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Abstract

This analysis examines the predictability of several key forecasting parameters using the
ECMWEF Variable Ensemble Prediction System (VarEPS) for tropical cyclones (TCs) in the
North Indian Ocean (NIO) including: tropical cyclone genesis, pre-genesis and post-genesis track
and intensity projections and regional outlooks of tropical cyclone activity for the Arabian Sea
and the Bay of Bengal. Based on the evaluation period from 2007 to 2010, the VarEPS TC
genesis forecasts demonstrate low false alarm rates and moderate to high probabilities of
detection for lead-times of one to seven days. In addition, VarEPS pre-genesis track forecasts
on average perform better than VarEPS post-genesis forecasts through 120 hrs and feature a total
track error growth of 41 nm per day. The VarEPS provides superior post-genesis track forecasts
for lead-times greater than 12 hrs compared to other models including: UKMET, NOGAPS, and
GFS, and slightly lower track errors than the Joint Typhoon Warning Center. We conclude with
a discussion of how the VarEPS can provide much of this extended predictability in a

probabilistic framework for the region.
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1. Introduction:

Tropical cyclones (TCs) in the North Indian Ocean have a profound impact on the littoral
countries of the Arabian Sea and the Bay of Bengal. The combination of a shallow coastal plain
along with a thermodynamically favorable environment allow TCs to impart high surface winds,
torrential rains and significant wave heights (wave setup plus storm surge) as these systems
move inland. In addition, the world’s highest population density coupled with low
socioeconomic conditions in the region has resulted in several landfalling TCs becoming
devastating natural disasters. In fact, eight of the ten deadliest TCs of all time have occurred in
the Bay of Bengal and the Arabian Sea with five impacting Bangladesh and three making
landfall in India (WMO-TD No. 84). Furthermore, the highest storm tide ever recorded by a TC
(45 feet) occurred in the North Indian Ocean near the Meghna Estuary, Bangladesh in 1876
(WMO-TD No. 84). These occurrences highlight the need to provide regional governments and
populace in the region as much advance warning as possible.

The Indian Meteorological Department (IMD), which is the WMO-—designated Regional
Specialized Meteorological Centre (RSMC), provides the official tropical cyclone forecasts and
warnings in the North Indian Ocean. As mandated by the WMO, the IMD is required to
coordinate and release their forecasts daily with each member country within the North Indian
Ocean. However, ultimate responsibility for forecast development and warning dissemination
lies with each country’s national meteorological service. As part of the daily operational
procedure when a TC is not present in the region, the IMD is required to prepare a daily tropical
weather outlook, which assesses the possibility of tropical depression development in the Bay of
Bengal and the Arabian Sea. Unlike the National Hurricane Center’s Tropical Weather Outlook,

which provides the likelihood of TC genesis during the next 48 hours (Rappaport et al. 2009), the
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WMO provides no mandatory time constraint for this outlook product as the forecast time period
is determined separately by each RSMC. In addition, this product does not provide any
quantitative, probabilistic information about the potential for tropical cyclone formation or the
track for the system if formation occurs.

After a TC has reached depression status, the IMD begins issuing forecast advisories, which
describes the system’s past movement, current location and intensity and its future location,
translation speed, wind intensity, maximum average surface wind speed including the highest
surface wind gust. However, the IMD does not produce storm surge forecasts, even though this
region has historically experienced devastating impacts from TC-induced storm surge (Webster
2008); storm surge forecasts remain the responsibility of each country’s national meteorological
service (WMO-TD No. 48). In addition, the WMO only requires that these forecasts cover a
time horizon of three days, while most operational numerical guidance in other basins spans a
five-day forecast window (Rappaport et al. 2009).

A comprehensive literature review of American Geophysical Union and American
Meteorological Society journals found no articles published in the last five years that examine
the predictability of NIO TCs using the latest generation of global numerical weather prediction
systems. In addition, very few studies have been devoted to assessing the performance of
ensemble prediction systems for tropical cyclones. Recently, Dupont et al. (2011) have assessed
how well ensemble-based tropical cyclone track forecasts perform in the South Indian Ocean. In
particular, they show that calibrated probabilistic forecasts from the European Centre for
Medium-Range Weather Forecasts (ECMWF) Variable Ensemble Prediction System (VarEPS)

perform better than climatology in assessing track uncertainty for a lead-time of three days.
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Results from this analysis has led RSMC La Réunion to develop their uncertainty cones using
the VarEPS and to extend their track forecasts from a lead-time of three to five days.

The purpose of this study, similar to the Dupont et al. (2011) analysis, is to assess how well
TC forecasts from the VarEPS perform in the North Indian Ocean for the period 2007-2010. In
essence, forecast performance will be evaluated through an assessment of probabilistic tropical
cyclone genesis forecasts, pre-genesis track and intensity forecasts. This assessment is followed
by a more typical comparison of post-genesis forecast track and intensity performance of the
VarEPS relative to other global modeling forecast systems. After evaluating the performance of
TC genesis, track, and intensity forecasts from the VarEPS in Section 3, recommendations on
how this model guidance may be used to produce extended-range probabilistic tropical cyclone
forecasts are presented in Section 4.
2. Data and Methods
a) ECMWEF Variable Ensemble Prediction System

The predictability of tropical cyclones in the North Indian Ocean is evaluated using the
ECMWEF VarEPS (hereafter; VarEPS). During the period 2007-2010, the VarEPS has
undergone a number of important changes' that include increasing the horizontal and vertical
resolution of the modeling system, expanding data assimilation procedures to include a greater
number of satellite radiance measurements, updating model physics (including cumulus
convection parameterization schemes) and changing how initial and stochastic perturbations are
generated using singular vectors.

As of 26 January 2010, the VarEPS includes the ECMWF global model that is run at TL1279

spectral truncation (horizontal resolution ~ 16 km) with 91 vertical levels out to ten days along

" A complete description of these changes may be found at:
http://www.ecmwf.int/products/data/technical/model id/index.html.
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with 51 ensemble members (50 perturbed members + 1 control run) at TL639 spectral truncation
(horizontal resolution ~ 32 km) with 62 vertical levels. For days 11-15, the 51-member
ensemble is processed at a reduced TL319 spectral truncation (horizontal resolution about 63
km).

To represent the uncertainty in initial conditions, ensemble perturbations are constructed
using singular vectors which capture the fastest growing errors in the first 48 hours (Buizza and
Palmer 1995). Stochastic perturbations are also added during the model integration to account
for the uncertainty in parameterized physical processes. Five additional singular vectors are
computed and perturbed in the six grid spaces enclosing each TC using a diabatic, adjoint
version of the ECMWF global atmospheric model at TL42 spectral truncation with 42 vertical
levels (Barkmeijer et al. 2001, Puri et al. 2001). The 15-day VarEPS 00UTC forecasts for the
period 1 January 2007 to 31 December 2010 were obtained through the THORPEX Interactive
Grand Global Ensemble (TIGGE; http://tigge.ecmwf.int/) project where the North Indian Ocean
domain included the region: 0-30N; 40—110E and were at a horizontal resolution of 0.25° x
0.25°.

b) Tropical Cyclone Tracking Scheme

To isolate tropical cyclones in the VarEPS analysis and forecast fields, we use a modified
version of the Suzuki-Parker tracking scheme (Holland et al. 2010). To increase the intensity
retrievals from the VarEPS, 10 m winds are replaced with winds averaged in the lower
troposphere (10 m, 925 hPa, and 850 hPa). The tracking scheme processes each ensemble
member for tropical cyclones by first identifying candidate vortices that exhibit a local minimum
in mean sea level pressure. This initial set of vortices is filtered by removing systems that do not

have a maximum lower tropospheric wind speed greater than 16 kts (8.2 m s™) and an 850 hPa
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relative vorticity maximum greater than 1x10™ s™. The next component of the tracking scheme
confirms that each identified vortex possess a warm core as defined using the Hart (2003) phase-
space method. The cyclone phase analysis quantifies the thermal structure by assessing the
lower to middle troposphere’s thickness gradient across the cyclone and the magnitude of the
cyclone’s lower troposphere and middle to upper troposphere’s thermal wind. After the tracking
scheme has been implemented for each ensemble member, any tracks that originate over land are
removed unless the ensemble tracks are within 300 n mi of an observed tropical cyclone.
Furthermore, all ensemble forecast tracks must have a lifetime of at least one day. The scheme
does have limitations with respect to exceedances in lower troposphere winds and relative
vorticity which can produce unrealistic track forecasts, such as in the vicinity of 10-17N; 40-
55W. Accordingly, all ensemble tracks from this region were eliminated unless they were in
association with an observed tropical cyclone.
c) Filtering Tropical Cyclone Forecast Tracks and Determining False Alarms

After applying the tropical cyclone tracking scheme and post-processing routines to the
VarEPS forecasts, a tropical cyclone filtering algorithm is used to determine which ensemble
track forecasts for a particular VarEPS integration are associated with an observed tropical
cyclone (Figure 1). First, the starting time and initial position of each ensemble track forecast,
Ej(x,, Yo, 1), 1s compared to the initial location and time of each observed tropical cyclone, O;(x,,
Yo, t,). If the ensemble forecast track is within the spatial and temporal thresholds set by the
filtering algorithm, then the ensemble forecast track is associated with an observed tropical
cyclone. The spatial limit is 500 n mi at ¢, with an increase of 100 n mi for each 24 hour increase
in forecast lead-time. The temporal limit is £ 5 days at 7, with an increase of one day for each 24

hour increase in forecast lead-time. For ensemble track forecasts within the limits, these
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forecasts are further subdivided into pre-genesis forecast tracks, Epgg.7¢ j(X), and post-genesis
forecast tracks, Eposr.rc j(X). If the ensemble forecast track precedes the date of observed
tropical cyclone genesis, defined as the date when the first tropical depression advisory is issued
by the Joint Typhoon Warning Center (JTWC), then the forecast track is classified as a pre-
genesis forecast track, Epge.7c (X). Post-genesis forecasts tracks, Eposr-7c j(X), begin with the
first tropical depression advisory and continue until the last tropical advisory has been issued for
an observed tropical cyclone.

After determining which ensemble forecast tracks are associated with an observed tropical
cyclone, there is an implication that all other ensemble forecast tracks must be false alarms.
However, to take advantage of the probabilistic framework of the VarEPS, we have developed a
false-alarm clustering algorithm such that a false alarm occurs for a particular model integration
when a cluster of VarEPS ensembles produces a localized set (in space and time) of forecast
tracks. The method uses the spatial and temporal thresholds from the tropical cyclone filtering
routine and “k-means clustering” (Mirkin 1996). K-means clustering is an algorithm designed to
divide a set of points (i.e. initial ensemble forecast coordinates) into k—clusters whose
membership is based on the distance between each ensemble’s forecast point and each cluster’s
mean or centroid location.

First, the definition of a false alarm cluster is when the normalized number of ensemble
tracks within a cluster is in excess of this false alarm ensemble probability, Pr. The ensemble
probability threshold, Pp, is pre-defined by the user and should be determined based on the end-
user’s needs (1.e. for few false alarms, select a high Pr). Next, all ensemble tracks, Ej(x), for a
particular model integration are compared with the set of ensemble forecast tracks that were

defined as either pre-genesis, Epge.rc j(X), or post-genesis, Eposr-rc j(X), tropical cyclone forecast
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tracks. Those ensemble forecast tracks that are not in the set of tropical cyclone forecast tracks
become candidate false alarms, Ecr4 j(X), creating a new set of ensemble forecast tracks for
further analysis, i.e. E{X) = Ecra (X). Thereafter, the clustering routine begins first with the
assumption that all candidate false alarm tracks belong to the same cluster, i.e. k = 1, so that an
ensemble mean initial location Fy(xy) and forecast time Fy(#)) is defined. This coordinate
information then becomes the “clustering point” that the false alarm filtering routine uses in
conjunction with the spatial and temporal thresholds defined previously to determine which
ensemble forecast tracks are close to the cluster’s ensemble mean starting time and initial
location. For ensemble forecast tracks that are not within the distance and time thresholds of the
cluster, these tracks are removed from further false alarm consideration unless the number of
clusters changes.

After the subset of false alarm ensemble forecasts for the cluster is identified (i.e., Ecra (X)
— Erac (X)), then if the total number of forecast tracks within this set is in excess of the false
alarm ensemble threshold P, then the process described previously is repeated except that the
number of clusters is increased by one (k =1 — k = 2), so that now, two k-means clusters are
created from the initial set of ensemble forecast tracks, Ecra (X). Each cluster’s mean coordinate
information is then used in the false alarm filtering routine to identify which ensemble forecast
tracks are within the cluster’s starting time and initial location. Afterwards, if ensemble track
membership of both clusters is in excess of the false alarm probability threshold, then the
complete process is repeated except that three clusters (k = 3) are defined. This iterative process
continues until the number of ensemble tracks for any cluster drops below the false alarm
ensemble probability threshold. When this occurs, the finalized number of false alarm clusters

for a particular model integration is then k—1 clusters.
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3. Results and Discussion

In Section 3a we present an analysis of the VarEPS predictions of tropical cyclone formation
in the North Indian Ocean for the period 2007-2010. The analysis is accomplished by evaluating
the probability of detection and the false alarm rate as a function of forecast lead-time and
increasing probability threshold. We also include an evaluation of how well the pre-genesis
tropical cyclone forecast tracks and intensities from the VarEPS perform relative to observations.
In Section 3b, the forecast skill for track and intensity forecasts post-genesis is evaluated.
Finally, in Section 3¢ we examine the regional predictability of TC activity in the North Indian
Ocean by evaluating the VarEPS forecasts separately for the Arabian Sea and the Bay of Bengal.
a) Tropical Cyclone Formation and Pre-genesis Forecasts

Figure 2a shows the spatial distribution of tropical cyclone forecast tracks for Severe Cyclone
Nargis from the VarEPS initialized on 23 April 2008 00UTC, which is about four days prior to
the initiation of tropical depression advisories by the JTWC. This case illustrates some of the
forecast information that is contained within the tropical cyclone VarEPS forecasts. The VarEPS
forecasts are in good agreement that the pre-tropical vortex that would become Nargis would
reach advisory criteria around 27 April 2008 in the central Bay of Bengal. Thereafter, based on
forecasts on 23 April, the tropical cyclone is forecast to move generally towards the east-
northeast on a track that would cause the system to make landfall in Myanmar around 30 April or
1 May with a high (60%+) probability as a hurricane and a much lower (5%) probability as a
severe cyclone/major hurricane. Nargis was observed to intensify to category 4 hurricane level
on the Saffir-Simpson intensity scale with maximum sustained winds of 115 kts. The system
made landfall in southern Myanmar on 2 May 12UTC, propagating eastward across the

Irrawaddy delta (Webster 2008). The forecast performance of the VarEPS for Severe Cyclone
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Nargis is exceptional in nearly all facets of prediction: tropical cyclone genesis was forecast
correctly eight days in advance, ensemble mean track errors never exceeded 375 n mi even based
on pre-genesis track forecasts, and intensity forecasts, although underestimated, indicated a
moderate (30%+) probability of Nargis reaching hurricane intensity nearly six days in advance of
TC formation.

A more systematic study of all tropical cyclones in the North Indian Ocean is now conducted
to determine whether the Nargis forecast performance is characteristic of the VarEPS. Figure 3
is a relative operating characteristic (ROC) evaluation of the VarEPS forecasts for NIO tropical
cyclone genesis using the metrics of probability of detection (POD; also known as hit rate) and
false alarm rate (FAR; also known as probability of false detection) for all 23 tropical cyclones
occurring during the 2007-2010 period using the false alarm clustering methodology from
Section 2c. The POD is a measure of the fraction of observed tropical cyclones where TC
genesis was forecasted correctly relative to all observed TCs. The FAR is the proportion of all
forecasts where a forecast of TC genesis was issued and did not occur along with the number of
correct rejections (i.e. TC genesis was not forecast to occur and it did not occur). The false
alarm rate should not be confused with the false alarm ratio, which is the proportion of all
forecasts where TC formation is forecast to occur but did not (Barnes et al. 2009). Since the
false alarm rate is a function not only of the number of false alarms but also the number of
correct rejections, the number of VarEPS forecasts included in this evaluation will modulate the
false alarm rate mainly through the number of correct rejections. If all VarEPS forecasts from
2007-2010 are included, the false alarm rate as a function of forecast probability threshold is

significantly lower than if only the months traditionally associated with NIO TC activity are

11
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included. Therefore, for this analysis, the VarEPS evaluation is restricted to the months of April
to June and August to December for the 2007-2010 period.

The POD and FAR statistics are also sensitive to the time window that is used for verification.
For instance, if one were to verify all one-day lead-time TC genesis forecasts, but did not require
that the VarEPS correctly forecast the actual date and time of TC genesis (i.e. a 360-hr time
window is used), the POD would be much larger and the FAR much smaller than if a short
window centered on the time of TC genesis is required. Figure 3a-c shows the POD and FAR of
the VarEPS forecasts using 48-hr, 96-hr, and 360-hr time windows calculated at a 10% forecast
probability interval ranging from 0 to 100%. The time window is defined with respect to the
time of TC genesis, #, (e.g. a 48-hr window is £ 24 hrs from 7,). Using the 48-hr time window,
the VarEPS forecasts for lead-times of one to five days in advance exhibit moderate probabilities
of detection (0.4 to 0.7) with very low false alarm rates (0.1-0.2) mainly for forecast probability
thresholds of 10-40% (Figure 3a). Although the false alarm rate never exceeds 0.2 even at
extended lead-times, VarEPS forecasts made over seven days in advance tend to have low POD
once forecast probability thresholds surpass 20%. This observation reflects a decreased
frequency of VarEPS forecasts at long lead-times where the forecast probability exceeds 20%. If
a 96-hr time window is used, the probability of detection of the VarEPS on average increases by
about 0.2 and the false alarm rate by about 0.1 for forecasts of TC genesis made less than seven
days in advance (Figure 3b). Forecasts greater than seven days in advance benefit even more
from the increase in time window, as the POD for a ten-day lead-time forecast increases on
average by about 0.15, and the FAR increases by only 0.05 for a forecast probability threshold of

10-30%. Finally, using the full 15-day period of the VarEPS to define the time window of TC

12
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genesis, the average POD exceeds 0.7 and the FAR ranges from 0.3 to 0.6 based on forecast
probability thresholds of 10-40% (Figure 3c).

A key component of any operational forecasting system for TC genesis is knowing what
combination of forecast lead-time and time window maximizes the probability of detection while
minimizing the false alarm rate. If the ROC score is calculated as a function of forecast lead-time
for various time windows, the optimum time window is found by determining at which time
window the ROC score obtains a maximum value. It should be noted that the area under the
ROC curve, known as the ROC score, varies from 0 to 1, where 0.5 indicates no forecast skill,
and a value of 1 indicates a perfect forecast system (Mason and Graham 1999). For TC genesis
forecasts with lead-times of one to five days in advance, a 48-hr time window around the
forecast date of genesis maximizes the probability of detection while minimizing the false alarm
rate. For TC genesis forecasts beyond a lead-time of five days, the ROC score is maximized if
the full 15-days of the VarEPS integration is used to determine the forecast time of TC genesis.

The following analysis allows a greater understanding of the NIO false alarms that occur in
the VarEPS. The spatial distribution of each false alarm cluster’s ensemble starting location
from 2007 to 2010 is shown in Figure 4a. Although the false alarms in the Arabian Sea and
southern Bay of Bengal tend to be distributed uniformly during the 2007-2010 period, there is a
relatively high concentration of false alarm clusters that stretch from the northwestern Bay of
Bengal into the extreme northeastern Arabian Sea. The false alarm clusters in the northwestern
Bay of Bengal tend to occur in a localized region where there is a large gradient in topography
between the Bay of Bengal and the northern portion of the Eastern Ghats mountains. This
concentration of false alarms may be defining the preferential track of pre-existing cyclonic

vortices that move through the Bay of Bengal and into India but never become TCs. The
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localized nature of this false alarm concentration may indicate a relationship between current
convective parameterization schemes, topography, and the forecast frequency of TC genesis in
the VarEPS.

Figure 4b shows the false alarm ratio for the period 20072010 with Figure 4c indicating the
cumulative distribution function of all false alarms as a function of forecast lead-time. The false
alarm ratio obtains a peak value around 0.5 for a forecast probability level of 10% and decays
nearly exponentially as the forecast probability threshold increases. At a forecast probability
threshold of 25%, the false alarm ratio and the forecast probability threshold are equivalent.
Figure 4c¢ shows that around half of all false alarms during the 2007-2010 period occurred at a
forecast lead-time of 120 to 240 hours.

We now evaluate how well the VarEPS forecasts perform for track and intensity prior to TC
genesis. The average ensemble mean track error at a lead-time of 24 hrs is 82 n mi with a 50%
interval of 51-106 n mi, and at 120 hrs it is 224 n mi with a 50% interval of 116-292 n mi for all
pre-genesis VarEPS forecasts during the period 2007-2010 (Figure 5a). From a lead-time of 24
hrs to 240 hrs, the mean ensemble track error growth is nearly linear at 41 n mi per day, so that
by a lead-time of 240 hrs, the total mean ensemble error is 409 n mi with a 50% percent interval
of 186—498 n mi. In addition, the ensemble track error distribution becomes increasingly non-
Gaussian as forecast lead-times increases. The implication is that beyond 72 hrs, the mean
ensemble track error grows larger than the maximum likelihood of the pre-genesis track error
distribution. Figure 5a also shows that the VarEPS track forecasts perform similarly regardless
of year, indicating that even though the VarEPS has undergone several major changes during the
2007-2010 period, there has not been a substantial change in forecast track performance in the

NIO. To place these pre-genesis track errors in perspective, the Indian Meteorological
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Department’s post-genesis track errors at a lead-time of 48 hrs and 72 hrs typically average 162 n
mi and 270 n mi, respectively®. This is equivalent to VarEPS ensemble mean pre-genesis
forecasts at lead-times of 90 and 138 hours, respectively.

Figure 5b shows the absolute intensity error for all pre-genesis ensemble forecasts during the
period 2007-2010. Forecasts with a lead-time of 24 hrs have a mean absolute intensity error of
11 kts (6 m s™) with a 50% percent interval of 6-15 kts (3-8 m s'), and by 120 hrs the mean
absolute intensity error grows to 23 kts (12 m s™) with a 50% interval of 7-27 kts (4-15ms™).
However, unlike the pre-genesis TC track forecasts where the 95" percentile interval is
approximately 2.5 times as large as the mean ensemble track error at 120 hrs, the 95™ percentile
interval for absolute intensity error is 3.4 times as large, reflecting a substantial negative intensity
bias for several of the most intense tropical cyclones during the 2007-2010 period (not shown).
In terms of the interannual variation in forecast performance of intensity, Figure 5b indicates that
the VarEPS forecasts for 2008—2010 have on average performed substantially better than the
VarEPS forecasts from 2007, with 2008 and 2009 showing three times the improvement relative
to 2007. This marked change in forecast skill of intensity may be due in part to the horizontal
and vertical resolution increase that occurred after 2007 in the VarEPS.

Forecasting tropical cyclone formation requires an estimate of not only the likely location of
TC genesis, but also the time when a system is likely to reach advisory thresholds. Figure 5S¢
shows the relative error (in days) in the VarEPS’s forecast timing of TC genesis. Positive values
indicate the VarEPS TC genesis forecasts occur sooner than observations, while negative values
indicate a later genesis date. For the first 120 hours, the ensemble spread becomes more

dispersive as forecast lead-time increases, such that at a lead-time of 24 hours, the VarEPS mean

? http://www.imd.gov.in/section/nhac/dynamic/faq/FAQP.htm
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309 ensemble error is -0.5 days with a 50% ensemble interval of -1 to 0.5 days. By 120 hrs, the
310  VarEPS mean ensemble error is 0.5 days but with a 50% ensemble interval of -0.9 to 1.9 days.
311  After a lead-time of 168 hrs, the VarEPS mean ensemble bias begins to increase more rapidly but
312 with little change in ensemble spread, such that at 240 hrs the VarEPS mean ensemble bias

313 grows to 2.2 days with a 50% interval of 0.8 to 3.3 days. Although the ensemble spread is

314  several times larger than the VarEPS mean error, the systematic growth in the mean bias as a
315  function of forecast lead-time is a robust feature of Figure 5c. If one compares the mean error
316  for the first 72 hours (-0.2 days) relative to 168—240 hours (1.3 days), this difference is

317  statistically significant at the 99% confidence level using a bootstrap resampling test.

318 One possible explanation of why the VarEPS’s forecasts for timing of TC genesis are well-
319  constrained through a lead-time of 168 hrs is the dispersion or spread among the VarEPS’

320  ensembles. Figure 5d shows the distribution of ensemble spread in genesis time for each TC
321  from 2007 to 2010 as a function of forecast lead-time. The ensemble spread is calculated as the
322  difference in time (in days) of TC genesis between the earliest and latest ensemble member. As
323  shown in Figure 5d, the ensemble spread in TC genesis time grows rapidly for the first seven
324  days of forecast lead-time, then begins to grow less rapidly reaching a peak spread around 12
325  days after a forecast lead-time of 168 hrs. While the 15-day integration period has the effect of
326 artificially limiting the spread, the limited TC sample size from 2007-2010 makes it impossible
327  to evaluate the statistical significance of the bias (c.f. Figure 5c).

328  b) Post-genesis Tropical Cyclone Forecasts

329 Figure 6a shows the error distribution of all VarEPS track forecasts during the 2007-2010
330 period indicating how the total track error statistic varies as a function of lead-time after TC

331  genesis has occurred. From Figure 6a it is seen that at a lead-time of 24 hrs, the mean track error
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1s 71 n mi with a 50% interval of 35-98 n mi. From 24 to 120 hrs, the VarEPS track errors
increase linearly at a rate of 58 n mi day' such that by a lead-time of 120 hrs, the mean track
error is 325 n mi with a 50% interval of 148—427 n mi. When compared to the pre-genesis track
forecasts, the post-genesis track errors are larger by 15% to 30% depending on the lead-time and
quantile considered of the track error distribution. Although a topic of future work, this finding
suggests that the VarEPS post-genesis procedure of increasing ensemble spread through moist
singular vectors in a sub-region enclosing a TC leads to greater track forecast degradation
through a lead-time of 120 hrs than if the procedure was not used. Similar to the VarEPS pre-
genesis track forecasts, the VarEPS post-genesis track forecasts show no significant
improvement in annual performance for the period 2007-2010.

To place the VarEPS’s post-genesis track forecasts in perspective, Figure 6b compares the
VarEPS control and ensemble mean forecasts with other forecasting agencies including the
JTWC, the U.S. Navy’s version of the GFDL (GFDN), the United Kingdom Meteorological
Office’s global model (UKMET), the National Center for Environmental Prediction’s Global
Forecast System model (GFS) and the U.S. Navy’s NOGAPS model. Since these forecasts were
obtained through the U.S Navy’s Automated Tropical Cyclone Forecasting System, most of the
forecast guidance is limited to 72-hrs, similar to the temporal limit of the JTWC’s forecasts prior
to 2010. Although the VarEPS control and ensemble mean forecasts on average begin with the
largest initial track error, 12-hrs later and beyond the VarEPS control and ensemble mean exhibit
the lowest track errors among all other model forecasts. In addition, the VarEPS control and
ensemble mean on average exhibit slightly lower track errors than the JTWC through a lead-time
of 72-hrs, although this difference is not statistically significant at the 95% confidence level.

Relative to the next best performing forecast model, the VarEPS ensemble mean’s 24-hr, 48-hr,
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and 72-hr track forecast error is on average 10%, 19%, and 27% smaller than NCEP’s GFS.
Since the linear track error growth per day for the VarEPS ensemble mean (41 n mi/day) is

considerably smaller than the GFS (66 n mi/day), greater track forecast utility is obtained at
longer lead-times with the VarEPS in comparison to other model forecasts.

Figure 6¢ shows the distribution of absolute intensity error for all VarEPS post-genesis
forecasts during the 2007—-2010 period. At the analysis time step (0 hrs), the mean absolute
intensity error of all VarEPS forecasts is high at 21 kts (11 m s™) with a 50% interval of 527 kts
(3-14m ™). By alead-time of 72 hrs the mean absolute intensity error reaches 28 kts (15 ms™)
with a 50% interval of 847 kts (4-25 m s™), and by 108 hrs, the VarEPS mean forecasts reach
their maximum intensity error of 32 kts (18 m s™) with a 50% interval of 10—46 kts (6-25 m s™").
Unlike the intensity error statistics for the pre-genesis VarEPS forecasts, the interannual
variation of post-genesis intensity forecasts reflects a more substantial improvement for the
2008-2010 period compared to 2007. Using the first 72 hrs of lead-time as a reference, an
average improvement of 67% relative to 2007 is evident. Finally, Figure 6d compares the
VarEPS control and ensemble mean absolute intensity error to other forecast models and the
JTWC after removing the initial intensity bias. Generally, for the 2007-2010 period, the VarEPS
begins with much higher initial intensity error than any other forecast model (not shown). In
addition, the growth rate in mean absolute intensity error among the global forecast models is
similar through the first 48 hours. Overall, the Navy’s version of the GFDL features the lowest
mean absolute intensity error among the models considered here and is very similar to the
forecast performance of the JTWC beyond 36 hrs.

¢) Regional Outlooks of Tropical Cyclone Activity
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We now consider the VarEPS’s ability to produce skillful regional outlooks of TC activity
(i.e. the probability that a tropical depression strength or greater vortex will be located within a
region) by dividing the North Indian Ocean into two sub-domains: the Arabian Sea and the Bay
of Bengal. Figure 7a shows the ROC for the Arabian Sea using the VarEPS forecasts from
April-June and August-December of 2007-2010. Similar to the ROC analysis of the VarEPS
TC genesis forecasts, the VarEPS forecasts for TC activity in the Arabian Sea exhibit moderate
probabilities of detection with very low false alarm rates, even as the forecast decision threshold
decreases to lower probabilities. As forecast lead-time increases, a transition in forecast
performance occurs after a lead-time of ten days. The ROC curve for forecasts with lead-times
five to ten days in advance have similar POD and FAR with forecasts at shorter lead-times.
However, comparing the ROC curve for forecasts with lead-times of ten to fifteen days relative
to five to ten days in advance reveals a large decrease in the probability of detection although the
false alarm rate essentially remains constant. From this analysis it is unclear whether this
decrease in POD is due an inherent lack of predictability at this longer-time scale or is
functionally dependent on the current configuration of the VarEPS with reduced horizontal
resolution at lead-times greater than 240 hrs. However, it is clear that the current configuration
of the VarEPS is incapable of generating forecast probabilities of TC activity in the Arabian Sea
greater than 30% for lead-times of ten to fifteen days, which is one reason why the POD is so
much lower than for forecasts with lead-times less than ten days.

Figure 7b shows the ROC for the Bay of Bengal using the same set of VarEPS forecasts as in
Figure 7a. Relative to the Arabian Sea, the VarEPS’s forecasts of TC activity in the Bay of
Bengal have lower probabilities of detection for shorter lead-times, but higher POD values at

longer lead-times. Although for lead-times of ten to fifteen days in advance, forecasts in the Bay
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400  of Bengal also exhibit slightly higher false alarm rates than the Arabian Sea, the relative change
401  in POD compared with FAR indicates that overall the VarEPS forecasts are more skillful in the
402  Bay of Bengal than the Arabian Sea at extended lead-times.

403 To quantify how well the VarEPS forecasts of TC activity perform in the Arabian Sea and
404  the Bay of Bengal as a function of forecast lead-time, two skill score metrics are used: the Brier
405  skill score (BSS) and the ROC score. The BSS measures the accuracy or relative skill of a

406  forecast over climatology by comparing whether or not an event is forecast to occur relative to
407  observations. A BSS greater than zero implies forecast skill beyond climatology. In this

408  analysis, a 30-yr climatology (1980-2009) of tropical cyclones was developed from the JTWC
409  best-track dataset. Although the BSS metric reveals how skillful a forecast system is relative to
410  climatology, the BSS is regarded as a harsh forecast standard, as it can often hide useful

411  formation information even when the BSS is less than 0 (Mason 2004). Therefore, we use the
412 ROC score as another skill score metric. Table 1 provides the BSS and ROC scores for the

413  Arabian Sea and the Bay of Bengal based on the VarEPS forecasts from April-June and August—
414  December from 2007 to 2010 as a function of forecast lead-time. It should be noted that a

415  BSS/ROC score of one indicates a perfect set of forecasts. To establish statistical significance at
416  the 95% confidence level, a nonparametric bootstrap test was used. In this case, statistical

417  significance of the BSS (ROC score) is determined if the 95% confidence interval of the BSS
418  exceeds 0 (0.50). From Table 1, the BSS metric indicates that the VarEPS forecasts for TC
419  activity in the Arabian Sea are skillful beyond climatology for forecasts up to ten days in

420  advance. Beyond ten days, however, forecasts for TC activity are not skillful relative to

421  climatology. In contrast to the BSS metric, the ROC score is well-above 0.50 out to 15 days,
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which indicates that the VarEPS provides skillful forecasts of TC activity through two weeks in
the Arabian Sea.

Table 1 also provides the BSS and ROC scores for TC forecasts in the Bay of Bengal.
According to the BSS, forecasts less than five days in advance in the Bay of Bengal are nearly
60% less skillful than in the Arabian Sea, which is likely due to the higher frequency of false
alarms in the Bay of Bengal (c.f. Figure 4c and Figure 7a-b). However, consistent with the ROC
interpretation of Figure 7a-b, the BSS is positive and statistically greater than 0 at the 95%
confidence level through a lead-time of ten days. For the ten to fifteen day forecast period, the
BSS indicates that the VarEPS performs as well as climatology in the Bay of Bengal. Although
TC forecasts from the VarEPS in the Arabian Sea are more skillful than those in the Bay of
Bengal for lead-times less than ten days, this result does not hold at longer time scales where the
Bay of Bengal forecasts have on average an 18% higher BSS. If the ROC score metric is used to
determine forecast skill, the VarEPS forecasts for TCs in the Bay of Bengal are skillful through
fifteen days, which is similar to the ROC score results for the Arabian Sea.

The results in Table 1 may be compared to a similar analysis that Belanger et al. (2010)
performed for the tropical North Atlantic using the ECMWF Monthly Forecast System during
the hurricane seasons of 2008 and 2009. They find that the most predictable region for TC
activity in the North Atlantic is the Main Development Region, as ROC scores for forecast days
8-14 are 0.81 and 0.75 for forecast days 15-21. Relative to these findings, the results presented
here indicate similar predictability in the Bay of Bengal as in the North Atlantic Main
Development Region, with TC predictability in the Arabian Sea more characteristic of that of the
Caribbean Sea at extended forecast lead-times. Belanger et al. (2010) attribute the predictability

at these time scales to the ability of the VarEPS to predict accurately the magnitude of deep-layer
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(850-200 hPa) vertical wind shear as well as the correct frequency of pre-existing cyclonic
vortices such as African easterly waves. However unlike the Caribbean Sea, where predictability
is modulated largely by the variability in intensity and location of the tropical upper-tropospheric
trough, in the Arabian Sea it is likely the combination of dry environmental air and changes in
deep-layer vertical wind shear in association with the onset and end of the south Asian monsoon.
In addition, Vitart (2009) along with Belanger et al. (2010) show that regional TC predictability
in the tropical Atlantic is strongly modulated by the phase and amplitude of the Madden-Julian
Oscillation (MJO). Given the more pronounced impact that the MJO has in the NIO (Webster
and Hoyos 2004, Hoyos and Webster 2007), we expect this finding to be even more applicable to
TCs in the NIO.
4. Summary and Conclusions

The performance of the ECMWF VarEPS in forecasting tropical cyclones in the North Indian
Ocean has been examined for the period 2007-2010. The VarEPS is shown to have low false
alarm rates and moderate to high probabilities of detection for forecast lead-times through seven
days. The VarEPS TC genesis forecast performance is sensitive to the time window that is used
to define whether or not an event is forecast to occur. Based on an optimization procedure to
achieve the highest ROC score (i.e. maximizing probability of detection and minimizing the false
alarm rate), the optimum forecasting combination to predict TC genesis is a 48-hr time window
for a forecast lead-time through five days. Thereafter, the full time period of the VarEPS
integration should be used to generate TC genesis forecasts five to ten days in advance.

Analysis of the VarEPS forecasts from 2007 to 2010 shows that tropical cyclone track
forecasts made prior to TC genesis perform 15-30% better than track forecasts produced after

TC genesis has occurred. For a lead-time of 24 to 240 hours, the total mean track error grew at a
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rate 41 n mi per day such that by a lead-time of 120 hours (240 hours), the average track error of
all VarEPS forecast is 224 n mi (409 n mi) with a 50% interval of 116-324 n mi (186—498 n mi).
The performance of these track forecasts prior to TC genesis is remarkable considering that the
Indian Meteorological Department’s average 72-hr forecast track error is 500 km (270 n mi), and
these forecasts are issued only after TC genesis has occurred. In terms of post-genesis TC track
forecasting, the VarEPS forecasts for a lead-time of 24 hrs average 71 n mi with a 50% interval
of 35 to 98 n mi, and by 120 hours the mean track error is 325 n mi with a 50% interval of 148—
427. In addition, both the pre-genesis and post-genesis track analyses show that the distribution
of ensemble track error becomes increasingly non-Gaussian as forecast lead-time increases.
Therefore, to maximize forecast track predictability using the VarEPS, the full distribution of
VarEPS track forecasts should be considered and not the mean VarEPS alone. Although the
VarEPS control and ensemble mean forecast on average starts with the largest initial track error
when compared to other forecast models (i.e. NOGAPS, UKMET, GFS, GFDN), for forecast
lead-times 12-hrs later and beyond, the VarEPS control and ensemble mean show the lowest
track errors among all other model forecasts. In fact, the VarEPS control and ensemble mean on
average exhibit slightly lower track errors than the JTWC through a lead-time of 72-hrs. Since
these forecasts are not bias-adjusted to account for the difference in the starting location of the
observed TC relative to the initialized location in the VarEPS model or systematic along-track or
cross-track biases, additional statistical post-processing steps could be applied to significantly
lower the average track errors of the VarEPS at extended lead-times.

In addition, the VarEPS track forecasts were translated into regional outlooks to provide the
likelihood of TC activity in the Arabian Sea and the Bay of Bengal. Skill score metrics including

the Brier Skill Score and the Relative Operating Characteristic Score were used to evaluate the
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VarEPS forecasts. The BSS statistic indicates that the VarEPS TC forecasts for the Arabian Sea
and Bay of Bengal are predictable relative to climatology through ten days, whereas the ROC
score statistic show that TC activity for both regions are predictable through two weeks.

Based on this evaluation of the VarEPS TC forecasts, it appears feasible for warning
agencies in the NIO to begin providing a probabilistic TC formation outlook that assesses the
potential for TC development through a lead-time of seven days. When the probability of
formation is within moderate (30—60%) levels, the VarEPS’s probability of detection will
average around 60% with a false alarm rate of about 30% for a lead-time of seven days. In
addition, since the distribution of the VarEPS forecasts provides a dynamical measure of the
forecast uncertainty in the atmosphere’s future state (Dupont et al. 2011), some TCs will be more
predictable than others. Therefore, operational forecasts could include a probabilistic outlook
including both TC track and intensity derived from the VarEPS. Although the VarEPS tends to
be slightly underdispersive at longer forecast lead-times (Majumdar et al. 2010), some additional
statistical post-processing steps including bias-correction and probability calibration could be
incorporated to ensure that the final forecast track and intensity probabilities are well-

conditioned relative to observations.
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Figure Captions
Figure 1: Schematic of the false alarm clustering routine. Input variables include Pp, t,, x;, O; (X),

and E; (x). Pr is the false alarm probability threshold, # is a time threshold of 120 hrs,

1
X, = (%Jt +500 (n mi), O;(x) contains location and time information for the i observed TC

t

during a particular season, E;(x) is the ECMWF forecast track for the /" ensemble member.
Other variables include Er¢; (x) which is the ECMWF forecast track for the ;" ensemble member
that corresponds to an observed TC. E¢(x) is made up of pre-genesis TC forecast tracks,
Epre-rc j(X) and post-genesis TC forecast tracks, Eposr.rcj(X). K is the number of clusters
employed in the k-means clustering algorithm, Fy (x) contains the k™ false-alarm cluster’s mean
location and starting time information. Ecra;(X) is the ‘candidate false-alarm’ for each jth

ECMWEF forecast track, Epac« (X) is the final false-alarm grouping for the k™ cluster.

Figure 2a: Example of the VarEPS forecasts for Severe Cyclone Nargis on 23 April 2008
00UTC, which was 3.75 days prior to tropical cyclone genesis according the JTWC Best Track
dataset. The black line with red dots denotes the observed track of Nargis. The thin grey lines
indicate unique ensemble track forecasts from the VarEPS with the thick black (blue) line
denoting the VarEPS ensemble mean (control) track. Figure 2b: The intensity forecast from the
VarEPS is shown as a probabilistic time series in which color shading denotes percentile
intervals of the VarEPS forecasts ranging from 10 to 90%. Note: The black line with red dots

denotes the observed intensity of Nargis.
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Figure 3: Relative operating characteristic of the VarEPS forecasts for tropical cyclone genesis
during the period 2007-2010. The color-coded dots correspond to VarEPS tropical cyclone
genesis probabilities (%) ranging from 0 to 100%. a) ROC is determined as a function of
forecast days in advance using a 48-hour window on the date of TC genesis. b) Similar to a),
except for a 96-hour window on the date of TC genesis. ¢) Similar to a), except the full 360-hour

forecast period is used for the TC genesis evaluation.

Figure 4: a) Initial ensemble location of each false alarm cluster from 2007 to 2010 using a false
alarm ensemble threshold of 25%. b) False alarm ratio as a function of increasing false alarm
ensemble probability threshold from 2007 to 2010. The red line indicates the location where the
false alarm ratio is equivalent to the probability threshold. c¢) Cumulative distribution functions
of the false alarm initiation time as a function of forecast lead-time in hours using a false alarm
ensemble threshold of 25%. The legend in Fig. 4c¢ provides the number of false alarm clusters

that occurred each year.

Figure 5: a) VarEPS pre-genesis track errors (in n mi) and b) absolute intensity errors (in kts) for
all ensemble forecasts during 2007-2010. c) VarEPS forecasts of the difference between
forecast time of TC genesis and observations (in days) with values greater (less) than 0
indicating the VarEPS forecasts are sooner (later) than observations. Note: Values have been
filtered using a 1-day running mean. d) Ensemble spread in the forecast time of TC genesis.
Color shading indicates the percentile ranges for the VarEPS forecasts and the black line is the
VarEPS ensemble mean. The total number of ensemble forecasts included in the verification is

listed above the abscissa.
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Figure 6: a) VarEPS post-genesis track errors (in n mi) and c¢) absolute intensity errors (in kts)
for all ensemble forecasts during 2007-2010. Color shading indicates the percentile ranges for
the VarEPS forecasts and the black line is the VarEPS ensemble mean. The total number of
ensemble forecasts included in the verification is listed above the abscissa. b) Comparison of
ECMWEF control and ensemble mean track errors (in n mi) and d) absolute intensity errors (in
kts) to other global weather models and the Joint Typhoon Warning Center for the period 2007—

2010. Initial intensity bias has been removed from each model and the JTWC in Figure 6d.

Figure 7: Relative operating characteristic for the a) Arabian Sea and b) Bay of Bengal using the

VarEPS forecasts from 2007 to 2010 during the months of April-June and August-December for

various forecast lead-times.

29



611  Tables

612  Table 1. Brier skill scores (BSS) and relative operating characteristic scores (ROCS) for the
613  Arabian Sea and the Bay of Bengal based on VarEPS forecasts for tropical cyclone activity
614  during the months of April-June and August-December for 2007-2010. BSS (ROCS) in bold

615  are statistically different from 0 (0.5) at the 95% confidence level.

Arabian Sea Brier Skill Score Cﬁzfgzzrzﬁgrggg?e
All Forecast Days 0.17 0.82
Forecast Days < 2 0.47 0.85
Forecast Days 2-5 0.32 0.87
Forecast Days 5-10 0.04 0.82
Forecast Days 10-15 -0.14 0.70
Bay of Bengal Brier Skill Score Ciealfa,\[i;/t:r(i)sft)igrgggge
All Forecast Days 0.09 0.80
Forecast Days < 2 0.30 0.77
Forecast Days 2-5 0.16 0.79
Forecast Days 5-10 0.16 0.82
Forecast Days 10-15 -0.02 0.74
616
617
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Figure 1: Schematic of the false alarm clustering routine. Input variables include Pp, t,, x;, O; (X),

and E; (x). Pris the false alarm probability threshold, ¢ is a time threshold of 120 hrs,
100 , . . L . th
X, = e t+500 (n mi), O;(x) contains location and time information for the i observed TC

during a particular season, E; (x) is the ECMWF forecast track for the 7" ensemble member.
Other variables include Erc ; (x) which is the ECMWF forecast track for the j’h ensemble member
that corresponds to an observed TC. Erc¢;(X) 1s made up of pre-genesis TC forecast tracks,
Epre-c j(X) and post-genesis TC forecast tracks, Eposr.rcj(X). K is the number of clusters
employed in the k-means clustering algorithm, Fy (x) contains the k™ false-alarm cluster’s mean
location and starting time information. Ecra;(X) is the ‘candidate false-alarm’ for each jth

ECMWEF forecast track, Epac« (X) is the final false-alarm grouping for the k™ cluster.
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Figure 2a: Example of the VarEPS forecasts for Severe Cyclone Nargis on 23 April 2008
00UTC, which was 3.75 days prior to tropical cyclone genesis according the JTWC Best Track
dataset. The black line with red dots denotes the observed track of Nargis. The thin grey lines
indicate unique ensemble track forecasts from the VarEPS with the thick black (blue) line
denoting the VarEPS ensemble mean (control) track. Figure 2b: The intensity forecast from the
VarEPS is shown as a probabilistic time series in which color shading denotes percentile
intervals of the VarEPS forecasts ranging from 10 to 90%. Note: The black line with red dots

denotes the observed intensity of Nargis.
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Figure 3: Relative operating characteristic of the VarEPS forecasts for tropical cyclone genesis
during the period 2007-2010. The color-coded dots correspond to VarEPS tropical cyclone
genesis probabilities (%) ranging from 0 to 100%. a) ROC is determined as a function of
forecast days in advance using a 48-hour window on the date of TC genesis. b) Similar to a),
except for a 96-hour window on the date of TC genesis. ¢) Similar to a), except the full 360-hour

forecast period is used for the TC genesis evaluation.
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Figure 4: a) Initial ensemble location of each false alarm cluster from 2007 to 2010 using a false

alarm ensemble threshold of 25%. b) False alarm ratio as a function of increasing false alarm

ensemble probability threshold from 2007 to 2010. The red line indicates the location where the

false alarm ratio is equivalent to the probability threshold. ¢) Cumulative distribution functions

of the false alarm initiation time as a function of forecast lead-time in hours using a false alarm

ensemble threshold of 25%. The legend in Fig. 4c provides the number of false alarm clusters

that occurred each year.
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Figure 5: a) VarEPS pre-genesis track errors (in n mi) and b) absolute intensity errors (in kts) for
all ensemble forecasts during 2007-2010. c) VarEPS forecasts of the difference between
forecast time of TC genesis and observations (in days) with values greater (less) than 0
indicating the VarEPS forecasts are sooner (later) than observations. Note: Values have been
filtered using a 1-day running mean. d) Ensemble spread in the forecast time of TC genesis.
Color shading indicates the percentile ranges for the VarEPS forecasts and the black line is the
VarEPS ensemble mean. The total number of ensemble forecasts included in the verification is

listed above the abscissa.
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Figure 6: a) VarEPS post-genesis track errors (in n mi) and c) absolute intensity errors (in kts)
for all ensemble forecasts during 2007-2010. Color shading indicates the percentile ranges for
the VarEPS forecasts and the black line is the VarEPS ensemble mean. The total number of

ensemble forecasts included in the verification is listed above the abscissa. b) Comparison of

ECMWEF control and ensemble mean track errors (in n mi) and d) absolute intensity errors (in
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kts) to other global weather models and the Joint Typhoon Warning Center for the period 2007—

2010. Initial intensity bias has been removed from each model and the JTWC in Figure 6d.
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676  Figure 7: Relative operating characteristic for the a) Arabian Sea and b) Bay of Bengal using the
677  VarEPS forecasts from 2007 to 2010 during the months of April-June and August-December for

678  various forecast lead-times.
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