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Previous studies have shown that the skill of seasonal forecasts of tropical cyclone
(TC) activity over the North Indian Ocean (NIO) tends to be poor. This paper
investigates the forecast potential of TC formation, trajectories and points of land-
fall in the NIO region using an index of the stratospheric quasi-biennial oscillation
(QBO) as the predictor variable in a new statistical seasonal forecast model. Gene-
sis was modelled by kernel density estimation, tracks were fitted using a general-
ized additive model (GAM) approach with an Euler integration step, and landfall
location was estimated using a country mask. The model was trained on 30 years
of TC observations (1980–2009) from the Joint Typhoon Warning Center and the
QBO index at lags from 0 to 6 months. Over this time period, and within each sea-
son and QBO phase, the kernel density estimator modelled the distribution of gene-
sis points, and the cyclone trajectories were then fit by the GAM along the
observed cyclone tracks as smooth functions of location. Trajectories were simu-
lated from randomly selected genesis points in the kernel density estimates. Ensem-
bles of cyclone paths were traced, taking account of random innovations every 6-hr
along the GAM-fitted velocity fields, to determine the points of landfall. Lead–lag
analysis was used to assess the best predictor timescales for TC forecast potential.
We found that the best model utilized the QBO index with a 3-month lead. Two
hindcast validation methods were applied. First, leave-one-out cross-validation was
performed where the country of landfall was decided by the majority vote of the
simulated tracks. Second, the distances between the landfall locations in the obser-
vations and simulations were calculated. Application of seasonal forecast analysis
further indicated that including information on the state of the QBO has the poten-
tial to improve the skill of TC seasonal forecasts in the NIO region.
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1 | INTRODUCTION

Tropical cyclones (TCs) are one of the most significant
weather hazards in the tropics and represent a major hazard
to North Indian Ocean (NIO) rim countries (Alam et al.,
2003; Ali et al., 2007; Alam and Collins, 2010; Girishkumar
et al., 2012; Mohapatra et al., 2012; Paliwal and

Patwardhan, 2013; Fadnavis et al., 2014; Girishkumar et al.,
2014; Mohapatra et al., 2014; Rajasekhar et al., 2014;
Girishkumar et al., 2015; Nath et al., 2015). Globally, the
impacts of TCs can be devastating, with numerous previous
events causing enormous loss of life and property damage,
representing significant financial risk to insurance and rein-
surance companies (Rumpf et al., 2007). TCs pose multiple
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meteorological hazards (e.g., storm surge, heavy rain, strong
winds) that can last several days (Ebert et al., 2010). One
remarkable example was TC Nargis in 2008, which killed
over 135,000 people in Myanmar (Webster, 2008; Lin et al.,
2009) and ranked as the second deadliest disaster in the
decade from 2000–2009 according to the Centre for
Research on Epidemiology of Disasters (Rodriguez et al.,
2009). Due to the significant loss of life as well as economic
damage caused by TCs making landfall in NIO rim countries
(Webster, 2008; Islam and Peterson, 2009; Ng and Chan,
2012; Mohapatra et al., 2014; Pattanaik and Mohapatra,
2016) it is important to assess and anticipate risks as much
as possible. Due to the threats that TCs pose to life and prop-
erty, accurate TC landfall probability forecasts can be poten-
tially beneficial to local populations regarding risks
(Tolwinski-Ward, 2015).

Skilful forecasts of TC tracks have particular importance
(Fraedrich and Leslie, 1989; Carter and Elsner, 1997;
Carson, 1998; Elsner et al., 2006; Camargo et al., 2007; Chu
and Zhao, 2007; Basu and Bhagyalakshmi, 2010; Chu et al.,
2010; Chand and Walsh, 2011; Balachandran and Geetha,
2012; Camp et al., 2015). In the present study, we have
developed a statistical model to better understand and predict
NIO region TC activity in the upcoming TC season. The per-
cent contribution of NIO region TCs to the global total dif-
fers between studies and time periods investigated, ranging
from 5 to 7% (Mohapatra et al., 2014; Schreck et al., 2014;
Sahoo and Bhaskaran, 2016) and averaging ~5 TCs per year
(Mohapatra et al., 2014). Despite the relatively small per-
centage of the global total, the socio-economic impacts of
TCs in this region are greater than those in other TC basins
(Singh, 2010). This is due to the high population density
along coastlines in low-lying areas, as well as other physical
and socio-economic factors, particularly in Bangladesh
(Hossain and Paul, 2017). Furthermore, NIO region TCs are
typically characterized by shorter life cycles, and their devel-
opment relatively close to the coast compared to other basins
allows little time for preparation. So, any improvements in
TC forecasting for this region can provide significant bene-
fits (Singh et al., 2012).

The quasi-biennial oscillation (QBO) is the primary
mode of wind variability in the tropical stratosphere. It repre-
sents a quasi-periodic (with a mean phase of 28–29 months)
oscillation of the equatorial easterly (E) and westerly
(W) zonal winds in the stratosphere (Baldwin et al., 2001).
The major features of the QBO are discussed in several
papers including Naujokat (1986) and Baldwin et al. (2001).
We highlight several of these major features below:

• Downwards propagation of easterly and westerly winds
in which the propagation of the westerlies is usually fas-
ter and more regular than that of the easterlies.

• Transition to easterlies is often delayed between 30 and
50 hPa.

• Easterly anomalies are generally stronger (30–35 m/s)
than westerly anomalies (15–20 m/s).

• Highest amplitude of both E and W phases typically
occurs near 20 hPa.

• Average periodicity is slightly greater than 2 years.
• Oscillation period and amplitude vary considerably from

cycle to cycle.

The circulation of the QBO extends below the tropo-
pause and modulates the amount of water vapour in the air
(Zhou et al., 2004; Liang et al., 2011). The QBO has been
shown to modulate tropical deep convection (Collimore
et al., 2003; Ho et al., 2009; Liess and Geller, 2012), the
occurrence of Atlantic hurricanes (Gray, 1984a) and typhoon
tracks in the western North Pacific (Ho et al., 2009). Gray
(1984a) demonstrated impacts of the QBO on Atlantic TC
activity and showed that TC activity in the Atlantic was
greater during the QBO westerly phase, or during the transi-
tion to the westerly phase, than during the easterly phase. In
addition, more major Atlantic hurricanes occurred during
westerly QBO years (Gray, 1984b). The QBO effect on
Atlantic hurricane activity has been discussed by several
authors since Gray’s initial publications (Shapiro, 1989;
Hess and Elsner, 1994; Landsea et al., 1998; Elsner and
Kara, 1999; Arpe and Leroy, 2009). Camargo and Sobel
(2010) have also explored the QBO connection with TC
activity in the North Atlantic. They found a statistically sig-
nificant relationship from the 1950s to the 1980s but did not
see a significant correlation after the 1980s. Camargo and
Sobel (2010) concluded that the QBO–TC frequency rela-
tionship was generally weak in most global TC basins. Fad-
navis et al. (2014) proposed that the phase of the QBO may
influence NIO TC trajectories by modulation of tropopause
pressure and associated steering winds.

Recently, a potentially useful climatic relationship has
been demonstrated between the stratospheric QBO and TC
trajectories in the Bay of Bengal (BoB) region of the NIO
(Fadnavis et al., 2014). The impact of the QBO on TC tra-
jectories was demonstrated to be stronger during the QBO
easterly phase than the QBO westerly phase. Also, the num-
ber of TCs was higher during the easterly phase compared to
the westerly phase, at least during the more active pre-
monsoon and post-monsoon seasons. This follows earlier
research work that also proposed relationships between the
stratospheric QBO and hurricane activity in the North Atlan-
tic region (Gray et al., 1992; 1994), although the use of the
QBO as a predictor for North Atlantic TC activity has been
discontinued in recent years (Klotzbach, 2007; Camargo and
Sobel, 2010). Other analyses have also tested the effect of
the QBO on TC activity in the western North Pacific (Chan,
1995; Baik and Paek, 1998; Lander and Guard, 1998; Ho
et al., 2009), the eastern North Pacific (Whitney and Hob-
good, 1997), the NIO (Balachandran and Guhathakurta,
1999), the South Indian Ocean (Jury, 1993; Jury et al.,
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1999) and near northwest Australia (Goebbert and
Leslie, 2010).

In the present study, we extend the observational analy-
sis and findings of the QBO–TC relationship by Fadnavis
et al. (2014) to the entire NIO region, focusing on TC track
modulation (as opposed to TC frequency modulation) by the
QBO, including modelling this relationship. Specifically, we
build and test a statistical seasonal forecast model of NIO
region TC formation, tracks and first point of landfall, incor-
porating the QBO index as the key predictor variable, and
compare against climatological model forecasts. Though the
overall sample size is small, we believe it is still sufficient
for extracting the statistical information necessary for devel-
oping the track forecasts. The TC genesis model is built on
kernel density estimation (KDE), and a generalized additive
model (GAM) projects the average flow trajectories. The
organization of this manuscript is as follows: The data and
development of model details are depicted in section 2.
Modelling of TC genesis distribution by KDE, the GAM for
track simulation, and the percentage of landfall probabilities
within each country and state are also explained in section 2.
In section 3, the prediction and cross-validation outcomes
from the model are presented and compared alongside obser-
vations. A discussion along with a summary and conclusions
are provided in section 4.

2 | DATA AND METHODS

Statistical models of TC genesis and track trajectories have
been developed in previous studies (Casson and Coles,
2000; James and Mason, 2005; Emanuel, 2006; Rumpf
et al., 2007). We adopt a similar approach to that applied by
Hall and Jewson (2007) and Yonekura and Hall (2011) for
the North Atlantic and western North Pacific Ocean basins,
respectively, for our modelling of TC activity in the NIO
region. Here we specifically also consider the QBO as a pre-
dictor of TC genesis and tracks, excluding the influence of
strong El Niño–Southern Oscillation (ENSO) events.

2.1 | TC data

TC data were acquired from the Joint Typhoon Warning
Center (JTWC) as archived in the International Best Track
Archive for Climate Stewardship (IBTrACS) version 6 for
the 35-year period from 1979 to 2013 (Knapp et al., 2010).
TCs prior to 1979 were excluded from this data set, as there
is significant uncertainty in NIO TC genesis and intensity
prior to this time (Evan and Camargo, 2010; Weinkle et al.,
2012). We define the NIO region to be bounded meridio-
nally from 0� to 30�N and zonally from 50�E to 100�E
(Figure 1). The six NIO rim countries (India, Bangladesh,
Myanmar, Sri Lanka, Oman and Yemen) that are most
strongly affected by TC landfall are considered in this study.

2.2 | QBO index

The QBO index is based on a time series of National Centers
for Environmental Prediction (NCEP)/National Center for
Atmospheric Research (NCAR) Reanalysis zonal mean
stratospheric wind shear along the equator (www.cpc.ncep.
noaa.gov/data/indices/qbo.u30/50.index). We have calcu-
lated the QBO index as the east–west wind velocity differ-
ence between the 30 and 50 hPa levels (i.e., 30 hPa zonal
winds minus 50 hPa zonal winds). The QBO index value is
computed for every month and season, and the QBO index
is then defined to be either in a westerly (W-QBO) or east-
erly (E-QBO) phase. The easterly phase is defined by a neg-
ative QBO index while the westerly phase is defined by a
positive QBO index. We have kept our definition consistent
with Fadnavis et al. (2014). We have also run the model by
setting a QBO neutral phase (−5 < 0 < 5 m/s). When we do
this, however, we reduce our already small sample size.
Inclusion of the QBO neutral phase does not add further
information to our results presented, and there are no signifi-
cant changes to our results. Consequently, the results in this
manuscript do not include a QBO neutral phase. We have
separated TC tracks by easterly (E-QBO) and westerly (W-
QBO) phase during each TC season.

In keeping with Fadnavis et al. (2014), we have also
applied two-sample Student’s t-tests for statistical signifi-
cance of our analyses. The t-test is appropriate as landfall
frequency is approximately normally distributed with weak
skewness (0.12). Also, the Student’s t-test deals with the
problems associated with inference based on small samples:
the calculated mean and standard deviation. We set the null
hypothesis that there is no statistically significant relation-
ship between TC landfall frequency and QBO phase. The
alternative hypothesis is that there is a statistically significant
relationship between TC landfall frequency and QBO phase.
To increase the sample size, we have aggregated the NIO
region landfall distributions into three zones separated longi-
tudinally. These are (a) 50�–75�E (Arabian Sea region,

FIGURE 1 Map identifying the six NIO rim countries (India, Bangladesh,
Myanmar, Sri Lanka, Oman and Yemen) and three Indian states (Orissa,
Andhra Pradesh and Tamil Nadu) most strongly affected by TC landfalls
(reproduced from Wahiduzzaman et al., 2017) [Colour figure can be viewed
at wileyonlinelibrary.com]
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including Oman and western India), (b) 75�–90�E (west
BoB region, including eastern India, western Bangladesh
and Sri Lanka) and (c) 90�–100�E (east BoB region, includ-
ing eastern Bangladesh and Myanmar).

2.3 | Methods

A number of studies have suggested that the QBO has a
potentially important influence on TC frequency and tracks
(Balachandran and Guhathakurta, 1999; Camargo and Sobel,
2010; Fadnavis et al., 2011; Yadav, 2013; Fadnavis et al.,
2014). However, Chan (1995) finds that the relationship
between TCs and the QBO does not hold well during strong
ENSO events. To increase our sample size and to be consis-
tent with those previous studies, we similarly excluded only
strong ENSO events. The years of strong El Niño and La
Niña events follow the classification (A 3-month season with
an oceanic Niño index) provided by the NOAA Climate Pre-
diction Center (CPC). Nine years were removed from our
analysis based on this classification. ENSO events between
1979 and 2009 are listed in Table 1.

Several studies have investigated the frequency and
tracks of TCs in the BoB and their relationship with the
QBO (Balachandran and Guhathakurta, 1999; Fadnavis
et al., 2011; Fadnavis et al., 2014), but no previous study
that we are aware of has developed a statistical forecast
model to simulate and forecast TC tracks as well as provide
probabilistic forecasts of landfall months in advance. Here,
we have developed a statistical seasonal forecast model of
TC formation, trajectories and landfall in the NIO region for
four seasons: winter (December–February), pre-monsoon
(March–May), monsoon (June–September) and post-
monsoon (October–November), utilizing the QBO as a pre-
dictor. The QBO index used in this analysis is smoothed
using a 3-month running average, and then a 1 to 6-month
lead–lag analysis is performed to assess the best predictor
timescale based on TC forecast skill. The model results have
been cross-validated (section 2.3.5) and assessed to estimate
hindcast skill (section 2.4).

2.3.1 | TC genesis: KDE

The distribution of genesis points as a function of QBO
phase and/or season is approximated by KDE. This approach
has been successfully used previously in a variety of studies
including those by Vickery et al. (2000), James and Mason
(2005), Emanuel et al. (2006) and Rumpf et al. (2007).

KDE is a method to estimate the probability density
function (PDF) of a random variable in a nonparametric
way. This distribution is defined by a smoothing function
and a bandwidth value that controls the smoothness of the
resulting density curve.

More formally, kernel estimators convolve each data
point with a kernel function K to produce a smooth estimate

f̂ of the density,

f̂ xð Þ¼ 1
n

Xn
i¼1

K
x−xi
h

� �
:

The extent of this contribution is dependent upon the
shape of the kernel function and h, the chosen bandwidth. A
larger bandwidth increases the region influenced by each xi,
resulting in a smoother estimate.

The kernel K must satisfy the constraint
Ð
K(x)dx = 1,

but is otherwise arbitrary. The Gaussian kernel

K xð Þ¼ 2 πð Þ−1 exp −
x2

2

� �

is a common choice.
The choice of the bandwidth is a crucial issue for KDE.

Bandwidth selection can be performed by “rule of thumb,”
by cross-validation, by “plug-in methods” or by other means
(Turlach, 1993; Bashtannyk and Hyndman, 2001). The plug-

in estimator is derived by writing the density estimate f̂ as a
function of the unknown f, and a pilot estimate of f is then
“plugged in” to derive an estimate of the bias and hence an
estimate of the mean integrated squared error. The optimal
h is then chosen to minimize the estimated mean integrated
squared error (Loader, 1999).

In this manuscript, the kernel bandwidth has been calcu-
lated by a standard plug-in estimator which is an effective

TABLE 1 Years of strong El Niño and La Niña during the study period (1979–2009), classified by the NOAA CPC based on the oceanic Niño index—the
running 3-month mean SST anomaly for the Niño3.4 region (i.e., 5�N–5�S, 120�–170�W)

Year ENSO event Year ENSO event Year ENSO event

1979 1990 2000

1980 1991 Strong El Niño 2001

1981 1992 Strong El Niño 2002

1982 Strong El Niño 1993 2003

1983 Strong El Niño 1994 2004

1984 1995 2005

1985 1996 2006

1987 1997 Strong El Niño 2007

1988 Strong La Niña 1998 Strong El Niño 2008

1989 Strong La Niña 1999 2009 Strong El Niño
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method (Rigollet and Vert, 2009). The distribution of gene-
sis points as a function of QBO phase and season is approxi-
mated by KDE. In the plug-in analysis, the location density
is estimated using KDE where the kernel bandwidth (hopt =
1.06σn−1/5, here σ, n denote the standard deviation and
number of observations, respectively) is not spatially uni-
form. The bandwidth value for the QBO phases and individ-
ual seasons are given in Table 2.

2.3.2 | TC tracks: GAM

TC tracks were modelled by fitting a GAM which is a gener-
alization of linear regression (Hastie et al., 2009). In linear
regression models, the expected value μ of the response or
dependent variable Y is predicted as a linear combination of
the predictor variables X1, X2, …, Xp,

μ¼E Yð jX1,X2,…,XpÞ¼ β0+β1X1 +β2X2+ � � �βpXp,

where β0, β1, …, βp are regression coefficients to be esti-
mated. In a GAM, the linear terms are changed by smooth
alterations of the predictors,

μ¼E Yð jX1,X2,…,XpÞ¼ β0+ f1 X1ð Þ+ f2 X2ð Þ+ � � � fp Xp
� �

:

Hence, where linear regression estimates the regression
coefficients β0, β1, …, βp, the GAM estimates the smooth
transformations f1, f2, …, fp. The GAM application in the
present paper is based on the approach used to model the TC
climatology for the same region, as discussed in Wahiduzza-
man et al. (2017).

2.3.3 | Landfall locations

We considered the first point of TC landfall for this analysis
as multiple landfalls in the NIO region are rare (Evan and
Camargo, 2010; Weinkle et al., 2012; Alam and Dominey-
Howes, 2015). To determine the positions of landfall, a fine-
scale raster mask (1/12�) of the NIO rim countries was first
constructed. Then, for each TC, we traced along the trajec-
tory to detect the first point (the first time and location cross-
ing of the land mask) where the TC struck land. We also
recorded the country and state in which landfall occurred.

2.3.4 | Outline for the simulation of TCs

The following outlines the steps that we have undertaken to
model TC genesis, tracks and landfall:

1. For each TC observation, the month, season and QBO
phase corresponding to TC genesis, together with the
month, season and QBO phase corresponding to the
track, are calculated.

2. The GAM is fitted to the track increments—it takes as
its response the track velocities between successive loca-
tions. These velocities are generated by splitting the data
by track and calculating the average velocities (in units
of degrees of latitude-longitude per day) between suc-
cessive locations. At higher latitudes (where there are no
tracks), there are larger magnitudes of vectors due to
having to extrapolate over this part of the study domain
but their presence does not affect results.

3. A separate GAM is fitted to each component (x, y) of
velocity to allow the velocity field to be predicted. In
this simple model we fit each velocity as a smooth func-
tion of location in each QBO season and phase.

4. The distribution of genesis points is approximated by
KDE. The kernel bandwidth is determined automatically
using a standard plug-in estimator.

5. Samples are drawn from the estimated density by treat-
ing the estimate as a Gaussian mixture (the probability
distributions of observations in the overall popula-
tion)—first a component of the mixture is chosen and
then a sample deviate is drawn from that component of
the mixture.

6. We restrict genesis to the open ocean by masking the
kernel to reject points that fall above a critical depth—
here, we choose a critical depth of 200 m, to exclude
genesis close to the coast. Similarly, when sampling
from the estimated kernel density, we reject any sampled
points that fall above a critical depth.

7. Random samples of 50 genesis points are chosen from
each of the densities. Regardless of season/QBO phase
we always generate 50 TCs, so we do not model the sea-
sonal/QBO variation in TC counts but only their spatial
distribution and subsequent tracks and landfalls.

8. The trajectories take a matrix of initial points, and an
array of stochastic innovations is applied at each time

TABLE 2 For each season and phase, the kernel bandwidth value that
have been used in plug in analysis

Season and phase Bandwidth value

Easterly phase 7.3

Westerly phase 8

Winter easterly 6.2

Winter easterly 5.5

Pre-monsoon easterly 5.4

Pre-monsoon westerly 6.4

Monsoon easterly 5.6

Monsoon westerly 7.1

Post-monsoon easterly 4.5

Post-monsoon westerly 4.9

TABLE 3 For each lead month, the proportion of simulated TCs that made
landfall within 500 km of the observed location. The bold number
highlights the best lead based on the percentage of TC landfall

Lead (months) TC landfall (%)

1 8

2 35

3 68

4 64

5 46

6 31

938 WAHIDUZZAMAN ET AL.



step. Based on the mean vector field predicted by the
model, the TC is advanced with time, adding the rele-
vant stochastic innovation at each step to account for the
random nature of the vector field. We selected a 7-day
life span since approximately 80% of TC lifetimes in the
region are less than 7 days (Wahiduzzaman
et al., 2017).

9. To determine landfall, a fine-scale raster mask of the
countries bordering the genesis region has been con-
structed, and we trace along each trajectory to detect the
first point where the TC strikes land.

2.3.5 | Model validation

We have used two validation methods. These are explained
below:

Validation method 1

Leave-one-out cross-validation (LOOCV) was conducted by
deleting individual trajectories one after another. We have
removed the entire track of each TC. Then, the trajectories
were simulated by fitting the model to the reduced set of
data which corresponds to the deleted tracks. For each track
we predicted the state/country of landfall by majority vote
from the simulated tracks (where the highest percentage of
tracks made landfall).

Validation method 2

The second validation approach calculates the distance
between the observed and simulated landfall points. We
remove each track in turn and simulate trajectories from the
deleted track based on the reduced data sets. We compute
the landfall for the observed tracks for which the TC genesis
points are reasonable (>200 m water depth). We measured
the distance of the true landfall from the simulated landfall
(Wahiduzzaman et al., 2017). For those TCs which did not
make landfall in observations (simulations) but made land-
fall in the simulations (observations), a distance calculation
has not been implemented (this is not applicable for the false
alarm ratio calculation) since there is no verification data set
available. Frequency distributions are then calculated as a
function of distance between the simulated and observed
landfall locations. The model had an approximately success-
ful TC prediction (false alarm) probability of 80% (20%)
which was calculated by considering the relationship
between observed and simulated landfalls. This approach
considers the standard 2 by 2 contingency table whereby a
successful TC prediction (i.e., a “hit”) occurs when the fore-
cast event = yes and the observed event = yes. A false
alarm occurs when the forecast event = yes and the
observed event = no. The probability of a successful TC
prediction (false alarm) has been calculated by hits (false
alarms)/hits + false alarms.

TABLE 4 For each QBO predictor lead in months (ahead of the TC season), the observed and simulated number of TCs that made landfall in each country.
The bold number highlights the best lead for each country

Country Observed landfall Lead month-1 Lead month-2 Lead month-3 Lead month-4 Lead month-5 Lead month-6

India 40 34 63 51 63 49 37

Myanmar 7 45 18 9 0 0 34

Bangladesh 7 3 1 3 1 0 13

Sri Lanka 4 0 1 2 1 8 0

Yemen 0 0 0 3 1 0 0

Oman 3 1 2 8 15 10 1

NON 40 18 16 25 20 34 16

NON = no landfall and/or landfall in other countries that are not considered in this model.

FIGURE 2 Observed TC frequency (in number) over the NIO (0�–30�N
and 50�–100�E) from 1980 to 2009. Black lines indicate years that are
considered in this analysis. Red lines show strong El Niño years, and blue
lines show strong La Niña years. Strong ENSO events have been excluded
from this study [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 3 Observed TC genesis, trajectories, and landfall over the NIO
(0�–30�N and 50�–100�E) for the easterly (left panel) and westerly (right
panel) phases of the QBO from 1980 to 2009. Red dots identify the TC
genesis points and blue lines show the TC tracks. The recorded locations of
landfall are indicated by green dots [Colour figure can be viewed at
wileyonlinelibrary.com]

WAHIDUZZAMAN ET AL. 939

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com


2.4 | Best predictor timescale for TC forecast potential

We assessed the best predictor timescale based on a lead–lag
analysis from 1 to 6 months. The 3-month lead is based on
the central month of the 3-monthly smoothed QBO phase.
For example, October–November TC activity uses QBO
data from June–July–August. Lead–lag analysis has been
performed using two approaches: (a) distance calculation
and (b) probability distribution. For each lead–lag period,
the percentages of TCs landfall that fell within 500 km of
the observed landfall are provided in Table 3. The highest
percentage of correctly predicted TC landfalls (68%) is seen
for a 3-month lead of the QBO predictor. Though India is
contributing the largest portion to total landfalls, the model’s
performance is not good if we choose a 6-month lead (only
31% simulated landfall matched with observed landfall). The
other countries did not perform well using the probability
distribution. When considering both approaches, the model
performs best with a 3-month lead. We therefore use this
3-month lead for the remainder of our analysis.

We also calculated these results independently for each
country (Table 4). Simulations of TC landfall using a
3-month lead QBO predictor compared well against observa-
tions and are consistent with the country-independent out-
comes shown in Table 4. Our model bias tends to lead to too
many landfalls overall for the NIO rim countries. Subtle
changes in TC tracks when varying the QBO phase result in
too many TCs making landfall in Myanmar except for when
a 3-month QBO phase lead is applied.

3 | RESULTS

3.1 | Genesis and track model fits as a function of
QBO phase

A total of 21 years has been considered for analysis here
after excluding strong ENSO events. A total of 141 TCs
occurred between 1980 and 2009, which is reduced to
101 TCs after excluding strong ENSO years (Figure 2). A
total of 58% of months/seasons fall in the easterly QBO
phase while the remaining 42% fall in the westerly QBO
phase. The increased number of TCs during QBO east years
is due to more seasons falling in the easterly QBO phase.

We find that landfall frequency is significantly different at
the p < .05 (>95% confidence level) for the entire NIO
basin (p = .049) between east and west QBO years. The cor-
relations between landfall frequency and QBO for two cases:
all years and excluding ENSO years are weak (0.3) and
moderate (0.5).

The observed distribution of TC genesis points depends
on the QBO phase (Figure 3). There were 61 (40) genesis
points recorded in the easterly (westerly) QBO phase, in
keeping with the findings of Fadnavis et al. (2014). The pre-
sented results that follow also account for the difference in
the sample size of QBO-E (58%) and QBO-W (42%) years.
TC genesis is relatively even between QBO phases consider-
ing their different relative frequency using our QBO
definition.

A comparison of the observed TC tracks between the
two QBO phases (Figure 3) also shows further differences.
Specifically, it is seen that during the easterly QBO phase,
more TCs make landfall in the southwestern portion of the
BoB (Tamil Nadu and Andhra Pradesh in India), the south-
western part of Bangladesh (Khulna), and along the north-
western part of India (near the Pakistan border). TCs
tracking towards Oman across the Arabian Sea are also a
more common occurrence in the easterly QBO phase. Con-
versely, during the westerly QBO phase, 83% of all TCs
make landfall in the north and northeastern portions of the
BoB, specifically Chittagong in Bangladesh and Myanmar.

The modelled distribution (by KDE) of TC genesis
points is shown for each QBO phase in Figure 4. The highest
densities are found in the BoB for each phase of the QBO.
For both the easterly and westerly QBO phases, the highest
density of genesis is seen in the latitudinal range from 8�N

FIGURE 4 Modelled distributions of TC genesis locations for the easterly
(left panel) and westerly (right panel) QBO phases, based on data from
1980 to 2009. The highest density (accumulation of TC frequencies/km2)
regions for genesis are shown in the yellow colour [Colour figure can be
viewed at wileyonlinelibrary.com]

TABLE 5 Observed total number of TCs that made landfall as a function
of QBO phase for each NIO rim country. Individual rows show how
landfalls vary by QBO phase for a specific country (%). Individual columns
depict how landfalls vary by country for a particular QBO phase (%). Bold
percentages show the phase with the highest landfalls for each country and
bold italic percentages depict the country with the highest landfalls for each
phase

Country

Easterly QBO phase Westerly QBO phase

No (%a) (%b) No (%a) (%b)

India 25 62.5 41 15 38 37.5

Myanmar 3 43 5 4 57 10

Bangladesh 4 57 6 3 43 8

Sri Lanka 1 25 2 3 75 8

Yemen 0 0 0 0 0 0

Oman 2 67 3 1 33 2

Total landfall 35 57 57 26 43 65

NONc 26 43 14 35

Total 61 100 40 100

a The difference of landfall frequency by QBO phase for a specific country.
b The difference of landfall frequency by country for a particular QBO phase.
c No landfall and/or landfall in other countries that are not considered in this
model.
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to 15�N for the BoB, whereas there is a lower density spatial
peaks identifiable in the Arabian Sea for the easterly QBO
phase and one in the westerly QBO phase.

Across the NIO rim, the total numbers of TCs that made
landfall for each QBO phase are shown for each country in
Table 5. A total of 35 TCs made landfall in the easterly QBO
phase compared with 26 in the westerly QBO phase. The
results show that the largest number of landfalls occurs over
India, although we also note that India has the longest coast-
line of any of the countries in our study region. We normal-
ized landfalls by coastline length [India 7,000 km
(6TCs/1,000 km); Myanmar 1,930 km (4TCs/1,000 km);
Bangladesh 580 km (12TCs/1,000 km); Sri Lanka 1,340 km

(3TCs/1,000 km); Yemen 1,906 km (0); Oman 2,092 km
(2TCs/1,000 km)] and found that the landfall rate is highest
for Bangladesh. India’s landfall rate is half the landfall rate of
Bangladesh when normalized by coastline length. In India,
there was a considerably higher overall number of landfalling
TCs in the easterly QBO phases (25) compared with the west-
erly QBO phases (15). All other countries have relatively few
TC landfalls overall, so we are unable to draw any robust con-
clusions on the differences in TC landfalls for other countries
based on QBO phases. Two-sample Student’s t-tests applied
on the time series of the number of cyclones for the entire
NIO indicate that the landfall frequency is significantly differ-
ent [at the p < .05 (>95% confidence level)] for the entire
basin (p = .049) as well as for India (p = .042). For other
NIO rim countries, no significant differences at the 95% level
are observed. This may be due to the small sample size, which
is in keeping with the findings of Fadnavis et al. (2014).

As discussed in the section 2.3, two-sample Student’s
t-tests applied on the time series of the number of cyclones
across three zones indicate that the landfall frequencies
between the QBO easterly and westerly phases are statisti-
cally significant (90% confidence level) for the eastern part
of India, the western part of Bangladesh and Sri Lanka; how-
ever, the landfall frequencies for other countries/regions are
not significant.

Characterization of the average steering flow direction of
cyclones (by fitting the GAM) in each QBO phase is dis-
played in Figure 5. The GAM model is fitted to track
increments—it takes as a response the track velocities
between successive locations. These velocities are generated
by splitting the data by track and calculating average veloci-
ties between successive locations. Though there are no
tracks recorded at higher latitudes, there are larger

FIGURE 5 TC track velocities (data from 1980 to 2009) for each QBO phase by fitting the GAM. The velocity magnitude of the reference arrow is 10 m/s
[Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 6 Simulation of TC tracks and landfall as a function of QBO
phase. Genesis points were chosen from the modelled kernel. TC genesis
points (red colour), TC tracks (blue lines), and first landfall positions (green
dots) are also shown [Colour figure can be viewed at
wileyonlinelibrary.com]

TABLE 6 As in Table 5, but for the simulated (bold) total number of TCs
that made country landfall in each QBO phase

Country

Easterly phase Westerly phase

No (%a) (%b) No (%a) (%b)

India 19 54 38 16 46 32

Myanmar 4 40 8 6 60 12

Bangladesh 3 38 6 5 62 10

Sri Lanka 0 0 0 1 100 2

Yemen 0 0 0 0 0 0

Oman 4 67 8 2 33 4

Total landfall 30 60 30 60

NONc 20 40 20 40

Total 50 100 50 100

a The difference of landfall frequency by QBO phase for a specific country.
b The difference of landfall frequency by country for a particular QBO phase.
c No landfall and/or landfall in other countries that are not considered in this
model.

FIGURE 7 Probabilities of TC landfall (%) by model simulation across the
NIO rim states for both QBO phases. Grey indicates that no landfalls are
simulated [Colour figure can be viewed at wileyonlinelibrary.com]
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magnitudes of vectors due to having to extrapolate over this
part of the study domain. These larger velocities (exceeding
10 m/s) are unrealistic (these vectors occur over 0.06% of

the domain) but their presence does not affect our results
since it is polewards from where the TCs are located. During
the easterly QBO phase, the velocity field indicates west-
wards to northwards movement in the BoB. In the Arabian
Sea, velocities are mostly westwards with a northwards ten-
dency in the northern portion of the basin. In the westerly
QBO phase, the GAM-fitted TC velocity vectors indicate
northwards movement over the BoB and mostly northwest-
wards movement over much of the Arabian Sea.

3.2 | Simulated cyclone tracks and landfall locations

Model simulated TC tracks and landfalls are shown in
Figure 6. In the easterly QBO phase, TCs tend to track
northwestwards with most of them making landfall along the
western BoB coast, with 8% more making landfall in India
in the easterly QBO phase than in the westerly QBO phase.
In the Arabian Sea, Oman and northwest India are modelled

TABLE 7 As in Table 5, but for the observed total numbers (and
percentages) of NIO region TC genesis occurrences as a function of QBO
phase for each season

Season

Easterly phase Westerly phase

No %a %b No %c %b

Winter 12 55 20 10 45 25

Pre-monsoon 12 63 20 7 37 17.5

Monsoon 13 81 21 3 19 7.5

Post-monsoon 24 55 39 20 46 50

Total 61 100 40 100

a The difference of landfall frequency by QBO phase for a specific country.
b The difference of landfall frequency by country for a particular QBO phase.
c No landfall and/or landfall in other countries that are not considered in this
model.

FIGURE 8 Observed TC genesis, tracks and landfall over the NIO for the
easterly QBO phase (E phase) in each of four seasons (left panels), and
westerly QBO phase (W phase) in each of four seasons (right panels). Red
and green dots identify the TC genesis points and landfall locations,
respectively, from 1980 to 2009. Observed TC tracks are shown by blue
lines [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 9 Modelled joint distributions (season and QBO phase) of TC
genesis locations based on kernel density estimates of the observed TC
genesis occurrences, for both the easterly QBO phase (E phase) (left panels)
and westerly QBO phase (W phase) (right panels), based on data from 1980
to 2009. Highest density (accumulation of TC numbers/km2) areas of
genesis are shown in the green colour [Colour figure can be viewed at
wileyonlinelibrary.com]
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to receive the greatest number of landfalls. During the west-
erly QBO phase, TCs tend to track to the north and northeast
over the BoB (Orissa coast in India, Bangladesh and Myan-
mar). Over the Arabian Sea, TCs tend to travel west with a
preferred tendency to make landfall in Oman.

The simulated ratios of TCs that made landfall in each
country as a function of QBO phase are specified in Table 6.
In the easterly QBO phase, the highest percentage of simu-
lated TC landfall occurrences are in India and Oman. Con-
versely, during the westerly QBO phase, Bangladesh,
Myanmar and Sri Lanka are modelled to have a higher fre-
quency of landfalls. Yemen has no TC landfalls in either
QBO phase. Too few TCs have made landfalls in Sri Lanka
to make any inferences about statistical significance of the
model there. Variations in simulated landfall rates by

country for a particular QBO phase are also shown in
Table 6. In both QBO phases, 60% of simulated TCs made
landfall which is close to the observed rate of 61%. The
remaining 40% of simulated TCs did not make landfall or
made landfall in other countries/islands that are not consid-
ered in this model. In the easterly QBO phase, 38% of all
simulated TCs made landfall in India with 8% each making
landfall in each of Oman and Myanmar, respectively. The
simulated landfall rate is 6% in the QBO-E phase for
Bangladesh, with no landfalls simulated for Sri Lanka or
Yemen. In the QBO-W phase, India was struck by one-third
(32%) of the total simulated landfalling TCs. Myanmar
received the second highest percentage of simulated landfall
occurrences (12%). A total of 10% of the model-simulated
TCs made landfall in Bangladesh with 4% making landfall
in Oman and 2% making landfall in Sri Lanka.

Figure 7 shows the simulated percentage probabilities of
TC landfall for both QBO phases. For the easterly QBO
phase, Andhra Pradesh in India is modelled to have the high-
est percent simulated landfall probability, followed by the
state of Orissa in India and then Myanmar. The model pro-
duces the maximum percentage probabilities of TC landfall
during the westerly QBO phase in Myanmar, followed by
Orissa and Andhra Pradesh.

3.3 | Genesis and track model fits as a function of both
QBO phase and season

The influence of QBO is generally stronger across most NIO
region TC seasons during the easterly QBO phase than the
westerly QBO phase. The highest genesis rates are seen in
the post-monsoon season for both phases of the QBO. In the
easterly QBO phases, 39% of genesis occurrences occur in
the post-monsoon season, whereas in westerly QBO phases,
50% of genesis occurrences happen in the post-monsoon sea-
son. During easterly QBO phases, 21% of genesis occur-
rences occur in the monsoon season, with both the winter
and pre-monsoon seasons accounting for 20% of all genesis
events. In westerly QBO phases, 25% of genesis events
occur in the winter, followed by the pre-monsoon season
(18%). Only 8% of genesis events occur during the monsoon
season in the westerly QBO phase (Table 7).

Figure 8 displays how TCs have tracked and where they
have made landfall for each season and QBO phase. In the
winter season and in the easterly QBO phase, cyclones in
the NIO region tended to track westwards, with the majority
making landfall along the Tamil Nadu coast in India. In con-
trast, during the westerly QBO phase, TCs tended to take a
northeastwards track over the NIO, with most making land-
fall in Myanmar. In the pre-monsoon season, TCs tended to
track northwards and northeastwards and made landfall in
Andhra Pradesh in India and Chittagong in Bangladesh dur-
ing the easterly QBO phase. During the westerly QBO
phase, they tended to track northeastwards and made landfall
in southeast Bangladesh as well as Myanmar. In the

FIGURE 10 Distribution of GAM-fitted TC track velocities (data from
1980 to 2009) for each QBO phase and season across the North Indian
Ocean. The reference arrow velocity magnitude is 10 m/s [Colour figure can
be viewed at wileyonlinelibrary.com]
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monsoon season, TCs tended to track westwards and made
landfall along the Orissa and Gujarat coasts in India as well
as Oman during the easterly QBO phase whereas the small
number of observed TCs typically tracked west to northwest-
wards and made landfall in the state of west Bengal in India
during the westerly QBO phase. Finally, in the post-
monsoon season, TCs were observed to preferentially track
northwestwards to make landfall along the Tamil Nadu,
Andhra Pradesh and West Bengal coasts in India during the
easterly QBO phase, whereas TCs tended to preferentially
track northwestwards during the westerly QBO phase and
made landfall in Orissa, India and Bangladesh.

The modelled joint distributions (TC season and QBO
phase) of TC genesis locations, built on kernel density esti-
mates of the observed TC genesis occurrences recorded in
the NIO region, are displayed in Figure 9. The maximum
genesis density is located in the BoB during the westerly
QBO phase. In the winter season, the highest genesis densi-
ties are estimated to be between 5�N and 14�N in the BoB
during the easterly QBO phase, while the highest genesis
densities are estimated from 8�N to 11�N in the BoB and
from 10�N to 12�N in the Arabian Sea during the westerly
QBO phase. Genesis tends to take place slightly farther
southwest in easterly QBO phases than in westerly QBO
phases. In the pre-monsoon season, highest genesis densities
are from 10�N to 15�N in the BoB and Arabian Sea during
the easterly QBO phase and from 10�N to 20�N during the
westerly QBO phase. TCs tend to form closer to the coast in
the pre-monsoon season in the westerly QBO phase. In the
monsoon season, the highest genesis densities are from
18�N to 20�N in the BoB and 17�N to 19�N for the Arabian
Sea in the easterly QBO phase, while the densities are from
14�N to 16�N in the Arabian Sea during the westerly QBO
phase. This northwards shift during the monsoon season is
due to the large-scale monsoon circulation and associated

position of the monsoon trough. In the post-monsoon sea-
son, the highest genesis densities are estimated from 10�N to
15�N in the BoB for both QBO phases and from 13�N to
15�N in the Arabian Sea during the westerly QBO phase.
There are more TC genesis events in the Arabian Sea during
the easterly phase of the post-monsoon season.

As reported earlier, a GAM was fit to each velocity com-
ponent of the observed TC tracks to generate a smoother and
more complete velocity field over the entire domain. This
was undertaken independently for each season and jointly
with each phase of the QBO (Figure 10). In the winter sea-
son and easterly QBO phase, the fitted velocity field shows
the westwards flow field south of 15�N in the BoB and Ara-
bian Sea but the direction changes north of 15�N towards
the northeast in the BoB and towards the westnorthwest in
the Arabian Sea. In contrast, the fitted velocity field shows a
predominantly northwestwards flow field in the BoB south
of 15�N before recurving towards the northeast during the
westerly QBO phase, while mostly westwards flows are
modelled for the Arabian Sea. For the pre-monsoon season,
during the westerly QBO phase the flow is mostly north-
wards in the BoB and westwards and less variable in the
Arabian Sea whereas the GAM-fitted velocity field shows a
mostly northwards flow in the BoB and a westwards flow,
albeit highly variable, in the Arabian Sea during the easterly
QBO phase. In the monsoon season, the velocity field pre-
dominantly shows a northwestwards flow across the NIO
region during both QBO phases. In the post-monsoon sea-
son, during the easterly QBO phase, westwards flows are
mainly seen, except north of 17�N where northwards flow
dominates in the BoB. Eastwards flow is seen for the north-
ern portion of the Arabian Sea. In contrast, the GAM-fitted
velocity field shows westwards, northwards and northwest-
wards flow over the BoB and Arabian Sea during the west-
erly QBO phase in the post-monsoon season.

FIGURE 11 Spatial distribution of the percentage probabilities (model simulation) of TC landfall by TC season and QBO phase across NIO rim states and
countries [Colour figure can be viewed at wileyonlinelibrary.com]
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Simulated TC landfall occurrence percentages as a func-
tion of season and QBO phase are shown in Figure 11. Dur-
ing the winter season for both QBO phases, the model
predicts the largest probabilities of TC landfalls in Tamil
Nadu, India. In the pre-monsoon season, the model simulates
Myanmar to have the largest probabilities of TC landfalls
during the westerly QBO phase, whereas Gujarat, Andhra
Pradesh, Orissa in India, Oman and portions of Bangladesh,
are simulated to be the most likely landfall locations in the
easterly QBO phase. During the easterly QBO phase and in

the monsoon season, the states of Andhra Pradesh, Orissa
and West Bengal in India and Oman have the largest proba-
bilities of simulated TC landfalls, whereas Andhra Pradesh
and Orissa in India, Khulna in Bangladesh and Oman experi-
ence the largest probabilities TC landfalls in the westerly
QBO phase. In the post-monsoon season, the largest proba-
bilities of TC landfall occurrences are seen in the Andhra
Pradesh, Tamil Nadu, Orissa and Gujarat states of India dur-
ing the easterly QBO phase, whereas Andhra Pradesh,
Orissa and Tamil Nadu in India are simulated to result in the
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FIGURE 12 Distribution of 500 hPa winds (m/s) in the pre-monsoon season (March through May) during (a) easterly QBO, (b) westerly QBO and
(c) westerly minus easterly QBO, and post-monsoon season (October through November) during (d) easterly QBO, (e) westerly QBO and (f ) westerly minus
easterly QBO [Colour figure can be viewed at wileyonlinelibrary.com]
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largest probabilities of TC landfalls during the westerly
QBO phase.

3.4 | Dynamical mechanism determining TC
movement

The steering flow is the driving force that determines the
movement of a TC. The beta effect and air sea interaction
also impact the track taken by a TC (Williams and Chan,
1994; Fadnavis et al., 2014). George and Gray (1976)
showed that TC motion is best explained by the 500 hPa
winds. Chan and Gray (1982) documented the skill of using
mid-tropospheric winds for predicting TC tracks. These
results were later confirmed by Carr and Elsberry (1990).
The influence of QBO phases on steering winds was docu-
mented by Fadnavis et al. (2014). TC track modulation by
the QBO shows the combined effect of QBO-influenced
steering winds and the beta effect. Fadnavis et al. (2014)
used a layer average (850–200 mb) to approximate TC
motion. Fadnavis et al. (2014) also proposed that the QBO
phase might influence TC trajectories through modulations
of the tropopause pressure, outgoing longwave radiation
(OLR) and steering winds. Furthermore, the QBO modula-
tion of OLR, tropopause pressure and geopotential height
and the spatial correlation between the QBO index and OLR
indicate linkages between the QBO on TCs via modulation
of tropopause pressure, steering winds, OLR and geopoten-
tial height (Fadnavis et al., 2014). Here, we examine
500 hPa vector wind anomalies for the pre-monsoon
(March–May) and post-monsoon (October–November)

seasons in the NIO for easterly and westerly QBO phases.
These two seasons are the most active seasons for TC forma-
tion in the NIO.

The steering winds during easterly QBO, westerly QBO
and the difference between westerly and easterly QBO
phases are shown in Figure 12. In the pre-monsoon season,
during the QBO easterly phase, anomalous northeasterly
steering winds prevail in the northern portion of the Arabian
Sea with generally weaker anomalies farther south in the
basin. In the BoB, anomalous southerly flow is evident in
the northern portion of the basin, with anomalous easterly
flow farther south (Figure 12a). Anomalous easterly flow
dominates both the northern portion of the BoB and the Ara-
bian Sea in the QBO westerly phase during the pre-monsoon
season, with generally weaker flow farther south in both
basins (Figure 12b). The difference between the westerly
and easterly QBO phases in the pre-monsoon season high-
lights westerly flow in the southern portions of both the BoB
and Arabian Sea (Figure 12c). In the post-monsoon season,
during the easterly phase of the QBO (Figure 12d), anoma-
lous northeasterly flow is evident in the BoB, with predomi-
nantly easterly anomalies farther south in the basin. Weaker
anomalies are generally evident across the southern portion
of the Arabian Sea, with southerly anomalies in the northern
portion of the basin (Figure 12d). A pronounced anomalous
anticyclone is evident in the 500 hPa steering flow in the
westerly phase of the QBO in the post-monsoon season, with
anomalous westerly flow in the northern portion of the BoB
and anomalous easterly flow in the southern part of the BoB.
Anomalous southerly steering flow dominates most of the
Arabian Sea (Figure 12e). The difference between the west-
erly and easterly QBO phases displays southwest winds
across the western part of the BoB, highlighting a tendency
for TCs to track farther to the northeast in westerly QBO
phase episodes during the post-monsoon season
(Figure 12f ), which is in keeping with the results from the
TC track model.

3.5 | Validation of model against observations

We validated the model using different methods:
(a) LOOCV by a majority vote approach and (b) a distance
calculation between observed and simulated landfall. For
this QBO forecast model version which contains 101 TCs,
the highest number of TC landfalls for observed (40) and
predicted landfalls (51) are seen in India. The observed num-
ber of landfalls for Myanmar is 7, while the model predicted
a total of 9 TC landfalls (Table 8). Overall, the model shows
a reasonably good performance.

Again, we calculated the distance between observed
landfall and predicted landfall. The distribution of these dis-
tances is presented in Figure 13. Due to the random sam-
pling approach adopted here, the frequencies are quite large.
Each time we run the model, we remove each track in turn,
and simulate multiple trajectories from the modelled genesis

TABLE 8 Total observed and simulated TC landfall occurrences for each
north Indian Ocean rim country

Country Observed number Simulated number

India 40 51

Myanmar 7 9

Bangladesh 7 3

Sri Lanka 4 2

Oman 3 8

Yemen 0 3

Total landfall 61 76

NONa 40 25

Total 101 101

a No landfall and/or landfall in other countries that is not considered into model.

FIGURE 13 Distribution of distance for simulated landfalls against
observed landfall (in number) locations for NIO rim countries
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point based on the reduced data sets. This produces a large
data set. The majority of simulated TC landfalls occurred
within 500 km of the observed landfall positions
(Figure 13). Given the spatial scale (~1,000 km) of TCs
(Harold et al., 1999), landfall within ~500 km of the
observations by the model simulation can be considered
indicative of good model performance for both QBO
phases, noting that there is a peak in the error distribution
at ~1,500 km during the easterly QBO phase. A double
peak in the climatological NIO TC season (Camargo et al.,
2005; Shaevitz et al., 2014; Camp et al., 2015), makes the
basin challenging to model. In addition, average 5-day
forecast track errors of individual TCs from dynamical
models are several hundred kilometres (Mallik et al.,
2015; Rayhun et al., 2015). According to Chavas et al.
(2016), the median storm size (defined by radius to 12 m/
s) in the NIO is 287 km, with the global median being
about 300 km. The median outer radius of vanishing wind
(r0) is closer to 1,000 km. Based on this knowledge of
characteristic storm sizes in the NIO, we benchmark our
modelled landfall occurrences within ~500 km of the
observations as indicative of good model performance for
both QBO phases.

3.6 | Forecast skill of model measured against
observations

A comparison between the percentages of observed and sim-
ulated TC landfalls was undertaken to assess the model skill
when the predictor is used in model forecasts. The QBO
model forecasts represent an improvement in skill over the
climatological model forecasts available from Wahiduzza-
man et al. (2017). The QBO model predicted half of all TCs
making landfall (50%) for India, which is close (39%) to
observations. Also, the QBO predictor model version pre-
dicted landfall for Myanmar (9%) with a similar frequency
to observations (7%). Overall, the QBO predictor model
gave a 75% probability of TC landfall whereas the observa-
tions and climatological model predicted 60 and 79%,
respectively (Table 9).

Using the distance calculation approach, 73% of all TC
landfalls were within 500 km of the observed landfall posi-
tions. For the climatological model, only 63% satisfied the
0–500 km criteria, and consequently the forecast model pre-
sented here provides an approximately 25% (skill score =
scoreforecast − scorereference/scoreperfect forecast − scorereference
= (73–63/100–63) = (10/37) = 27%) improvement over cli-
matology for this error metric (Figure 14).

TABLE 9 Numbers and percentages of annual total observed and simulated (by climatology and QBO predictor) TC landfall occurrences across each
country of the NIO rim

Country

Observation Simulation (climatology) Simulation (QBO predictor)

No % No % No %

India 40 39 44 43 51 50

Myanmar 7 7 22 22 9 9

Bangladesh 7 7 0 0 3 3

Sri Lanka 4 4 8 8 2 2

Oman 3 3 6 6 8 8

Yemen 0 0 0 0 3 3

Total landfall 61 60 80 79 76 75

NONa 40 40 21 21 25 25

Total 101 100 101 100 101 100

a No landfall and/or landfall in other countries that is not considered into model.

FIGURE 14 Distribution of distances for simulated landfall against observed landfall (in number) location over the NIO for (a) climatology and
(b) climatology plus QBO
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To assess the forecast skill more broadly, we have per-
formed a hold-one-out validation by running the model
30 times, each time holding out 1 year and validating the
model based on that held-out year. For example, we held out
1980, fit over 1981–2009, and then predicted 1980. After
going through this process 30 times independently, we
aggregated the validation statistics by averaging across all of
these results to get single maps, by season and QBO phase,
showing the landfall probabilities across all years for the
QBO forecast model and the change relative to the

climatological model. We have only considered the pre-
monsoon and post-monsoon seasons, since they are the peak
seasons for TCs. We can see overall that the model forecasts
of TC activity for these seasons compare well against the
observations. Figure 15 shows, by season and QBO phase,
the observations of TC landfall as well as the climatology
and forecast model anomalies. During the pre-monsoon east-
erly phase (Figure 15a), TCs made landfall in Andhra Pra-
desh and Gujarat in India and Rakhine and Ayeywardy in
Myanmar. The QBO model also forecasted well for these

FIGURE 15 Observed (left), QBO forecast model (middle) and anomalies for the difference between the QBO forecast and climatological model (right)
probabilities of landfall (in %) across the north Indian Ocean rim countries (0�–30�N and 50�–100�E) for (a–c) pre-monsoon and QBO easterly phase; (d–f )
pre-monsoon and QBO westerly phase; (g–i) post-monsoon and QBO easterly phase; and (j–l) post-monsoon and QBO westerly phase. Results have been
aggregated across 30 years of LOOCV [Colour figure can be viewed at wileyonlinelibrary.com]
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regions (Figure 15b) compared to the climatological model,
as seen through the comparison with the anomalies
(Figure 15c). In the pre-monsoon westerly phase
(Figure 15d), TCs made landfall on the eastern side of the
BoB (Chittagong in Bangladesh and Rakhine in Myanmar)
and Dofar in Oman (Arabian Sea), and we found that the
QBO model predicted a maximum for these regions
(Figure 15e) with positive anomalies along these coasts
(Figure 15f ). The QBO model also predicted higher landfall
probabilities in the regions where landfall occurred. During
the post-monsoon westerly phase, TCs made landfall in
Andhra Pradesh and Tamil Nadu in India and in the south-
eastern part of Bangladesh (Figure 15g). The QBO model
predicted increased probabilities of landfall for these regions
where landfall occurred (Figure 15h,i). In the post-monsoon
easterly phase, TCs made landfall along the western side of
the BoB (Figure 15j) which was also forecast well by the
QBO model (Figure 15k,l). Overall, we found that the skill
of the QBO model forecasts of NIO TC landfall is an
improvement (25%) over the climatological model.

4 | SUMMARY AND DISCUSSION

The significance of skilful seasonal forecasts is important for
many societal sectors and for the framework of developing
climate services. In addition, it is valuable among the larger
community by increasing the acceptance of climate forecasts
(Doblas-Reyes et al., 2013). This study involved the devel-
opment and evaluation of a statistical seasonal forecast
model of TC formation, tracks, and landfall for the NIO
region, whereby a form of the stratospheric QBO shear index
(30–50 hPa) has been incorporated as the key predictor vari-
able. Fadnavis et al. (2014) recently showed that there is a
potentially useful climatic relationship between the QBO
(excluding medium and strong ENSO years) and TC tracks.
Building on their research findings, we applied a GAM
approach to fit the observed TC tracks as a smooth back-
ground trajectory (flow) field, and as a joint function of
QBO phase and TC season. We used a kernel density
approach to estimate the distribution of TC genesis points.
The kernel bandwidth was calculated with a standard plug-in
estimator. Model trajectories were simulated from randomly
selected genesis points from the kernel, and are based on the
GAM together with an array of stochastic innovations
applied at each time step. Two cross-validation methods
were also applied. First, LOOCV was performed whereby
the country of landfall was chosen using a majority vote
approach. The second method involved calculating the dis-
tance (as an error metric) between the observed and pre-
dicted landfall locations.

During a recent 30-year period (1980–2009), a total of
101 TCs were observed when strong ENSO events are
excluded. Of these, 61 (60%) made landfall across the NIO
rim countries. We found that the maximum percentage of

TC genesis occurrences was detected in the post-monsoon
season for both phases of the QBO. Our model simulations
also show that there are significant differences in the direc-
tions of the cyclonic trajectories as a function of season and
QBO phase that are consistent with the observations. While
TC landfall is related to TC intensity, we explored a
duration-QBO signal and found the distribution of TC land-
fall based on duration is not much affected.

The LOOCV analysis showed that the model performed
reasonably well for most countries along the NIO rim. The
performance of the model was excellent for Myanmar, with
relatively good simulation ability for several other countries.
However, we do not believe this approach really highlights
the value of the forecast model as being an improvement
over the climatological model. For that we have used a dis-
tance calculation approach. Based on this second cross-
validation approach (distance calculation), the majority of
modelled TC landfall occurrences were within a relatively
short distance (0–500 km) of the observed landfall locations.
Given the median TC size (defined by radius to 12 m/s) in
the NIO is 287 km, with the global median being about
300 km and compared to the typical error in landfall, this
demonstrates that the model is relatively skilful—at least
within error estimates characterized by the physical scales of
TCs, and typical error scales of dynamical models.

There are many issues with TC data over the NIO prior
to 1979 due to lack of geostationary satellite data and limited
observations (Evan and Camargo, 2010; Weinkle et al.,
2012; Wahiduzzaman et al., 2017). The composites of the
mid-level steering flow shown by Fadnavis et al. (2014)
indicate that the steering flow differences between east and
west QBO phases are similar for the pre-1980 and post-1980
periods at mid-levels of the atmosphere. Since the TC tracks
are characterized by the steering flow, and the model utilizes
this relationship (physical changes in the steering flow exist
between east and west QBO events), we fully expect the
relationships to be robust on longer periods of data than
examined here.

There is currently no available statistical model that uti-
lizes the QBO as a predictor for TCs in the NIO. Conse-
quently, a statistical seasonal forecast model has been
considered and developed here and is shown to be successful
at forecasting TC tracks. Based on a sensitivity analysis, we
chose a predictor time scale of 3 months for the QBO to lead
TC activity within each TC season. Overall, our model
shows skill exceeding that of climatology for the NIO rim.
Also, it shows skill for seasonal forecast from a suite of
hindcast simulations. We found that the seasonal forecast
model performed with approximately a 25% improvement
over the corresponding climatological model. One benefit of
this QBO model is the potential for forecasts several months
in advance, due to the fairly straightforward downwards
propagation of the QBO and its associated high predictabil-
ity on seasonal timescales.
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