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Fig. 2 Seasonal change in HSS between the original MJO|ENSO phase model and the MJO|ENSO|QBO phase
model during ENSO neutral initializations for a) T2m and b) precipitation forecasts during the 2011-2018
real-time forecast period. Positive values denote an improvement from the original MJO|ENSO phase
model. Sample sizes (n) and area-averaged AHSS for each season are noted. Black dots indicate where and
when the MJO|ENSO|QBO phase model has positive HSS.

model. Of particular note, T2m forecasts showed skill scores greater than 20 during autumn, improving on the
MJOIENSO phase model by ~50%. However, results from the 2011-2018 real-time forecast period were less
promising. For T2m, adding the QBO to the phase model actually decreased skill scores from 15.4 to 10.2. On
the other hand, precipitation skill scores were slightly increased from 2.1 to 3.0 (not shown). Interestingly,
when skill scores were only averaged during ENSO neutral initializations, the MJO|ENSO|QBO phase model
showed more promise (Table 1). Specifically, the disparity in T2m skill scores decreased, with the
MJOIENSO|QBO phase model increasing its score to 12.6 and the MJO|ENSO model decreasing its score to
13.6. For precipitation, the scores were 3.7 and 2.2, for the MJO|ENSO|QBO and MJO|ENSO phase models,
respectively. Separating by season, the MJOJENSO|QBO phase model outperforms the MJOJENSO phase
model during the fall and winter months for T2m and during most months for precipitation (values highlighted
in red in Table 1) during ENSO-neutral periods.

Figure 1 provides the regional and seasonal breakdown of HSS for the original MJO|ENSO phase model
during ENSO neutral conditions, which would essentially imply forcing by the MJO only. For T2m, there is
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widespread positive skill during spring and summer, while for precipitation positive skill is mainly confined to
the south and west during fall. Figure 2 provides the regional breakdown of the change in HSS (AHSS) between
the MJO|ENSO|QBO and MJO|ENSO phase models, as a function of season. For T2m, most of the increase in
skill occurs over Alaska along with locations mainly west of the Mississippi River during the fall and winter
months. For precipitation, the maps are noisy, but some regions of enhanced skill may be seen in southwestern
Alaska and along the lower Mississippi River Valley.

4. Conclusion

In the real-time verification, the MJOJENSO|QBO phase model, in the aggregate, does not improve on the
MJOI|ENSO model. However, the QBO adds skill sporadically during certain seasons for particular regions
during ENSO neutral conditions. This information could prove valuable, as when ENSO is in a neutral state,
the current MJO|ENSO phase model often has little skill or even provides much forecast other than the trend.
Also, because the cross-validation results were promising, additional monitoring of the potential of adding the
QBO should be conducted. This is particularly true in light of recent research that shows the MJO-QBO
relationship may be a phenomenon that has emerged in our current climate due to the warming of tropical sea
surface temperatures (Klotzbach et al. 2019). Thus, when the climate normal period changes to 1991-2020 (at
some point in 2021), there may be appropriate training data to capture the MJO-QBO relationship and thereby
improve the real-time version of the phase model.
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ABSTRACT

Tornadoes are one of the high-impact weather phenomena that can induce life loss and property damage.
Here, we investigate the relationship between large-scale weather regimes and tornado occurrence in boreal
spring. Results show that weather regimes (WRs) strongly modulate the probability of tornado occurrence in
the United States due to changes in shear and convective available potential energy (Fig. 1), and that persisting
weather regimes (lasting = 3 days) contribute to greater than 70% of outbreak days (days with = 10 tornadoes) .
A hybrid model based on the weather regime frequency predicted by a numerical model is developed to predict
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Fig. 1 Composite anomalies of tornado frequency (color shading, units: tornadoes/day), H500 (gray contours: -
100 m to 100 m every 10 m), CAPE (black contours; units: J/kg), and S900 (vectors; difference between
10-m and 900-hPa winds) for (a) WR1, (b) WR2, (c) WR3, (d) WR4, and () WR5. Climatology is shown
(f) for reference with S900 magnitude (teal contours, units: m/s) in place of vectors. Dashed contours
represent negative values. Only significant CAPE anomalies ( 0.05) are displayed in (a)-(e) while
hatching indicates significant tornado frequency anomalies. Teal (magenta) vectors are where S900
magnitude is significantly lower (higher) than climatology.
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above/below normal weekly tornado activity and has skill better than climatology out to week 3. The hybrid
model can be applied to real-time forecasting and aide in mitigation of severe weather events.

This work has been published in Geophyscial Research Letters in 2020.
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1. Introduction

In weather forecast, although skill decays quickly with lead time, large temperature and precipitation
anomalies occurred in early period of a month often have a large impact on their monthly mean values. Thus it
is conceivable that for a short-lead monthly forecast, its skill can be improved by appropriately leveraging the
decay in skill.

In the 43" NOAA Climate Diagnostics and Prediction Workshop, we presented an analysis of consistent
monthly forecasts obtained by weighting Climate Forecast System (CFS) forecasts for four sub-monthly periods
(i.e., days 1-3, days 4-7, week 2, and days 15-30) with their historical skill (Peng et al. 2019). It is found that
such aggregated 30-day forecasts do have higher skill than the simple mean of the 30-day forecast.

In this presentation, we show how the monthly forecast can get further improved by replacing the
first three sub-period forecasts with that from Global Ensemble Forecast System (GEFS). An analysis
shows that the skill improvement owes to the higher skill of GEFS for those sub-periods.
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Fig. 1 Anomaly correlation (AC) skill averaged over CONUS for sub-period forecasts with CFS and GEFS.
Left column is for Prec and right one for SAT.
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Fig. 2 Anomaly correlation (AC) skill, Heidke skill score (HSS) and ranked probability skill score (RPSS)
averaged over CONUS for days 1-30 forecast for the weighted GEFS-CFS data (wt-GEFS-CFS),
weighted CFS data alone (wt-CFS) and the simple mean of CFS data (CFS). Left column for Prec and
right for SAT.

2. Data

i. CFS 45-day hindcast (1999-2010) and forecast (2011-2017)

ii. GEFS 16-day hindcast (1999-2010) and forecast (2011-2017)
iii. CPC analyses of surface air temperature (SAT, Fan and van den Dool 2008)
iv. CPC’s gauge-based unified precipitation (Prec, Xie et al. 2007)

The verification period is 2011-2017.

3. Procedures

i. Calculate hindcast skill (temporal anomaly correlation (AC)) of CFSv2 for the 4 sub-monthly periods: 1)
Days 1-3, 2) Days 4-7, 3) Week 2, 4) Days 15-30.

ii. Construct 30-day mean forecast by aggregating the forecast values from each of the sub-monthly periods.
This was done by weighting the sub-monthly forecasts with their hindcast AC skill:

4
1

30
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where n is the sub-period index, the number of days, the forecast value, the temporal
anomaly correlation skill in the n sub-period. The earlier sub-monthly periods thus have heavier
weights in the weighted forecast ().

iii. Repeat the calculation of hindcast skill with GEFS 16-day hindcast data, then replace  and (n=1-
3) with those calculated with GEFS data.

iv. Compare skill from ii and iii.

4. Results

Figure 1 compares the forecast skills for sub-periods 1 to 3 for each calendar month;
Figure 2 compares the forecast skills for days 1-30 for each calendar month;

Figure 3 compares the 12-month mean skills for days 1-30;

Figure 4 shows an example of probabilistic forecast map for North America area.

5. Summary

i. Skill weighted short-lead 30-day forecast has marginal but consistent improvement;

ii. Combined and weighted GEFS & CFS forecast has slightly improvement over weighted CFS forecast
alone owing to the better skill of GEFS in week-2;

iii. Asexpected, SAT anomalies in early sub-monthly periods has less impact to monthly mean than Prec;

iv. Possible reasons for the improvement to be limited:
a) Significant anomalies don’t always occur in early periods;
b) Skill-dependent weighting makes the forecast skewed to higher frequency, and thus could downplay

lower frequency variability, such as aliased from seasonal and inter-annual variability.

RPS5S

AC II : HSS II | I

Fig. 3 12-month mean anomaly correlation (AC) skill, Heidke skill score (HSS) and ranked probability skill
score (RPSS) averaged over CONUS for days 1-30 forecast with the weighted GEFS-CFS data (wt-
GEFS-CFS, blue), weighted CFS data only (wt-CFS, red) and the simple mean of CFS data (CFS, green).
The Prec is on left and SAT on right in each panel.

Fig. 4 Days 1-30 forecast with weighted and combined GEFS-CFS data from initial conditions of
09/04/2019.
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1. Introduction

Tropical-extratropical teleconnection patterns are a pathway for low and high latitude forecast errors to
interact, which can thereby result in predictive skill interdependencies. Here we seek to better understand the
influence of tropical forecast errors on Northern Hemisphere (NH) winter subseasonal prediction skill. The
notion that low latitude forecast errors can affect predictions at higher latitudes is consistent with early
theoretical work by Hoskins and Karoly (1981) and Sardeshmukh and Hoskins (1988), who showed that upper
level tropical divergence anomalies tend to excite Rossby wave disturbances that carry energy from low to high
latitudes. Indeed, many subsequent studies (Ferranti et al. 1990; Hendon et al. 2000; Jung et al. 2010; Dias and
Kiladis 2019) have found that winter season forecast errors at low latitudes tend to be correlated with higher
Northern latitude prediction skill at later lead times, where the lagged relationship is consistent with the
propagation speed of Rossby waves. This potential for tropical weather to influence subsequent weather events
in remote locations is important because it implies that improvements in short to medium-range tropical
forecasts can ultimately lead to improvements in prediction skill at longer lead times over higher latitude
regions including the Western United States (US). Here we explore this idea by analysing tropical nudging
experiments performed using the NOAA NCEP Unified Forecast System (UFS). Tropical nudging is a
technique whereby a global forecast model is forced to stay close to a reanalysis product within a latitudinal
band centered at the equator (Ferranti et al. 1990). The particular set-up used here allows us to investigate the
potential for the tropics to impact remote forecasts in a close-to-operational version of the UFS. One advantage
of this implementation is that it makes use of an incremental analysis update (IAU; Bloom et al. 1996) scheme
that is already part of the UFS data assimilation (DA) cycle. Thus no changes to the model are required, and
the approach can easily be ported to newer versions of the UFS. This approach can also be applied to other
seasons, as well as to nudging other parts of the atmosphere (e.g. the stratosphere). Finally, by performing
experiments over a 20 year period, we are able to investigate how various modes of lower frequency variability
might be related to or modulate the impact of low latitude model deficiencies on higher latitudes subseasonal
predictions.

2. Experimental design

The model used here is the GFS v15.1.1. The GFS is the current NOAA/NCEP operational forecast system
and is used operationally for global forecasts out to 16 days, and here, the model is forced as in operations with
prescribed SSTs, while all experiments are run at C128 resolution, which corresponds to roughly 1°x1°
horizontal grid, with 64 vertical levels from the surface to 1 hPa. Details about the model formulation can be
found at https://www.emc.ncep.noaa.gov/emc/pages/numerical_forecast_systems/gfs/implementations.php.
Because we are primarily interested in the NH cool season, the period chosen for the subseasonal reforecasts is
November-March from 1999 to 2018, with 30-day forecasts initialized every 5 days starting on November 1 of
each year. There are 31 reforecasts per season, with a total of 620 reforecasts.

The control (CNT) reforecasts refer to the standard UFS forecast cycle where SSTs are prescribed, except
for the DA cycle. The tropical nudging forecasts refer to reforecasts where, within a limited region, zonal and
meridional winds (u, v), temperature (T) and pressure thickness (p) are forced to remain close to a prescribed
reanalysis throughout the forecast cycle. The method used here is often referred to as replay (Orbe et al. 2017,

Correspondence to: Juliana Dias, NOAA Physical Sciences Laboratory, Boulder, CO;
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Takacs et al. 2018), which is based on the IAU scheme (Bloom et al. 1996) that is part of the UFS DA scheme.
In the AU replay, the model is run for 3 hours and then the difference to analysis is computed. This difference
is the analysis increment. The forecast is then run again out to 6 hours, but the analysis increment is applied at
each time step. This method has been shown to produce very similar results to standard nudging where damping
terms are added to the prognostic equations. Latitudinally tapered tropical nudging is applied at all vertical
levels and longitudes. The tapering function we use is set to A = 1 from 10°S-10°N with a hyperbolic tangent
smoothing of A =1 to A = 0 over 20°. This particular tropical nudging setup is referred to as “wide tropics”, or
WTR. Other tropical nudging settings have been tested and will be reported in a manuscript in preparation. All
reforecasts are initialized with and nudged towards ERA-interim reanalysis (Dee et al., 2011).

3. Results

Zonally averaged mean absolute error (MAE) of zonal winds at 200 hPa (u200) for the CNT and WTR
reforecasts is displayed in Fig. 1. As a direct impact of nudging, WTR MAE is reduced the most at low latitudes

(a) u200 MAE avg: 10°8-10°N

(b) u200 MAE avg: 35°N-56°N (c) u200 MAE avg: 36°S-656°S

MAE [m/sec]
=

CNT | |
WTR

o} 5 10 15 20 25 30 o 5 10 15 20 25 30 o & 10 18 20 25 30
forecast day

Fig. 1 MAE of zonal winds at 200hPa averaged over the tropics (a), Northern (b) and Southern (c) hemispheres,
where the specific latitudinal bands are displayed in each panel. Black (blue) lines correspond to control
(WTR) reforecasts. Shading shows the 95% confidence interval based on random resampling.

Week 1 - WTR uvtp Week 2 - WTR uvtp

oW

110 ;
W e i a0 W
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Fig. 2 Depiction of changes in MAE of precipitation. Shading shows WTR minus control MAE averaged over
all reforecasts as a percentage of the control MAE. Shading only where differences are non-zero based on

random resampling.
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in comparison to CNT MAE (a). MAE differences between WTR and CNT over the extratropics (b, ¢) start to
develop at week 2 and are notably larger in the Northern versus the Southern Hemisphere. A similar behaviour
is seen for other nudged variables (not shown), and the results are generally consistent with an analogous study
by Jung et al. 2010. Anomaly correlation coefficients (ACC) and anomaly pattern correlations (APC) reveal a
similar relationship, both in terms of the onset of skill improvements in the extratropics at weeks 2-4 and in that
the improvements are larger in the Northern versus the Southern Hemisphere (not shown).

One relevant question is whether the error reduction in the tropics has an imprint on predictions of remote
surface variables such as precipitation. Analyzing global MAE and ACC skill maps of precipitation, we find
that while the changes in global average precipitation skill are smaller and noisier than with u200, week 2-4
precipitation errors over the North Pacific/Western US tend to be significantly reduced. This is illustrated by
the negative differences between WTR and CNT precipitation MAE in Fig. 2. Shading denotes regions where
differences are statistically significant based on a random resampling method. A negative (positive) difference
is significant if the 95" (5) percentile of the sample of differences is below (above) zero. Notice that in
extensive portions of the Western US, errors are reduced by around 20-30% at weeks 3-4.

Low frequency variability in the

tropics is known to modulate tropical-to- | ' '
extratropical  teleconnection  patterns,

which in turn can modulate remote

weather. Perhaps because of the relatively o5}

short extent of the reforecast period, El

Nifio-Southern  Oscillation (ENSO)

modulations of the patterns shown in Fig. 2

(9]

are not robust across our sensitivity tests. 01|
That could be a sampling issue because the
1999-2017 period is dominated by cold
events, with only one strong warm event
(2015/2016). A similar issue was found °'°|
when testing for modulations with respect
to phases of the Madden-Julian oscillation

(MJO). The one seemingly robust | s oneura
modulation regarding precipitation || —0 active
predictions and the MJO is shown in Fig. 3, -~ ——=— Weks T

where the spatial average MAE difference
over the red box displayed in Fig. 2a is
conditioned on MJO amplitude. MJO
amplitude is based on OLR-based MJO
index (OMI) (Kiladis et al. 2014) and inactive/neutral/active is determined based on the terciles of OMI values.
Figure 3 shows that at week 1, precipitation MAE reductions over the Western US are less than 5%. Week 2 is
interesting in the sense that MAE are more strongly reduced during MJO neutral periods than when MJO is
active, which raises the hypothesis that synoptic variability in the tropics might have an imprint on Western US
precipitation predictions at week 2. Week 3 and 4 are consistent with the expectation that the MJO enhances
subseasonal precipitation skill. However, it is interesting that the MAE reductions during inactive MJO periods
are not negligible. Taking the influences on weeks 2-4 together, it is clear that the MJO is not the only source
of tropical subseasonal skill for the NH. We are currently investigating how ENSO and even higher frequency
modes of tropical variability might play a role in altering the average patterns seen in Fig. 2.

Fig. 3 MAE differences (%) by forecast week , as defined in Fig. 2,
except that averaged over the red box region shown in Fig.2a and
conditioned on the MJO amplitude at initialization.

4. Concluding remarks

As seen in previous studies, the tropical relaxation experiments presented here suggest that subseasonal
upper tropospheric tropical-to-extratropical teleconnection patterns are better represented in a forecast system
when tropical forecast errors are reduced. While this is ongoing research and more sensitivity tests are
underway, it is interesting that by reducing forecast errors in the tropics, weeks 2-4 precipitation predictions are
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improved by as much as 25% in large portions of the Western US, particularly over California. As an example
of how robust this remote skill improvement is, it is only about 10% weaker when fully nudging (A = 1) only
5°S-5°N, with no nudging beyond 20°S/N (not shown). It is important to note that the extent to which these
changes in skill are realizable from a practical predictability standpoint is unclear and is one of our topics of
current investigation. The present work offers potential upper bounds on how much midlatitude subseasonal
remote skill might be tapped from low latitudes, which might guide our understanding of what types of model
improvements in the tropics are the most effective in improving remote skill.
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1. Introduction

Colorado State University (CSU) has been issuing Atlantic basin seasonal hurricane forecasts operationally
since 1984, and these forecasts issued in early June and August have shown skill relative to various no-skill
metrics, including a long-term climatology and the previous 5-year and 10-year means (Klotzbach and Gray
2009, Klotzbach et al. 2017). However, while these forecasts have shown skill in hindcast mode at an April
lead time, they have yet to show long-term real-time forecast skill since the April forecasts began operationally
in 1995 (Klotzbach et al. 2017). Recent improvements to the statistical model should improve the skill of these
April forecasts, but in addition to these statistically-based forecasts, CSU for the first time operationally issued
statistical-dynamical forecasts in 2019. The remainder of this paper briefly discusses the development of these
statistical-dynamical forecasts. Section 2 describes the data sources used, Section 3 discusses the results, while
Section 4 provides some ideas for future work and concludes the manuscript.

2. Data

Tropical cyclone statistics are calculated from the Atlantic basin hurricane database (HURDAT2; Landsea
and Franklin 2013). Large-scale climate field calculations are computed from ERA-Interim (Dee et al. 2011)
for the atmosphere and from NOAA OISST version 2 (Reynolds et al. 2002) for the ocean. Dynamical model
output is taken from the ECMWF SEAS5 product (Johnson et al. 2019), which is the current operational
seasonal climate forecast model run by ECMWEF.

3. Results

The statistical-dynamical
model was developed to forecast
the large-scale fields that are
currently used in the early August
statistical forecasts scheme issued
by CSU (Fig. 1). These three fields
are low-level zonal winds in the
Caribbean/central tropical
Atlantic, sea surface temperatures
in the eastern subtropical Atlantic,
and upper-level winds over
western and central tropical North
Africa. This statistical model has
shown significant skill in hindcast
mode as well as real-time forecast
mode, with a correlation between  Fig. 1 Current predictors in early August statistical model used by CSU.
observed and hindcast/forecast
post-1 August Accumulated Cyclone Energy (ACE) of 0.85 (Fig. 2). ACE is an integrated metric that accounts
for frequency, intensity and duration of Atlantic named storm activity.

u
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We begin by examining the
skill of the SEAS5 model at
predicting July large-scale fields at
various lead times from March to
July. The SEAS5 model has
hindcast data going back to 1981,
which allows for testing of the skill
of the model’s ability to predict the
large-scale fields going into the
early August scheme over ~35
years of historical data. Figure 3
displays the skill of SEAS5 at
forecasting the July  zonal
component of the trade winds — the
most important predictor in the
early August statistical model. As
might be expected, the skill of
SEAS5 generally improves at
forecasting this predictor as July
approaches. Similar
improvements in skill as the lead
time of the forecast decreases are
seen for both the subtropical
Atlantic sea surface temperature
predictor and the upper-level zonal
wind predictor over western and
central tropical North Africa (not
shown).

CSU typically issues its first
forecast in early April. It takes
about 15 days from when the
SEAS5 model is initialized until it
becomes available via the C3S
Climate Data  Store  and
consequently, for the operational
early April forecast, we use the
SEAS5 model initialized on 1
March. The SEAS5 model
improvement at forecasting July
large-scale fields from March to
April is minimal, while a jump in
skill is observed from April to
May.  Figure 4 displays the
hindcast skill of the current early
April  statistical model, the
statistical-dynamical hybrid model
initialized on 1 March and a simple
arithmetic average of the ACE
forecasts from the statistical and
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Fig. 3 Hindcasts of the strength of the zonal component of the July trade
winds in the Caribbean/central tropical Atlantic.

Forecast Lead Time Statistical | Statistical-Dynamical | Blended
Early April 0.58 0.68 0.71
Early June 0.69 0.71 0.74
Early July 0.80 0.76 0.81

Table 1 Summary of hindcast skill (represented by the correlation with
ACE) of the statistical, the statistical-dynamical and the blended
forecast in early April, early June and early July, respectively.

the statistical-dynamical hybrid models, respectively. The current early April statistical model explains ~35%
of the variance in seasonal ACE, while the statistical-dynamical hybrid model and the blended statistical and
statistical-dynamical hybrid explain ~50% of the variance in seasonal ACE.
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The improvement in skill of the blended
statistical and statistical-dynamical hybrid models
is quite promising, indicating the possibility for
achieving forecast skill comparable to what CSU
now gets in early June two months earlier.
Smaller improvements can be made to both the
early June and early July forecast models by
incorporating the statistical-dynamical hybrid
forecasts from SEAS5 from predictions initialized
one month earlier (e.g., 1 May for an early June
forecast) (Table 1).

4. Summary and future work

This paper briefly summarizes a first attempt
at a statistical-dynamical hybrid model at CSU.
Considerable improvements in hindcast skill can
be achieved by using a blended statistical and
statistical-dynamical hybrid model in early April,
with smaller improvements being achieved in
early June and early July.

The model was used in real-time in 2019, and
it correctly forecast a slightly above-average
season at all three lead times where it was utilized
(e.g., early April, early June and early July). In
the next year, CSU intends to redevelop all of its
statistical models using the newest reanalysis
product available from ECMWF (ERA-5). In
addition, CSU will examine the utility of
including additional dynamical models to create
an ensemble statistical-dynamical hybrid forecast.
This hybrid forecast should be available by the
2020 Atlantic hurricane season.

Acknowledgments. We are grateful to Pierre-
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forecast data.
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ABSTRACT

Realistically representing the multi-scale interactions between moisture and tropical convection remains
an ongoing challenge for weather prediction and climate models. In this study, we revisit the relationship
between precipitation and column saturation fraction (CSF) by investigating their tendencies in CSF-
precipitation space using satellite and radar observations, as well as reanalysis. A well-known, roughly
exponential increase in precipitation occurs as CSF increases above a “critical point”, which acts as an attractor
in CSF-precipitation space. Each movement away from and subsequent return towards the attractor results in a
small net change of the coupled system, causing it to evolve in a cyclical fashion around the attractor. This
cyclical evolution is characterized by shallow and convective precipitation progressively moistening the
environment and strengthening convection, stratiform precipitation progressively weakening convection, and
drying in the non-precipitating and lightly precipitation regime. This behavior is evident across a range of
spatiotemporal scales, suggesting that shortcomings in model representation of the joint evolution of convection
and large-scale moisture will negatively impact a broad range of spatiotemporal scales. Novel process level
diagnostics indicate that several models, all implementing versions of the Zhang-McFarlane deep convective
parameterization, exhibit excessive drying of the large-scale environment in their representation of the transition
from shallow to deep convection (Fig. 1).

This work has been submitted to the Journal of Atmospheric Science for publication.
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Fig. 1 Representation of the relationship between precipitation and column saturation fraction (CSF) by (from
top to bottom row) TRMM satellite radar observations and ERA-Interim reanalysis (TRMM+ERAI),
Superparameterized Community Earth System Model (SPCESM), Community Earth System Model
version 2 (CESM2), Community Climate System Model version 4 (CCSM4), and Community
Atmospheric Model version 3 (CAM3). CSF-precipitation space was separated into 1% and 1 mm day™*
bins of CSF and precipitation respectively. Vectors represent the bin mean temporal difference of
precipitation and CSF, and color shading indicating the fraction of observations having a positive
difference within each bin. The magnitude and direction of the vector indicates the evolution of
precipitation and CSF over the time period considered. ~"Leading" (left column) shows the evolution over
the 24 hours leading up to the observation, hence arrow heads are located at bin centers. “"Lagging" (middle
column) shows the evolution over the 24 hours following the observation, hence arrow tails are located at
bin centers. ““Net" (right column) shows the net evolution over the entire 48 hours, with arrow centers are
located at bin centers. Bins containing less than 200 observations are marked with speckling.
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1. Introduction

To support NOAA’s Hurricane Season Outlook, several forecast tools have been developed at the NOAA
Climate Prediction Center (CPC). They include a high-resolution (T382) Climate Forecast System (CFS)
dynamical model (Schemm and Long 2009; Long and Schemm 2014) and a low-resolution (T126) CFS-based
hybrid dynamical-statistical model (Wang et al. 2009), both developed in 2008. The former directly detects,
tracks, and counts tropical storms in the circulation fields from the T382 CFS forecasts, whereas the latter uses
the T126 CFS predicted large-scale seasonal circulation and sea surface temperature (SST) as predictors. The
empirical relationships between the predictors and observed tropical storm activity in historical records are then
applied to make the seasonal hurricane forecast.

In this study, the hybrid model approach is applied with the T382 CFSv2 for the seasonal hurricane forecast.
In this way, a direct comparison can be made between the existing dynamical model and this hybrid model for
the seasonal hurricane forecast, both based on the same dynamical model (T382 CFSv2). A comparison can
also be made between the two hybrid models based 25
on CFSv2 but with different resolutions (T382 vs.
T126).

2. Data and methods

The observation data used in this study include

the number of Atlantic tropical storms, hurricanes, 0 , , . , — , ,
and accumulated cyclone energy (ACE) index ™ ™° ™ #% "% 0 7F
during August-November (ASON) from 1982 to (b)

2018. Both monthly mean SST from NOAA Iz i "

Optimal Interpolation SST analysis version 2 9 DHP R w
(OISSTv2, Reynolds et al. 2002) and vertical wind = | . 5 [ %[\ [ 4 H—7
shear (VWS; Uao-Usso) derived from the NCEP- Aranwan TV IRY LS VR VA
DOE Reanalysis (Kanamitsu et al. 2002) for { b f

August-October (ASO) are also used. The CFSv2 i@ i s 2000 s zoi0 a0is
hindcasts/forecasts for the 1982-2018 hurricane
seasons were initialized in July with both T382 (5
ensemble members) and T126 (24 members)
resolutions.

A hybrid dynamical-statistical tool is
developed for forecasting Atlantic seasonal
hurricanes based on the empirical relationships “em  1ew 1em wom o5 @0z
between observed seasonal hurricane activity and ) ) vear
CFSv2 model predicted SST/AVWS (predictors). Fig. 1 Time series of observed August-November (ASON)

The same method is applied with both the T382 and Adlantic (a) tropical storms, (b) hurricanes, and (c)
T126 CFSv2 model data. The forecast skill of the accumulated cyclone energy (ACE) index from 1982 to
2018, and corresponding linear trend (blue line).

Correspondence to: Hui Wang, Climate Prediction Center, NOAA/NWS/NCEP, 5830 University Research Court, College
Park, MD 20740; E-mail: hui.wang@noaa.gov
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hybrid model is assessed based on
leave-one-out  cross-validations
over the 1982-2018 period and
compared with the skill of the
T382 CFSv2 dynamical forecast
for the Atlantic hurricane season.

3. Results

The variability of Atlantic
tropical storms and hurricanes is
examined first. Figure 1 shows the
time series of observed ASON
Atlantic tropical storms,
hurricanes, and ACE index from
1982 to 2018. All three time series
display large year-to-year
variations, as well as an upward
trend. The interannual variability
of the Atlantic hurricane seasonal
activity is closely related to ASO
seasonal SST and large-scale
circulation, such as vertical wind
shear.

How well the CFSv2 can
predict ASO SST and VWS is
examined in Fig. 2, which shows
the forecast skill quantified by
anomaly correlations  between
observations and model forecasts
for ASO SST and U200-Usso,
respectively. Relatively high
correlation skills are found in the
Nifio-3 region and the Atlantic
hurricane  Main  Development
Region (MDR) for SST (Fig. 2a, b)
and in the western MDR for VWS
(Fig. 2c, d). The forecast skill of
T126 CFSv2 (Fig. 2b, d) is slightly
higher than the T382 (Fig. 2a, c),
which could result from a larger
number of ensemble members for
the T126 CFSv2 (24) than for the
T382 (5).

We next analyze the
relationship  between seasonal
hurricane activity and large-scale
environmental factors, including

(a)SST T382 (¢) U200-U850 T382

GIE Tk (1] e ) [l o Gl 13k 180 1204 ) o

(d) U200-U850 T126

e I N e | I et
0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.g
Fig. 2 Anomaly correlation skill of (a) T382 CFSv2 and (b) T126 CFSv2 for
ASO SST, and (c) T382 CFSv2 and (d) T126 CFSv2 for ASO U2go-Usso.
Boxes indicate the Nifio-3 region and the Atlantic hurricane Main
Development Region (MDR).
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Fig. 3 Maps of correlation between observed detrended ASON Atlantic
hurricanes and ASO SST in (a) observations, (b) T382 CFSv2 forecasts,
and (c) T126 CFSv2 forecasts over the 1982-2018 period. (d)-(f) same
as (a)-(c), but for ASO Uago-Usgsg eorrected correlated with the observed
ASON Atlantic hurricanes.

SST and VWS in observations, as well as in the CFSv2 forecasts. Figures 3a-c present the correlations of ASO
SSTs with the observed interannual change (detrended) of the ASON seasonal hurricane activity. The
correlation map for the observed SST (Fig. 3a) is characterized by positive correlations in the western MDR
and negative correlations in the central and eastern tropical Pacific. Both T382 and T126 CFSv2 predicted
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SSTs exhibit the observed Atlantic Hurricanes ASON 1982-2018

relationships Wlth Seasonal m— T382 Dynamical = T382 Hybrid m— T126 Hyhbrid w— Observation
hurricane activity (Fig. 3b, ¢). The 1 A
results indicate that above-normal
seasonal hurricane activity is
associated with  warm  SST
anomalies in the Atlantic and cold
La Nifia SST anomalies in the o

Atlantic Hurricanes

1985 14990 1985 2000 2005 2010 2015

tropical Pacific. Year

Shown in Figs. 3d-f are the Fig.4 Time series (1982-2018) of ASON Atlantic hurricanes in observations
correlations between ASO Ujgo- (black), T382 CFSv2 dynamical forecasts (red), and T382 (orange) and
Usso and the observed seasonal T126 (blue) CFSv2-based hybrid dynamical—statistical model forecasts.
hurrlcaqe activity. . Negative Anomaly Correlation Skill 1982-2018
correlations are fpund m, the MDR 3:? (@) TS === 7382 Dynamical === T382 Hybrid — 7126 Hybrid s 95% Significance
for both observations (Fig. 3d) and 0.8
CFSv2 forecasts (Fig. 3e, f). o “ “ H “ Iili
Therefore, local strong VWS _ 9z
suppresses  Atlantic hurricanes. & O T ssr T WMOR sST T 02007UB50 " Nino3IWMOR ' Nino3+ViS | WMORFVWS
The negative correlations are § 55Ty H
stronger and cover more areas of 3§ 221
the MDR in the CFSv2 forecasts, 5 2% ﬂ Ii Iili
suggesting  that the  model 252
prediced MDR VWS is § 9" G ssr ™ wMDR 55T " 020000850 | Nino3IWMDR | Nino3+VWS | WMDR+WWS
potentially a good predictor for the < 32T acE
seasonal hurricane activity. The $e]
regions of high correlations in Fig. 531
3 are selected to construct 327
predictors for the dynamical- 0T Nino3 SST | WMOR SST | U200°US50 | Nino3TWMOR | Ninod+VWS | WMDR+VWS
statistical model by averaging Predictor

SSTs in the Nifio-3 region and Fig. 5 Anomaly correlation skills of the forecasts with the T382 CFSv2
western MDR and VWgS in the dynamical model (red line) and T382 (orange bar) and T126 (blue bar)
MDR. respectivel CFSv2-based hybrid models for ASON Atlantic (a) tropical storms, (b)

» fEsP y: hurricanes, and (c) ACE index, cross-validated over 1982-2018 using

Figure 4 shows the time series different predictors derived from the CFSv2 forecasts, including Nifio-3
of the hybrid model forecasts of the SST, western MDR (WMDR) SST, MDR vertical wind shear (VWS,
ASON Atlantic hurricanes for the U2s0-Usoo). Grey line denotes the 95% significance level.

1982-2018 seasons based on ASO

MDR VWS from the CFSv2, as well as the dynamical model forecasts and the observed seasonal hurricanes.
The hybrid model forecasts are closer to observation than the dynamical model in early years. A comprehensive
assessment of the forecast skills using different models and different predictors is presented in Fig. 5 for
seasonal Atlantic tropical storms, hurricanes, and ACE, respectively. All anomaly correlation skills are above
the 95% significance level (grey line). Overall, the skills of the hybrid models (bars) are higher than the
dynamical model (red line). The T126 CFSv2-based hybrid model (blue bars) generally has better skills than
the T382 CFSv2-based model (orange bars). The best skill for the Atlantic seasonal hurricanes is the forecast
with the T126 CFSv2-based hybrid model using both the Nino-3 SST and MDR VWS as predictors (Fig. 5b,
blue bar in column 5).

4. Conclusions

The dynamical-statistical tool was developed for forecasting Atlantic seasonal hurricanes using SST and
vertical wind shear as predictors derived from the T382 CFSv2 forecasts. The forecast skill of this model was
compared with the existing T382 CFSv2 dynamical model and the T126 CFSv2-based hybrid model at the
NOAA CPC. The T382 CFSv2-based hybrid model has overall better skills than the T382 CFSv2 dynamical



WANG ET AL. 49

model in forecasting Atlantic seasonal hurricane activity. Further, the hybrid model based on the low-resolution
T126 CFSv2 has better skills than the hybrid model based on the high-resolution T382 CFSv2. This may be
partially due to the much higher number of ensemble members for T126 CFSv2. For future work, we plan to
extend the analysis for both the hybrid models with the same number of ensemble members and the CFSv2
forecasts for the Atlantic hurricane season initialized in April.
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1. Introduction

There is an understanding in the hydrological sciences community that physical realism is necessary for
providing hydrological forecasts under changing conditions (Bloschl et al., 2019; Clark et al., 2016; Milly et
al., 2008). At present, however, machine learning (ML) generally provides the best estimates of most
hydrological states and fluxes, even in extrapolation (e.g., Best et al., 2015; Kratzert et al., 2019a,b; Nearing et
al., 2018). A notable example of this was provided by Kratzert et al. (2019a), who showed that Long Short
Term Memory networks (LSTMS) produce, on average, better predictions in basins that did not supply training
data (effectively ungaged basins) than a conceptual model well-calibrated to gauge data in individual basins
(gaged basins). This is significant in that the 2003-2012 decadal problem of the International Association of
Hydrological Sciences (IAHS) was “Prediction in Ungauged Basins' (PUB) (Hrachowitz et al., 2013). Prior to
Kratzert et al. (2019a), best practices for PUB required extensive catchment-specific investment (Bloschl,
2016), which is infeasible at large scales (e.g., regional, continental, global).

The purpose of this talk is to suggest ways that hydrological forecasting efforts could begin to bridge the
gap between the reliability we typically associate with models based on physical understanding and the reality
that data-driven models out-perform process-driven models. We give examples of two ways to approach this
problem: (i) explainable ML and (ii) physics-informed ML.

2. Explainable ML under Climate Nonstationarity

The first project discussed in this talk is an example of constructing and deconstructing a deep learning
model to gain better understanding of how it learns to organize information. We did this in the context of
predicting streamflow in catchments under dynamic climate. We used LSTMs because they are conceptually
similar to traditional dynamical systems models, in that they have a memory state that is updated in time through
a set of input-state-output relationships.

Our LSTM took three types of inputs, which are described in more detail in Table 1 by Kratzert et al.
(2019a): (1) daily meteorological forcings, (2) static catchment attributes related to soil, vegetation, geology,
and topography parameters, and (3) dynamic climate statistics related to annual precipitation, potential
evaporation, temperature, aridity, etc. Dynamic climate indexes were calculated on the 365 days just previous
to each daily streamflow prediction. Static catchment attributes and climate statistics were input to an
embedding network consisting of three fully connected layers with 35, 35, and 30 nodes, respectively. The 30
outputs from this embedding network at each timestep were concatenated with daily meteorological forcings
and input to the LSTM.

Correspondence to: Grey S. Nearing, Department of Geological Sciences, University of Alabama, Tuscaloosa, AL;
E-mail: gsnearing@ua.edu
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The resulting LSTM was trained using
the NCAR CAMELS data set (Addor et al.,
2017; Newman et al., 2015) with 15-year
training (1981-1995) and test (1996-2010)
periods. This LSTM was trained and tested
to develop a single continental-scale model
using all of the data from 447 catchments
over CONUS. We wused the same
hyperparameters, training procedure, and
benchmark models as Kratzert et al.
(2019b), and additionally benchmarked
against two LSTMs with static climate
indexes: one wusing climate indexes
calculated over the training period and one
using climate indexes calculated over the
test period.

Cumulative density functions of the
Nash Sutcliffe Efficiencies (NSE) obtained
for the 447 separate catchments over the
test period are shown in Fig. 1. LSTMs
performed better than all of the standard
hydrology models, except for the LSTM
that used static climate indexes calculated
over the test period (green line). This
demonstrates that we cannot simply change
the climate attributes in a basin (e.g., as
climate in that basin evolves) if the model
is trained assuming static climate in each
basin.

Figure 2 shows that the dynamic-
climate LSTM gives very different
hydrographs as climate changes. This
figure was generated by putting the
meteorological forcings from a single
water year (Oct 2014 — Nov 2015) through
the LSTM with the background climate
from different years (2000-2014). The
only thing that is variable in these runs is
the climate index. Notice, for example, that
the peak flow around day 180 of the water
year changes drastically under different
climates. Figures 1 and 2 taken together
show that we must directly account (during
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Fig. 1 NSE CDFs over 447 CAMELS basins of several hydrology
models. The dynamic climate LSTM from Fig. 2 is in blue. All
curves are for the test period.

=

Model-Predicted Streamflow

2014

Dy of Representative Water Year (2014)

Day of 15-year Validation Period (2000 - 2014)

Fig. 2 Hydrographs in a single catchment due to putting the 2014
(representative) water-year forcings through a trained LSTM
with different climate indexes. The only source of variability
along the y-axis (Day of 15-year Validation Period) are the
annual climate indexes. Notice that the peak flows in this
catchment (around DOY 180) are highly responsive to
background climate.

model training) for catchment-specific variable climate.

The reason that the LSTM is able to extrapolate to different catchments and to different climates is that it
effectively ‘sees everything’. A single model trained on all available data from all catchments has a wide
variety of training experience to draw from, and thereby extrapolate into, as the conditions in any given
catchment change. Kratzert et al. (2019b) showed that the LSTM learned a representation of catchment
similarity and used this to model rainfall-runoff behavior in similar catchments using shared parts of the network

structure.
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We can do the same thing under Year = 2000, month = 10
changing climate. Figure 3 is a still-frame
from a movie that reduces the portion of the |
LSTM gate structure that reacts to the \
embedding network (which is variable only |
due to climate indexes) down to first
principal components. Proximity in this I

space indicates catchment similarity, and as 2020000

local  climates change, individual wmm

catchments move in this space and become _

more or less hydro-climatically ‘similar’ to $2395120 @IS @+216500
others. | §2es @010

3. An example of combining process |

3 . . . .zdh-‘ll’:i;(]
modeling with machine learning |

There are several possible ways to
combine physics with ML. This talk
presents an example of integrating an ML
kernel into a fully developed process-based
model. We used Noah-MP, which is the S
land surface component of the NWS | s
National Water Model.

A basic approach to integrating ML Fig. 3 A low-dimensional representation of catchment similarity as

into a process model was described by learned by the LSTM based on static catchment attributes and
Ghahramani and Roweis (1998), whereby annual climate indexes. Ten of 447 CAMELS catchments are
the ML maodel is trained on the analysis highlighted in color. Basins with close proximity in this space
states resulting from data assimilation (e.g., are treated as having similar rainfall-runoff processes by the
by a Kalman-type filter). We can LSTM. This is one time slice in the test period, and this learned
generalize that idea as follows. Suppose representation of catchment similarity will evolve in time as
that we have a dynamical systems model local climate changes in each catchment. The LSTM is
that solves a set of PDEs: effectively interpolating in this space to make new predictions

under dynamic conditions.

—= (., .)

where X are model states, U are boundary conditions, 6 are model parameters, and f( ) is the total divergence.
A discrete-time solution is:

= (-1 )

We can then augment the state transition function f* (') with a ML component as follows:
= ( =1 ) ) + ( -1 ) )

where g( ) is an ML model. The challenge is to train g() given that we don’t have direct access to all of the
system states. Nearing & Gupta (2015) used an ensemble Kalman filter to derive analysis states from a
calibrated rainfall runoff model, and then trained a Gaussian process (Williams & Rasmussen, 2006) to use as

a()

Here we applied a similar technique to the soil moisture state of Noah-MP using data from 11 FluxNet
towers globally. We used only FluxNet sites and years of data having almost complete “.-hourly surface soil
moisture data records, so that data assimilation was not necessary. Figure 4 shows the improvement to surface
soil moisture estimates over the standalone Noah-MP model in individual data-years at each of the 10 FluxNet
sites. These results were obtained using k-fold cross-validation, so that only out-of-sample data is shown in this
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figure. Prior to training and testing the ML LR T T R TR TR TR TR A
integration, Noah-MP was calibrated

against soil moisture data at each site so

that the error being corrected here is model

structural error.

Almost all out-of-sample simulations
were improved as compared to a calibrated
Noah-MP model, indicating potential to
improve systematic structural errors in
Noah-MP by integrating an ML
component.
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Fig. 4 Improvements to out-of-sample surface soil moisture at 10
FluxNet sites (site numbers are indexes into the sites used for the
Protocol for Analysis of Land Surface Models; Abramowitz
2012)
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Improved S2S Forecasts of Precipitation on Land

Ray Schmitt
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ABSTRACT

Most water on Earth is in the ocean and it is the ultimate source of terrestrial rain. Latent heat flux
also dominates the transfer of energy from ocean to the atmosphere and land. While about 50% of surface
evaporation from the subtropical ocean falls back as local precipitation, the rest is exported from the
evaporation-dominated high pressure systems. This generates high sea surface salinity (SSS) in the
subtropical gyres and low SSS in the high and low latitude oceans and coastal regions that receive runoff
from land. About 30% of the water exported from the subtropical oceans rains out on land, as expected
from its fraction of global area. Anomalously large water export from the ocean leads to higher SSS,
guaranteeing that some part of the climate system will experience more rain; lower SSS indicates less
export and less rain elsewhere. We have found that seasonal anomalies in SSS in particular areas of the
ocean have remarkable skill for predicting future rainfall in certain regions on land. That is, springtime
SSS anomalies in different regions of the North Atlantic are good predictors of summer rain in the Sahel
of Africa and the US Midwest. Similarly, spring South China Sea SSS can be used to predict summer
rain in the Yangtze River valley. The delay mechanism involves soil moisture and feedbacks on the
atmospheric circulation. Using a global analysis of fall SSS anomalies, we find even stronger
predictability of winter time precipitation in the US Southwest. In all cases, SSS is superior to Sea
Surface Temperature (SST) as a seasonal predictor. In addition, we have used global SSS and SST as
predictors to win a sub-seasonal rainfall forecasting contest for the US West. We hypothesize that remote
teleconnections arise from rain-generated SSS anomalies that are indicative of diabatic heating of the
upper atmosphere which generates Rossby waves from the tropics to the extra tropics. SSS is superior
to SST because it is an indicator of the large latent heat flux from the ocean which dominates the sensible
flux by an order of magnitude as the prime driver of the atmosphere.

1. Salinity for seasonal predictions

We have recently discovered a number of “teleconnections” from the Sea Surface Salinity (SSS) in certain
regions and seasons to terrestrial rainfall in a following season. For instance, Li et al. (2016a) found that SSS
in the eastern North Atlantic in the spring was an excellent predictor of summer rainfall in the Sahel of Africa,
and Li et al. (2016b) found that springtime SSS off the US east coast was a good predictor of summer rain in
the upper Midwest. The three month delay mechanism turns out to be a function of soil moisture, but in all
cases the SSS signals were superior predictors to Sea Surface Temperature (SST) and various traditional climate
indices. Figure 1 shows the mechanism operating in both regions.

The basic idea comes from the conservation of water and salt on the Earth. No water shed floods from
recycling its own water, ultimately all rain comes from the oceans. When extra evaporation causes a higher
SSS in some region, it means that more water vapor has been exported to other regions and it will rain more
somewhere else. Similarly, if there is less evaporation, the SSS will be lower than normal and there may be
drought somewhere on land. The SSS is a particularly good predictor for extreme floods or droughts in the US
Midwest. (Li, Schmitt and Ummenhofer 2017).

We have also found that springtime SSS in the South China Sea is a good predictor of summer rainfall in
the Yangtze River Valley. (Fig. 2; Zeng et al. 2019).

Correspondence to: Ray Schmitt, Woods Hole Oceanographic Institution, 266 Woods Hole Road, Woods Hole, MA;
E-mail: rschmitt@whoi.edu
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Fig. 1 (Top row) Spring SSS and rainfall teleconnections for the Sahel of Africa, (Bottom row) Spring SSS and
rainfall teleconnections for the US Midwest.

In addition we have discovered very remote SSS teleconnections for wintertime precipitation in the US
Southwest (Southern California, Arizona and New Mexico (Liu, Schmitt and Li 2017). Here the mechanism is
not local but seems to show that SSS variations in the fall are a good indicator of evaporation and precipitation
processes over the ocean that can excite standing Rossby waves in the atmosphere that direct oceanic moisture
to different places on land.

2. Machine learning

Given this record of successful predictions, but lacking funding or a support team in the spring of 2017, |
recruited my twin engineer identical sons to help me enter a rainfall prediction competition for the US West,
since they had acquired skills in machine learning. This contest was sponsored by the Bureau of Reclamation,
the agency responsible for managing many of the dams and hydropower reservoirs in the West. The “Climate
Forecast Rodeo” required two forecasts for temperature and rainfall at 3&4 and 5&6 week leads over the entire
West every two weeks for a full year. We constructed a neural network prediction model trained on global
ocean data and entered as team “Salient” in April of 2017. It turned out that our model was significantly better
than all other competitors in both precipitation categories throughout the contest. We ended up decisively
winning both precipitation contests and receiving bonus awards for the best 1-year hind-casts, proving that our
technique was not a fluke: (https://www.usbr.gov/newsroom/newsrelease/detail.cfm?RecordlD=64969).

Given the lack of research support for innovative prediction methods, the team has invested much of the
$250,000 prize into the formation of a new company “Salient Predictions” in order to advance the techniques.
(http://salientpredictions.com/). It is hoped that there will be sufficient interest from the commercial sector to
support continued development of our approaches.

Much remains to be discovered about these new salinity teleconnections and machine learning techniques
for forecasting. The statistical superiority of SSS to SST or the traditional climate indices for these seasonal
predictions is easy to show, but the specific mechanisms remain to be better defined. Similarly, a search for all
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the regional teleconnections has barely begun. But 40 7
it shows the potential of ocean salinity - 5"’—4

measurements to greatly improve seasonal rainfall
predictions, which will be of great value to farmers,
emergency planners, insurers and re-insurers,
energy and water system managers, city planners,
resort operators, retailer and consumers. The
predictability lies in the inherent long-term memory
of the ocean, which contrasts with the chaotic 30
nature of atmospheric variables. The ocean has ’)r
land-atmosphe

higher moisture
YRV cognt:nt nvetr YRV
1000 times the heat capacity of the atmosphere and i
100,000 times as much water, so it is truly the heart lclstuite faethar
of the climate system (Schmitt 2018). ¥ -

References

Li, L., R. W. Schmitt, C. C. Ummenhofer, and K.
B. Karnauskis, 2016a: North Atlantic salinity
as a predictor of Sahel rainfall. Sci. Adv., 2,
£1501588, doi: 10.1126/sciadv.1501588.

—, —, —, and —, 2016b: Implications of North
Atlantic sea surface salinity for summer
precipitation over the US  Midwest:
Mechanisms and predictive value. J. Climate,
29, 3143-3159, doi: 10.1175/JCLI-D-15-
0520.1.

—, —, and —, 2017: The role of the subtropical
North Atlantic water cycle in the 2015 extreme

A seasonal predictor for
summer precipitation
over YRV

precipitation events in the US. Clim. Dyn., 50, 110

1291-1305, doi:10.1007/s00382-017-3685-y.  Fig. 2 South China Sea Salinity as a predictor of rain in the
Liu, T., R.W. Schmitt, and L. Li, 2018: Global Yangtze River Valley. We have found that springtime

search for autumn-lead sea surface salinity SSS in the South China Sea is a good predictor of

predictors of winter precipitation in summer rainfall in the Ya}ngtz_e River Valley. (Zeng et

southwestern United States. Geophys. Res. al., 2019). The mechanism is much the same as for

Lett., 45 8445-8454. summer rain in the US Midwest.

Schmitt, R.W., 2018: The ocean’s role in climate. Oceanography, 31, 32-40.

Zeng, L., R. W. Schmitt, L. Li, Q. Wang, and D. Wang, 2019: Forecast of summer precipitation in the Yangtze
River Valley based on South China Sea springtime sea surface salinity. Clim. Dyn., 53, 5495-5509. doi:
10.1007/s00382-019-04878-y.



Science and Technology Infusion Climate Bulletin

NOAA'’s National Weather Service

44™ NOAA Annual Climate Diagnostics and Prediction Workshop
Durham, NC, 22-24 October 2019

Calibrated Probabilistic Seasonal Forecasts at IBM/The Weather Company:
Business Applications

Todd Crawford, James Belanger, Michael Ventrice, and John Williams
IBM/The Weather Company

1. Overview

For nearly 20 years, scientists at the International Business Machines Corporation/The Weather Company
(IBM/TWC) have focused on producing the world’s best deterministic forecast, via a process of optimally
blending the forecasts from all available weather models. Via various third-party studies, IBM/TWC
deterministic forecasts are the best in the world. However, in the process of combining all of the weather
models to produce our best forecast, we are discarding a lot of valuable information regarding forecast
uncertainty. Recently, IBM/TWC scientists have turned their focus to probabilistic forecasts, starting with the
15-day forecast window a few years back. More recently, addressing a perceived need in the agriculture market,
the decision was made to expand probabilistic offerings into the seasonal space. This presentation covered
some of the scientific methodology for this offering, but also focused on relevant business applications.

2. Methodology

For our initial foray into probabilistic seasonal forecast, we relied upon the ECMWF S5 seasonal model,
which was introduced in November 2017. The S5 model was available at 0.4 degree spatial resolution and
daily temporal resolution, which allowed for greater flexibility in specifying temporal/spatial rollups. For
example, the typical paradigm in the seasonal time frame has been to provide aggregate forecasts for calendar
months. Daily forecasts can easily be misused, e.g., users may unrealistically expect that a forecast for rain on
a given day four months out should be
expected to verify, so it is important to
temper the baseline expectations of users.
The main advantage of daily resolution is
that it allows the user to create customized
rollups, e.g., a four-week period that .
encompasses the end of June and first half ~ o.2s Calibrated
of July. ECMWF also provided reforecasts
back to 1981 that provides a rich data set
which can be used for proper bias-
correction and calibration.

3. Calibration

HCLR | Apr 1-Month Lead | Location: KATL | Num. of Sites: 25
T T T T T T T

M: 9.35:1.08
M: 9.35:0.78

03

— Raw

Probability

The 50-member S5 ensemble is 01
expected to be under-dispersive, so it is
important to calibrate the raw forecasts to s
capture the full range of possible outcomes.
We  implemented a version of

0

heteroscedastic censored logistic O 20 40 60 80 100 120 140 160 180 200
regression (HCLR, Messner 2014), that Forecast (mm)

were applied to monthly averages of 2- Fig. 1 One-month-lead forecast probability distributions for April
meter minimum and maximum precipitation in Atlanta for the raw (orange) and calibrated (blue)
temperatures. The difference between the reforecasts from 1981-2016, using 25 nearest-neighbor sites.
raw and calibrated monthly aggregate The mean (M) and standard deviation (S) for both distributions

are provided in the upper right.
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forecasts was then applied to all the days within that month. One example of the result of this calibration is
shown in Fig. 1, for one-month lead forecasts for April precipitation in Atlanta. It is clear that the calibrated
distribution is notably wider than the raw distribution, with a heavier tail for larger values relative to smaller
values, which is a desired attribute for modeling precipitation.

4. Business applications

There are many business applications for a well-calibrated and bias-corrected seasonal forecast data set.
One that we will discuss in this summary is predicting the number of hot (defined here as 35°C) days in Australia.
An energy company in Australia seems a sharp spike in energy demand on these particularly hot days, and it
would be financially beneficial for them to have a longer lead-time on a forecast of total occurrence of these
hot days. Having advance notice regarding the number of days where power demand will be excessive allows
the company to plan to have sufficient generation available ahead of time, instead of having to scramble to
provide the power from much more expensive sources of generation at shorter lead times.

Figure 2 below details the forecast distribution of daily maximum temperatures at two important locations
in Australia. Data for one of these locations is shown in the upper right, as the forecast, climatology (climo),
and observed distributions are detailed. The table in the lower right details the number of 35+°C days. We can
see that our forecasts heading into the Australian summer all predicted a higher-than-normal number of hot
days, for both locations, and ended up being reasonably close to the observed number of hot days.

Predicting Number of Hot Days in Australia

Location X | Oct 2018 Init. | Jan-Mar 2019

SPFP-Station PDF

30-yr Station Climatology PDF
Station Observations PDF 1

Australian energy company
sees sharp demand spike on ' red = climo
days w/ max temps > 35 C |

blue = fcst
black = obs

Frequency

2019 summer was hottest
on record in Australia

25 30 35

Daily resolution allows us Daily Max Temperature (C)

to perform these sorts Jan - Mar. 2019 Location X Location Y
of threshold exceedance 30-yr Normal 7.4% 5.0%

10-yr Normal 74% 1.9%

analyses Oct. 2018 Forecast 11.0% 10.0%
Nov. 2018 Forecast 10.1% 8.9%

Dec. 2018 Forecast 10.7% 10.1%

Observed 11.0% 15.2%

Copyright © 2020 IBM Corporation

Fig. 2 Analysis of maximum temperature forecasts at two important sites in Australia for the period January-
March 2019. Graph in the upper right shows distributions of climatology (orange), forecast issued in
October 2018 (blue), and observations (black) at location X. Table in lower right shows percentage of days
with maximum temperatures >35°C at locations X and Y.

5. Conclusion

Scientists at IBM/TWC have developed an exciting new seasonal probabilistic forecasting platform, and
they are already selling it to business in various industries, including agriculture and energy. The use of the
new ECMWEF S5 seasonal model and a sophisticated calibration scheme provides a differentiable advantage
over other seasonal forecasting models.
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ABSTRACT

Drought is a natural disaster with high hazardous impacts on the society. However, due to the
nonlinear nature of climate system, in particular the water cycle associated over the land surface, accurate
forecast of drought remains a challenging scientific problem.

The recent advances in artificial intelligence (Al), in particular the multi-layer feed forward neural
network architecture, often called deep learning (DL), have shown great promise in modeling and
forecasting nonlinear processes.

In this research, we look into the drought prediction by utilizing deep learning algorithms. We
propose a Deep Belief Network consisting of two Restricted Boltzmann Machines, using current drought
conditions as initial and climate model forecasts as inputs. The North-American Multi-Model Ensemble
(NMME) temperature and precipitation forecast are used to train the forecast model. The proposed model
is applied to predict the Standardized Precipitation Indices (SPI) at different time scales across CONUS
region, for short-term and long-term drought. The study compared the machine-learning model with the
traditional baseline forecasts, which are based on the NMME precipitation forecast after corrections by
a complicated Bias Correction Spatial Disaggregation (BCSD) method. The deep learning model shows
an edge in performance over the traditional methods, by Root Mean Square Error and Mean Absolute
Error as metrics. However, considering the raw inputs have not done any post-processing, such as bias
correction, the deep learning model displays a great potential application in the future operational forecast
practice.

1. Introduction

The recent advances in artificial intelligence (Al), in particular the multi-layer feed-forward neural network
architecture often called deep learning (DL), have shown great promise in automatic knowledge discovery
(LeCun et al. 2015). The “deep’ refers to the neural network with many hidden layers, which is built by the
small processing units called neurons. The neurons, inspired by information processing and communication
nodes in biological systems, represent the links or interactions between inputs. The layers of these neurons
could capture a hierarchy of links or “knowledge”, for example, couplings or interactions within the
multidisciplinary aspects of drought, functioning just like the human brain.

Figure 1 shows the difference between deep learning and simple neural network. Deep learning is an
advancement over the simple neural network, with more emphases on learning successive “layers” of
increasingly meaningful representations. Each layer of neural network builds on its previous layer with added
data, such as precipitation, soil moisture, runoff etc., and other features that may take years to connect together
if processed by a human being. The deep learning could recognize and uncover more “complicated” links than
simple neural network, thus making it an excellent tool to investigate the full array of drought interactions. The
DL algorithm can absorb a large amount of drought related data, it can find commonality among data as well
as identify differences. It discovers intricate structure in large data sets by using the backpropagation algorithm
to indicate how a machine should change its internal parameters that are used to compute the representation in
each layer from the representation in the previous layer (LeCun et al. 2015).

Correspondence to: Li Xu, Climate Prediction Center, NOAA/NWS/NCEP, 5830 University Research Court, College Park,
MD 20740; E-mail: li.xu@noaa.gov
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Fig. 1 The comparison of deep learning with simple neural network.

Currently, DL has achieved a number of high profile successes in computer sciences such as machine vision,
speech recognition, and gaming etc. This success has prompted a growing interest in applying machine learning
to new areas, in particular the earth sciences (Reichstein et al. 2019). It initiated a lot of pioneering research in
the Al for atmospheric science applications, such as the recognition and identification of synoptic-scale fronts
(Lagerquist et al. 2019) in the weather map, downscaling rainfall forecast (Anh et al. 2019), hurricane intensity
forecast (Cloud et al. 2019), estimating tropical cyclone (TC) intensity from satellite images (Wimmers et al.
2019), and predicting weather forecast uncertainty with machine learning (Scher and Messori 2018).

2. Data and tools

Coupled dynamical climate model are used to explore the objective DL-based drought forecast, to combine
the forecast signal of dynamical model with data-driven Al algorithm. The model hindcasts are drawn from
the six models in NMME phase Il (Kirtman et al. 2014): (1) NASA GEOS5 (Schubert et al. 2014), (2) GFDL
FLOR (Delworth et al. 2006; Delworth et al. 2012; Vecchi et al. 2014), (3) NCAR CCSM4 (Neale et al. 2013),
(4) CMC version 1 (Flato and Boer 2001), (5) CMC version 2 (Flato and Boer 2001), and (6) NCEP/CPC
CFSv2 (Saha et al. 2014). The large ensemble of monthly hindcasts of the NMME phase 2 was constructed by
integrating each model many times from different initial conditions during the 1982-2010 period. The size of
the hindcast ensemble and the length of the hindcast for each model depend upon the responsible modeling
center. Monthly and seasonal hindcast data for each of the models are utilized in the study.

The major tools used in this project are from the TensorFlow 2.0 software package. The TensorFlow is a
free and open-source software library for machine learning applications, developed by Google™. As the leading
software library in the Al, the TensorFlow is an end-to-end open source platform for machine learning. It has a
comprehensive, flexible ecosystem of tools, libraries and community resources that lets researchers push the
state-of-the-art in ML and developers easily build and deploy ML powered applications. And also TensorFlow
Probability is a library for probabilistic reasoning and statistical analysis in TensorFlow. As part of the
TensorFlow ecosystem, TensorFlow Probability provides integration of probabilistic methods with deep
networks, gradient-based inference using automatic differentiation, and scalability to large datasets and models
with hardware acceleration (GPUs) and distributed computation.

3. Results

We designed a Deep Belief Network consisting of two Restricted Boltzmann Machines, that using current
drought conditions as initial and coupled climate model forecasts as inputs. The North-American Multi-Model
Ensemble (NMME) temperature and precipitation forecasts are used to train the machine-learning model to
predict the Standardized Precipitation Indices (SPI) at different time scales across CONUS, for both short-term
and long-term drought. The results compared with the baseline forecasts, which are based on the NMME
precipitation forecast after being processed by a complicated Bias Correction Spatial Disaggregation (BCSD)
method. The deep learning model shows a marked improvement over simple dynamic model (Fig. 2), over
major CONUS region at most leading time (1-4 month), by anomaly correlation coefficient (ACC). However,



XU AND MO 65

CL SPIE forecaost @0 Jul
legd= | man delba ACC e =1 mon

nad=Jman delba ACC

0AR1 068 OB L7 0K 0.9 —0.0R=0.07-0.01 001 .07 D.OR

Fig. 2 The anomaly correlation coefficient (ACC) of deep learning SPI16 forecast against observation (left
column) with leading 1-4 month (from top to bottom row) and the corresponding delta ACC (right
column) compared with baseline NMME SPI16 forecast based on the BCSD method.

considering the climate model forecasts have been inputted without any post-processing, such as bias correction,
the deep learning model displays a great potential application in the future forecast practice.

4. Future study

We are going to further explore the drought forecast based on the more advanced machine learning model.
A mixed convolutional and recurrent neural network, CNN Long Short-Term Memory Network or CNN-LSTM
for short, is designed to combine the forecast signal from coupled climate model with drought evolution itself.
The LSTM is a recurrent neural network architecture that has been adopted for time series forecasting. CNN-
LSTM is an advance in LSTM, specifically designed for sequence prediction problems with spatial inputs, using
Convolutional Neural Network (CNN) layers for feature extraction on input data combined with LSTMs to
support sequence prediction. A geo-layer was designed to integrate the spatial-temporal correlation from inputs.
To implement the geographic information, we add a convolutional layer before the Long Short-Term Memory
model, to catch spatial-temporal correlation within the drought data (Fig. 3). This recurrent neural network can
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Fig. 3 Demo of Convolutional Neural Network Long Short-Term Memory Network (CNN-LSTM)
architecture.

not only evaluate current drought states, but also “think” of the historical evolution of droughts. We expect this
method could improve the drought forecast due to combining the physical processes based dynamical model
and the data driven Al algorithm.
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