. GFDL-FLOR-A model for Jan-Mar made in early

While the analyses described so far have been Dec. The middle panel shows the original skill, top
limited to precipitation forecasts, a less extensive panel the skill after the CCA correction, and bottom
examination of temperature forecasts indicates an panel the skill improvement due to the CCA (note
even less favorable result, with the CCA usually the different scale for the bottom panel).

degrading the skill of the original uncorrected
forecasts. Exceptions are found for temperature forecasts of Oct-Dec forecasts for eastern tropical Africa and
Indonesia, where the CCA increases the anomaly correlation.

As complementary verification measures, the RMSE and the uncentered correlation between uncorrected
and corrected and precipitation and temperature forecasts and the corresponding observations were also
computed. In contrast to the anomaly correlation, both of these measures show a significant improvement
following the CCA for both precipitation and temperature. This result suggests that systematic forecast errors
that largely do not involve spatial pattern placement are present in the uncorrected forecasts—errors such as
mean bias and amplitude bias.

4. Conclusions and discussion

The CCA corrections did not improve the skills of the precipitation forecasts of the individual models of
the NMME as much as had been hoped. In fact, overall, a lack of systematic and substantial improvements is
noted, with only slight improvements in about half of the cases.
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Although the temporal
anomaly  correlation is  not
materially improved by the CCA,
the RMSE and the uncentered
correlations are notably improved.
This indicates the presence of
biases in the forecasts, such as
mean bias and amplitude bias,
which affect the two latter
verification measures but not the
anomaly correlation. One would
expect the CCA to treat both local
systematic  biases and spatial
placement errors together. Even if
improving both types of errors, it
might require retaining more EOF
and CCA modes than if just one
type of error were present. Mode

Start =» Target Style Original Model Skill | Change from CCA
Dec => JFM Merge 0.149 -0.063
Single Globe 0.153 -0.001
Oct=>JFM Merge 0.109 -0.009
Single Globe 0.113 0.023
Jun =>JAS Merge 0.114 -0.014
Single Globe 0.117 0.012
Apr =>JAS Merge 0.086 -0.009
Single Globe 0.088 0.024

Table 2 Comparison of the effect on globally averaged anomaly
correlation skill of the CCA when performed on individual regions
and merged to a global precipitation forecast, and when performed on
the globe as a single region. Results are shown for forecasts for Jan-
Mar made in early Dec and early Oct, and forecast for Jul-Sep made
in early Jun and early Apr.

truncation sensitivity tests were done, and the truncations resulting in approximately the best cross-validated

correlation skills were selected.

A few explanations may be offered to account for the unimpressive ability of CCA to improve the model

anomaly correlation skills:

i. A covariance matrix was used in the pre-EOFs, rather than a correlation matrix.

ii. The cross-validation may create a negative skill bias (Barnston and Van den Dool 1993), given the

large areas of low skill in many of the regions.

Local systematic biases (mean bias and amplitude bias) may be present to a greater extent in the
model hindcasts than pattern placement biases. The CCA did improve local biases (seen in RMSE
and uncentered correlation) but these improvements alone do not improve the anomaly correlation.
Correction of pattern placement biases would be expected to improve the anomaly correlation.

Possible actions to be taken to address these results are:

Test the skill behavior when the correlation matrix rather than covariance matrix is used in the pre-
EOFs.

Consider a separate correction of local systematic errors prior to the CCA treatment. It is not clear
that the CCA can successfully detect and treat spatial placement errors when there are also larger
locally correctible systematic errors.

For temperature, try using an alternative data set in place of the GHCN-CAMS. Although it is
unlikely, it is possible there is a problem with GHCN-CAMS temperature data.

References
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Exploring the Impact of SST on the Extended Range
NCEP Global Ensemble Forecast System

Christopher Melhauser?, Wei Li?, Yuejian Zhu', Xiagiong Zhou?,
Malaquias Pefia®, and Dingchen Hou®
'Environmental Modeling Center, NOAA/NWS/NCEP, College Park, Maryland
IMSG at EMC, College Park, Maryland

1. Introduction

The National Oceanic and Atmospheric Administration (NOAA) is accelerating its efforts to improve its
numerical guidance and prediction capability for the extended range - the weeks 3 & 4 period that bridges the
gap between weather and climate. Operational global numerical guidance for weeks 3 & 4 and monthly
prediction are currently available from NOAA’s National Center for Environmental Prediction (NCEP)
Climate Forecasting System Version 2 (CFSv2) coupled (ocean, sea-ice, land, atmosphere) model (Saha et al.,
2006; Saha et al., 2010; Saha et al., 2014). Extending the NCEP Global Ensemble Forecasting System (GEFS)
to cover the weeks 3 & 4 period provides additional benefits over the CFSv2 including a more frequent model
upgrade cycle, higher model resolution, state-of-art flow-dependent initial perturbations from a hybrid data
assimilation system, stochastic physics, and larger ensemble membership (80 perturbed members and 4
control runs for every 24-h period), all providing an improved sampling of forecast uncertainty.

In this study, an operational GEFS configuration is extended to 35 days and the forecast skill is evaluated.
Various SST forcing experiments are performed to examine the impact of SST forcing on the extended-range
forecast skill of global 2-m temperature, accumulated precipitation over the contiguous United States
(CONUS), and Madden-Julian Oscillation (MJO; Madden and Julian, 1971) indices.

2. Methodology

The current operational configuration of GEFS uses the GFS Global Spectral Model v12.0.0 for
integration four times per day (0000, 0600, 1200 and 1800 UTC) out to 16 days (Han and Pan 2011; Juang
2011, 2014). For days 0-8, GEFS has a spectral resolution of T, 574 (approximately 34 km) with 64 vertical
levels and the horizontal resolution is reduced to T.384 (approximately 52 km) for days 8-16. The horizontal
resolution is further reduced to T, 254 (approximately 78 km) for days 16-35 for the extended GEFS runs in
this study. The 20-member ensemble initial condition perturbations are selected from the operational hybrid
NCEP Global Data Assimilation System (GDAS) 80-member Ensemble Kalman Filter (EnKF; Whitaker et
al., 2008; Wang et al. 2013; Kleist and Ide 2015) prior.

The SST configurations for this study consist of the operational GEFS 90 day e-folding of the observed
RTG SST anomaly relaxed to climatology (CTL), an optimal Atmospheric Model Intercomparison Project
(AMIP; Gates et al. 1999) configuration using the observed RTG SST analysis updated every 24-h during
model integration (RTG), a 2-tier approach using the CFSv2 predicted SST updated every 24-h during model
integration (CFS), and a 2-tier approach using biased corrected CFSv2 predicted SST updated every 24-h
during model integration (CFS_BC). Detailed formulations for CTL and CFS_BC can be found in Appendix
A

All experiments span the fall and winter of 2013-14 and are initialized every 24 h starting 1 Sep 2013 and
ending 28 Feb 2014. Over the experiment period, the MJO was weak or non-existent (Climate Prediction
Center; http://www.cpc.ncep.noaa.gov/products/precip/CWIink/MJO/whindex.shtml) and ENSO neutral
conditions persisted (Earth System Research Laboratory; http://www.esrl.noaa.gov/psd/enso/mei).

Correspondence to: Christopher Melhauser, IMSG at Environmental Modeling Center, NOAA/NWS/NCEP, 5830
University Research Court, College Park, MD; E-mail: christopher.melhauser@noaa.gov.
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The forecast skill for 2-m temperature and 21 Terperstare Accumulated
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The MJO is evaluated using the traditional real- 10
time multivariate MJO (i.e. RMM) index (WH index; €
Wheeler and Hendon 2004, Gottschalck et al. 2010). ™ log |
The MJO forecast skill is defined as the bivariate ' '
anomaly correlation between the analysis and forecast 08 08

RMM1 and RMM2. The long term climatology is
calculated from the NCEP/NCAR Reanalysis 1
(http://www.esrl.noaa.gov/psd/data/gridded/data.ncep
reanalysis.html) and NCAR Interpolated Outgoing

0.4 {04 1
Longwave Radiation (http://www. esrl.noaa.gov/psd/ 0.2 | 0.2 | 1
data/gridded/data.interp_OLR.html) for the period of . I
1981-2010. The long term mean and average of the 0.0 - '0.0
SH TR NA

Heidke Skill Score

previous 120 days are removed from the forecast to NH CONUS
eliminate long-term trends and seasonal variability. Fig. 1 Regional Heidke Skill Score for CTL (black),
3. Results and discussion RTG (red), CFS (green), and CFS_BC (blue)
) calculated for week 2 (top row) and week 3 & 4
3.1 2-m temperature forecast skill (bottom row) for 2-m temperature (a, c) and

accumulated precipitation (b, d) averaged over
the 6-month experiment period. The gray
triangle indicates the difference of an
experiment from CTL is statistically significant
at the 95% confidence level.

Over the fall and winter of 2013-14, the global
land only 2-m temperature HKSS is regionally and
lead time dependent. The tropics (TR) have the
highest HKSS for both week 2 (Fig. 1a) and weeks 3
& 4 (Fig. 1b) with N. America (NA) having the
lowest. Comparing between week 2 and weeks 3 & 4, the HKSS remains similar for the tropics and Southern
Hemisphere (SH) with the Northern Hemisphere (NH) and NA dropping ~0.1-0.2. Within each region, the
forecast skill for the SST forcing experiments is generally statistically indifferent from CTL for both week 2
and weeks 3 & 4. Both CFS and CFS_BC show a statistically significant improvement during weeks 3 & 4
over NA. It is interesting that RTG does not have a significant improvement over any land region compared
to the other experiments, given this experiment is being forced the SST analysis. This suggests that there may
be deficiencies in the forecast model which are limiting the spread of information from the ocean boundary to
atmospheric land areas and the climatology of the SST analysis is most likely different than that of the model.

3.2 Accumulated precipitation forecast skill - CONUS

The CONUS accumulated precipitation HKSS shows no statistically significant difference between CTL
and RTG, CFS, or CFS_BC for week 1 (not shown), week 2 (Fig. 1b), or weeks 3 & 4 (Fig. 1d). The
magnitude of the HKSS falls off drastically after week 1 - approx. 0.55 at lead day 1 and 0.25 by lead day 7
(die off curves not shown). The aggregate accumulated week 2 HKSS is slightly higher than week 3 & 4, but
overall, the results suggest minimal skill with the current model configurations, regardless of SST forcing.
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3.3. MJO forecast skill 1.0 :

The forecast skill of MJO is a key metric 0.9 | . —CTL
when evaluating the capability of operational 0.8 ! are
models for subseasonal forecasts (Kim et al. : CFS_BC
2014; Shelly et al. 2014; Ling et al. 2014; o %7 |
Xiang et al. 2015). The MJO forecast skill in < 06 :
the operational version of GEFS is ~14.6 05 bomemommcmomamaod N
days (defined as the lead time when the “:‘rawh.%___ﬂ__,_.:_,-;:_...___h_
bivariate anomaly correlation coefficient 0.4 | ——
drops to 0.5) during the experimental period 0.3 .

(Fig. 2). After week 2, MJO forecast skill 5 10 15 20 25 30 35
quickly drops. Changing the prescribed SST Lead day

to be closer to observations (RTG), the MJO  Fig. 2 MJO forecast skill (i.e. bivariate correlation between
forecast skill was improved up to ~2 days. ensemble mean forecast and analysis data) as a function
For the weeks 3 & 4 range, the most skillful of lead time for the period of September 1, 2013 -
SST forcing is RTG with the CFS_BC being February 28, 2014.

the most skillful scheme that could be

practically used in operations. This implies that the MJO prediction skill is related to the accuracy of the
representation of the SST. Therefore, without changing the model, it is found that improving the SST may
potentially lead to an increase of the MJO skill.

4. Summary

The NCEP GEFS is being extended from 16 to 35 days to cover the subseasonal forecast period. The
impact of SST forcing on the extended range land only global 2-m temperature, CONUS accumulated
precipitation, and MJO indices forecast skill were examined using various SST forcing configurations.

Extending the GEFS showed forecast skill over weeks 3 & 4 for temperature, but minimal to no skill for
accumulated precipitation. Forcing the GEFS with an optimal SST configuration showed minimal to no
improvement in land only 2-m temperature and accumulated precipitation. Minimal improvements using
more realistic SST over the current operational SST configuration were found when validating over the
Tropics, Northern Hemisphere, Southern Hemisphere, and North America. The bias corrected CFS_BC SST
performed the best over NA with statistically significant improvements for 2-m temperatures. The minimal
differences in skill between SST forcing experiments suggests that systematic model errors dominate at the
extended period with model boundary condition forcing having a secondary impact. The MJO skill in
operational GEFS is 14.6 days. Using more realistic SST (RTG, CFS, and CFS_BC), MJO skill increase by
10%.

Observations indicate that the fall and winter of 2013-14 has a generally weak MJO. Future work will
focus on a two-year span that covers a stronger MJO period spanning 1 May 2014 to 31 May 2016 providing
insight into the predictability from strong MJO and its relationship with 2-m temperature and CONUS
accumulated precipitation from global teleconnections.

This summary is a subset from a study in preparation for publication (Zhu et al. 2017).

APPENDIX
SST Forcing Calculations

Operational GEFS SST Forcing (CTL)

The GEFS v11 operational SST forcing uses a 90-day e-folding of the RTG analysis at initialization,
relaxed to climatology, calculated as

SST = SST°—sSST? ~(~0/%0 4 55T
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where f is the forecast, a the analysis, ¢ is climatology, t is forecast lead time, and t, is the initial time.
Bias Corrected CFSv2 Predicted SST Forcing (CFS_BC)

The CFS_BC SST forcing is a hybrid of a persisted RTG anomaly at short lead times and bias corrected
CFSv2 predicted SST at longer lead times. The CFSv2 predicted SST is bias corrected using both the CFSR
climatology and CFSv2 model climatology. The persisted RTG anomaly is linearly combined with the bias
corrected CFSv2 predicted SST over the 35 d period, calculated as

SST =(1— )SST°—SST® +SST + ST — SST  —S8T
where f is the forecast, a the analysis, cfsrc is the CFSR reanalysis climatology, cfs is the CFSv2 model
forecast, cfs_c is the CFSv2 model climatology, t is forecast lead time, t, is the initial time, and w is defined
as

=( — 0)/35
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The Week 3-4 outlook period is within a time range that primarily no longer benefits from predictability
due to atmospheric initial conditions (i.e., Week-2) and is at times in a range too short to reliably benefit from
slowly evolving parts of the climate system (ocean, land, etc.) known to aid longer time scale prediction
(monthly to seasonal outlooks). Consequently, the Week 3-4 time range often suffers from low predictability
and it is important to understand this limitation to manage expectations for potential forecast skill. This article
describes the current status of this activity at the Climate Prediction Center. The initial experimental product
format is outlined followed by the current input to the experimental outlooks. Verification of the first year of
experimental outlooks and user survey feedback to date is also described along with current development
work.

The experimental product
is released once per week
every Friday at
approximately 3 PM Eastern
Time (ET). The first
experimental outlook was
released on September 18,
2015 and the outlooks have
continued in realtime to
present each week. The
product package consists of
two outlook maps and a text
discussion  describing the
forecast rationale and

. Fig. 1 Forecast maps for the experimental product released on January 1,
challenges or issues of the g b P b y

2016. The shading depicts the favored category (blue/orange or

current forecast. The outlooks brown/green for below/above average temperature or precipitation
maps (Figure 1) display the respectively. The contours represent the probabilities of the favored
forecast probabilities of the category. The white areas (labeled EC for equal chances) are regions
favored category (above or where forecast signals are weak and each forecast category (above or
below average) for the two- below) are equally likely.

week period mean

temperature and total precipitation. The purpose of the product is to (1) provide an outlook for mean
temperature / total precipitation for the current Week 3-4 outlook gap and (2) provide advance notice of
potential large-scale pattern changes to assist decision makers.

The input that contributes to the outlooks are somewhat diverse and includes utilizing relationships
associated the Madden Julian Oscillation (MJO). These include connections between MJO strength and phase
and North America temperature and precipitation patterns as well as lead-lag relationships to important higher
latitude variability such as the Arctic Oscillation (AO) or North Atlantic Oscillation (NAO). Statistical
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College Park, MD; E-mail: Jon.Gottschalck@noaa.gov
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guidance used in the forecast process includes (1) a MJO-ENSO phase model (Johnson et al. 2014), (2) a
Multiple Linear Regression model that uses daily Nino3.4 index information, MJO indices and linear trends
as predictors for Week 3-4 temperature and precipitation (Harnos et al. 2016) and (3) constructed analogues
based on 200-hPa streamfunction to construct a forecast objectively based on closely matching analogues.
The Coupled Linear Inverse Model (C-LIM), developed at the Earth System Research Laboratory (ESRL),
tropical forecast is used to serve as a complement to dynamical model tropical forecasts (Newman et al. 2009)

as well.

Available dynamical model guidance plays an important role in the outlook. Output from the NCEP
Climate Forecast System (CFS), the European Centre for Medium Range Weather Forecasts (ECMWF) and
the Japan Meteorological Agency (JMA) modeling systems is available to the forecaster for several variables
including 500-hPa and 200-hPa height, temperature and precipitation. The model data is bias corrected based

on available reforecasts for systematic errors across all forecast lead times.

Figure 2 shows the verification of Non-EC Heidke Skill Score

the experimental outlooks during the

first year of release. For temperature, Lo A
the forecast skill has nearly been
entirely positive throughout the period,
although high variability in the scores 40
from week to week do exist at times. ;‘
The average Heidke Skill Score (HSS)
over the period is +55. On average, the

80 -
60

precipitation forecasts have -20
demonstrated little forecast skill with a0 ‘
. L Temperature

an average HSS of +3 over the period, L Precipitation
although there have been periods of ' —No skill
positive skill during individual weeks. ~ ° M AL {;f;’c‘f;‘ftr::;r:)’

The Climate Prediction Center has 1002 e I T B BB - T - B
collected  comments  on  the §§§§8§§§S§§§sgF§g§sgg§ST
experimental product package (outlook g—i S8 5835895 § N § S

maps and a text discussion) over the
past year. It is the interpretation of CPC
from these survey results that the
experimental product package has been
received positively overall.  Survey

guestions where a quantitative response
was requested (ranking from 1 to 10 with 10 being highest) focused on two areas, (1) technical quality of the

product/service (e.g. forecast accuracy, timeliness, problems with display) and (2) how easy you found the
product/service to interpret or use. The results indicated an average score for both questions of just below 8.
In addition, when asked whether the National Weather Service (NWS) should prepare and release this type of
product, 95% of the respondents answered yes. See Figure 3.

Work on the project over the next year will include the migration of the current experimental
forecast tool suite to operational platforms to ensure reliability. We also plan to obtain, process and
include in the forecast tool suite dynamical model output from Environment Canada, apply
additional post processing strategies to the dynamical model forecasts as well as explore additional
statistical methods for forecast tool development including objective consolidation strategies. CPC
also plans to continue to collaboratively interface with partners on other initiatives targeting this time

Fig. 2 Time series of Heidke Skill Score (HSS) for the period from
September 18, 2015 through August 26, 2016. The red/blue
lines represent temperature and precipitation respectively and

the solid lines show monthly running means.

period.
In summary, CPC began issuing experimental Week 3-4 temperature and precipitation outlooks in
September 2015. A two-stream approach in tool development is being used with work targeting both
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Fig. 3 Survey results to date with the number of respondents on the x-axis and the ranking from 1-10 on the
y-axis. The specific questions for each chart are outlined in the text.

dynamical model guidance and statistical forecast tools. Forecasts of opportunity are likely to serve as the
backbone of product. On average, skill scores to date for temperature have been positive while no consistent
forecast skill has been demonstrated for precipitation. Available stakeholder feedback has generally been
positive to date. CPC will continue to leverage other resources from other initiatives where possible to
improve our understanding at this forecast time scale as well as to build upon current experimental services.
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1. Introduction

Ensemble and multi-model ensemble prediction systems have become state-of-art tools for climate
forecasts on subseasonal and seasonal timescales. Ensemble prediction systems are meant to identify the
forced climate signal, through generation of multiple realizations of the forecast, the differences of which can
be attributable to uncertainty in the outcome due to the chaotic nature of the climate system. From ensemble
predictions, it is possible to derive the probability of uncertain future events. The use of several models in a
multi-model ensemble (MME) is known to improve on the forecasts of a single model ensemble, through the
chance cancellation of individual model errors (Becker et al., 2014; Kirtman et al., 2014). The North
American Multi-Model Ensemble (NMME) has been used as guidance for real-time seasonal forecasts by the
Climate Prediction Center since August of 2011. Hindcasts over multiple years can be used to identify and
correct the systematic biases of each model system. However, in addition to model biases, it is possible to
discern the skill of each model as a function of region and season. Identifying models and regions of lower
and higher skill, and utilizing this information to combine and weight the forecasts, should improve the skill
of probabilistic forecasts. We seek to intelligently combine models to extract forced signals from the NMME
and eliminate poor forecasts when possible.

2. Methodology and data

In this study, NMME seasonal forecasts for North America are calibrated and consolidated using a
regression methodology to improve the reliability of probabilities and weight individual models according to
their skill. Calibration entails relating the probabilities determined from an ensemble of forecasts to the skill
of the forecast system, such that probabilities assigned are a reliable representation of the expected frequency
of an event’s occurrence. Reliable probabilities are considered skillful when they also resolve differences
between cases with high and low probabilities. The spread of ensemble members should inform the
probabilities of events, though models can be unreliable in representing the actual frequency of events.

Regression is widely used for correction of dynamical model forecasts and has been successfully applied
at the Climate Prediction Center to dynamical model forecasts of temperature and precipitation for
subseasonal lead times from 2 to 4 weeks. In this study, we apply the ensemble regression (EREG) method to
NMME seasonal forecasts (Unger et al., 2009). EREG retains the ensemble spread to represent conditional
uncertainty of forecasts, to the extent that spread is found to be a reliable indicator of the average mean square
error of a model’s forecasts. EREG uses the expected value of the mean square error of hindcasts to adjust the
model probability density function (PDF) and improve the reliability of probabilistic forecasts — collapsing
the spread when either skill is low, or spread is a poor indicator of skill. EREG maintains the resolution of
categorical forecasts, when the model spread is a good indicator of skill, while minimizing the mean square
error of the ensemble mean.

Initially, each NMME model is calibrated individually using the EREG methodology. To combine the
individual EREG-corrected model forecasts, we test two possible methods: 1. Combinations with no further
adjustment of the MME PDF such that regressed model anomalies are weighted by their correlation to
observations; and 2. Combinations with additional weighting of each individual model probability by its
correlation to observations. The ensemble regression technique is compared to forecasts made by estimating
the probability from the count of ensemble members (CE) in each category after bias corrections of model
means and variances. Forecasts are verified using the Brier skill score (BSS), as well as assessed for reliability.

Correspondence to: Dan C. Collins, Climate Prediction Center, NOAA/NWS/NCEP, 5830 University Research Court,
College Park, MD; E-mail: dan.collins@noaa.gov
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For this study, we test calibration and weighting using the November 1st initializations from the model
hindcasts for predictions of DJF Temperature, i.e., lead-1 winter forecasts. Hindcasts are available from DJF
1982-83 to DJF 2010-11. GHCN and CAMS 2-m temperature observations are used for verification. We
consider the skill and calibration of probability forecasts for terciles (above-normal, below-normal and near-
normal, defined as the lower-third, mid-third and upper-third, respectively, of the climatological distribution
for the 1982-2011 period). Extreme, above-normal and below-normal, seasonal forecasts at the 10th and 90th
percentile respectively, consistent with the tercile forecasts, were also derived but are not shown in this study.
The regression-calibration EREG methodology follows Unger et al., 2009, “Ensemble regression”. All
statistics — the climatologies of model and observational seasonal mean and variances, as well as correlations,
reliability and BSS — were cross-validated using a leave-1-year-out methodology, such that dependent data
used in training the regression were independent of the verification.

3. Results

The baseline methodology that combines individual model counts of ensemble (CE) members to generate
probability forecasts, after bias and variance corrections, indicates that models with regions of poor skill
deteriorate the skill of the NMME when models are combined. Figure 1 shows the Brier skill scores for the
CFS on the left and the combined NMME on the right, using the CE method to indicate probabilities. Note
that in parts of the eastern US, skill in the CFS is higher than the combined NMME.

By calibrating probabilities from the individual models of the NMME using ensemble regression (EREG),
models with areas of negative or zero skill are effectively removed from the final NMME forecast, improving
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Fig. 1 Cross-validated Brier skill scores at each grid point for the uncalibrated count of ensemble members
from the CFS (left) and for the combined NMME (right). Negative skill is depicted in blue.
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Fig. 2 Cross-validated Brier skill scores at each grid point for the EREG calibrated CFS (left) and for the
combined NMME (right). Negative skill is depicted in blue.
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the combined skill. Figure 2 shows the
Brier skill scores for the CFS and

—Pperfect
1

NMME as in Figure 1, but for the ——CFsv2 count
EREG-calibrated  probabilities. The o —CFSv2 EReg
consolidated NMME forecast improves ' T CMC1 count
upon the skill of the CFS alone in nearly = _ —CMC1 EReg
all regions. 0.7 ———CMC2 count
Using counts of ensemble members,  os ___z:d:::i
individual models of the NMME are o
found to be under-dispersive or over- = *° OFoLERes
confident, while calibrating probability . Lot
forecasts using ensemble regression S meo e
produces more reliable  forecast = °° ==THASACOWR
—NASA Ereg

probabilities (Figure 3). It is shown that  ,,
the calibrated probabilities using EREG

are an improvement over CE for almost ~ ©!
all individual models (Figure 4). e

0
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combined EREG-calibrattd NMME is i 3 Rejiapility diagram showing all models for the count of
only a slight improvement over the Brier ensemble members (red) and EREG-calibrated probabilities
of the combined CE model probabilities. (blug), reliability of the combined NMME count of ensembles

The combined calibrated forecasts are (orange) and NMME EREG probabilities (cyan).
found to be slightly under-confident

(Figure 3). Further work is needed to
account for the additional skill obtained
from combining multiple models to
obtain a calibrated NMME forecast.
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forecasts. Also, use of EREG to *

combine and weight models of the *° H

NMME virtually removes individual

models in areas and seasons with no  *°

skill, improving the NMME forecast ) ) ) ) )

skill. Fig. 4 Average Brier skill scores (in percent) over North America

for individual models, the combined NMME, correlation-

In the winter season (DJF) lead-1 weighted NMME (NMME R wt), and a 3-model NMME

temperature  forecasts, skill is not (NMME3), for the count of ensemble members (red) and

significantly changed by weighting EREG calibrated probabilities (blue).

models using correlation in the seasonal

NMME system beyond initial gains from regression. Skill for correlation-weighted model probabilities in
Figure 4 (“NMME R wt”) is nearly identical to the combined calibrated model forecasts without additional
weighting of probabilities. It is noteworthy that regression effectively weights the anomalies of each model by
its correlation to observations, prior to calculation of probabilities. This produces improvements in both the
individual model Brier skill scores and the combined NMME skill over counts of ensemble members. Further
analyses showed that the results are generally true for other seasons. Selecting and combining the three
models with the highest average cross-validated skill (see far right bars of Figure 4), skill of a 3-model MME
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is greater than the full NMME. This suggests that evidence-based selection of models might be used to
optimize skill.
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This project uses the data available
through the NMME experiment, both
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Fig 1 Hindcast prediction correlations for the eastern North
Pacific basin for the four predictands: (a) hurricanes, (b)

real-time forecasts and hindcasts, which tropical storms, (c) major hurricanes and (d) the ACE index.
has shown that an ensemble approach Each model’s (CFSv2, CanCM3/4, CCSM4) hindcast and the
improves skill over the individual CFSv2 NMME hindcast using initialization months April through
system (Kirtman et al. 2014). July were correlated with observed values are averaged over

the 1982-2010 period. The dashed line denotes the 95%

For the eastern North Pacific tropical i
cyclone (TC) activity forecasts, the significance level.

selected predictors are the averaged July — -

September wind shear forecasts over the Predictand CanCM3 | CanCM4 | CFSv2 | NMME
central tropical Pacific (10°S-7.5°N, Hurricane 2.80 2.74 2.77 2.66
165°E-135°W)  and  sea  surface | Tropical Storm 4.03 3.99 4.03 3.92
temperature forecasts over the central Major

North Pacific (20-36°N, 165°E-135°W) Hurricane 2.36 2.24 213 215
from a suite of four global climate models ACE Index 55 69 52 60 5186 5188

(GCMs): the CFSv2, Canadian Centre for
Climate Modeling and Analysis Climate  Table 1. Hindcast RMSE for April initial conditions averaged
Model Versions 3 and 4 (CanCM3, over the 1982-2010 period. The NMME and CFSv2 are the
CanCM4) and the NCAR Community two models with the lowest RMSE values.

Climate System Model Version 4

(CCSM4). The anomalous forecasts for shear and SSTs are used in unique regression relationships, fitted for
each individual model to produce forecasts for four predictands: anomalous number of tropical storms,

Correspondence to: Christina Finan, Climate Prediction Center, NOAA/NWS/NCEP, 5830 University Research Court,
College Park, MD and Innovim LLC, Greenbelt, MD; E-mail: christina.finan@noaa.gov
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hurricanes, major hurricanes and accumulated cyclone energy (ACE) index for the full hurricane season, June
through November. The anomalies are calculated using each model’s 1982-2010 hindcast climatology. The
NMME forecasts are an equally weighted average of the four model’s forecasts. The forecasts skill was cross-
validated over the 1982-2010 period.

The anomaly correlations between hindcast and observed tropical cyclone (TC) activity are shown in
Figure 1 for three of the individual models and the averaged NMME suite. The CCSM4 was removed from
the NMME mean due to low correlations in the hindcast analysis. The CFSv2 has the highest skill across the
suite, followed by the NMME. The NMME however, reduces the RMSE for two of the predictands, tropical
storms and hurricanes, when compared to the three individual models (Table 1). For the other two predictands,

NMME (3 members)

30M

+0.015 K

1208 180 120W 1708 180 120m
CanCM3 (10 members)

L L L L . -
1.5 1,2 08 0.6 03 0 0= 0& 09 1.2 .5

NMME (3 members) CanCM4 (10 members)

ey +1.15 m/s +0.09 m/s
’ﬂ f}ﬁ
180 120 180 1200

CanCM3 (10 members) CFSv2 (12 members)

30N

B0l +1.50 m/s

180 120

Fig 2. 2016 forecast of anomalous SST (a) and wind shear (b) for the July-September period from forecast
runs with April 2016 initial conditions. The area of prediction is outlined and with area-averaged anomaly
value displayed. This value was used as a predictor in the forecast, excluding the NMME suite mean. The
NMME forecast is an equal-weighted average of each model’s individual forecast.
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the RMSE between CFSv2 and NMME are comparable. The hybrid model has the highest skill for the major
hurricane predictand, followed by the ACE index.

The hybrid dynamical-statiscal model was tested in real-time, using the forecasts with April 2016 initial
conditions from the CanCM3, CanCM4 and CFSv2 to predict for the 2016 eastern North Pacific hurriance
season. The forecasts from the three individual models were averaged to create the NMME forecast for the
2016 season. The ensemble mean April 2016 forecasts of wind shear and SSTs from July to September are
shown in Figure 2 for individual models, as well as for the NMME. The area of prediction used to construct
the predictors is outlined in a black box, with the spatial average displayed. Both the CanCM3 and CanCM4
SST fields show warm anomalies in the central North Pacific, with cold anomalies to the north, while the
CFSv2 SST field shows an overall warm signal for the North Pacific basin. The CFSv2 and CanCM4 wind
shear fields show a slight enhancement, but mostly neutral signal for the central tropical Pacific, while the
CanCM3 shows a stronger enhancement. The NMME averages for the SST field shows a near-normal
forecast and the wind shear forecast is above-normal.

Table 2 details the Variable | CanCM3 | CanCM4 | CFSv2 | NMME | Observations
forecasts from each -
individual model and the Hurricanes 7-9 (8) 8-9(8) |5-7(6) | 6-8 (7) 12
NMME averages, alongside Tropical Storms 13-15 15-16 11-14 | 13-15 18
the observations from the P (14) (15) (13) (14)
ﬁOlG eastern North PaCIfr:C Major Hurricanes | 3-4(3) | 3-4(4) |1-3(2) |2-4(3) 5
urricane season. The
CanCM3 and  CanCM4 ACE 9(31'0151)7 1((’&%4 4(57'19)8 11739(;6) 144
forecasted a near-normal

Table 2. The NMME-based hybrid prediction of the 2016 TC season over the

season, as well as the NMME g 4 |
ENP basin. The forecasted ranges are shown, with the average forecast in

averaged  forecast.  The

CFSVQZ forecasted a below- parentheses. The hybrid system with April ICs predicts a near-normal
normal  season. For the season. The observed totals of July — September 2016 fall into the above-
eastern  North .Paci fic the normal ranges based on the basin climatology.

2016 hurricane season was classified as above-normal. All of the models underforecasted the 2016 season.
The CanCM4 model was the closest in forecast, with a near-normal season on the top-end of the prescribed
ranges for each predictand. The CFSv2, while performing the best in the hindcast evaluations, had the lowest
performance in the real-time prediction. During the summer of 2016, the eastern Pacific was undergoing a
shift in the ENSO cycle, after a record-high EI Nifio in 2015-16. Many of the models forecasted a shift to a
La Nifia phase duing the summer of 2016 in the Eastern Pacific (also seen in Fig. 2), which remained in a
neutral state. The La Nifia phase typically brings a near-normal or below-normal hurricane season to the
Eastern Pacific, which could explain the underforecasted season by the models.

The hybrid statsical-dynamical model created for the eastern North Pacific basin showed skill over the
hindcast period. Even though the CFSv2 showed more skill in the hindcasts than the NMME average, it
showed the lowest skill overall in the real-time forecast for the 2016 season. Other models from the NMME
project may be explored, as hindcast and variable datasets become available and are analyzed. Including more
recent years in the training period for 2016 could also improve the forecasting skill, as three out of the five
past years have been above average for TC activity in the eastern North Pacific. The NMME hybrid model is
expected to continue to be of use in developing a comphrensive NOAA Hurricane Seasonal Outlook.
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