Journal of the Korean Data &
Information Science Society
2021, 32(6), 1363–1371

http://dx.doi.org/10.7465/jkdi.2021.32.6.1363
한국데이터정보과학회지

Atlantic storm modeling using the empirical orthogonal
†
functions of sea surface temperatures
Sangwan Kim1 · Yongku Kim2

12

Department of Statistics, Kyungpook National University

Received 25 September 2021, revised 9 October 2021, accepted 12 October 2021

Abstract
Recently, both the numbers and intensities of Atlantic tropical storms show an
upward trend under the global warming condition. Statistical models play a very important role in understanding how the climate factors such as the cycle of El Niño/La
Niña, the pattern of the northern hemisphere jet stream and tropical Atlantic sea surface temperatures influence tropical storm activity. This paper proposes a hierarchical
and statistical model which predicts the number of the Atlantic tropical storms using
sea surface temperatures. Especially, Atlantic sea surface temperatures are incorporated into the model through empirical orthogonal functions. The proposed model is
illustrated using the climate data during 1900-2002.
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1. Introduction
The climate change issues provide a various challenges to scientists including statisticians
(e.g., Berliner, 2003; Kim and Kim, 2021; Kim, 2019). One crucial problem lines on the
separation of anthropogenic impacts on climate system and natural climate variation. For
example, recent hurricane outbreaks is ascribed as indicators of global warming due to human
influences. However, the climate system is known to exhibit such phenomena without our
influence (see Stevens, 1999; Flannery, 2005 for general discussion and references; see Kerr,
2006 for discussion regarding hurricanes).
Recently, causation between Atlantic hurricane activity and tropical Atlantic warmth has
been issued. Both the numbers and intensities of Atlantic tropical storms show an upward
trend under the global warming conditions. But underlying causes of this trend is still
unknown. It is widely thought that rising Atlantic sea surface temperatures was somehow
related to this. Some studies attributed this increase to a natural climate cycle in terms of
the Atlantic multidecadal oscillation whereas other studies suggest that climate change may
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be playing the dominant role. (see Goldenberg et al., 2001; Emanuel, 2005 and Webster et
al., 2005).
Statistical analysis focused on the separation of anthropogenic climate change influences
from possible natural cyclical influences. Anthropogenic factors are known to be responsible
for long-term trends in tropical Atlantic warmth and tropical cyclone activity. Others indicate recent tropospheric aerosol cooling has offset a substantial fraction of anthropogenic
warming in the Atlantic region and potential increases in tropical cyclone activity. Most
climate scientists focused on how the cycle of El Niño/La Niña, the pattern of the northern
hemisphere jet stream and tropical Atlantic sea surface temperatures influence tropical storm
generation by considering a model based on important climate variables. The annual number
of tropical storms are well known to be related to a variety of predictors (e.g., global temperature, global surface temperature, North Atlantic oscillation and Atlantic multidecadal
oscillation).
In statistical modeling, Atlantic tropical storms are treated as a stochastic process with
conditional distribution depending on various important phenomena and anthropogenic influences such as sea surface temperature which is also time-varying and stochastic. Elsner
and Jagger (2006) proposed Bayesian statistical seasonal forecast models to understand and
predict coastal hurricane activity. They used May – June averaged values representing the
North Atlantic oscillation (NAO), the Southern oscillation index (SOI), and the Atlantic
multidecadal oscillation (AMO) to predict the probabilities of observing US hurricanes in
months ahead (July – November). Mestre and Hallegatte (2009) considered a model in a nonlinear manner using generalized additive models (GAM), which showed that the long-term
trend in SST had signficant influence the annual number of tropical cyclones.
In climate studies, EOF analysis is often used to study possible spatial modes (ie, patterns)
of variability and how they change with time (e.g., the North Atlantic Oscilliation). In statistics, EOF analysis is known as Principal Component Analysis (PCA). A field is partitioned
into mathematically orthogonal (independent) modes which sometimes may be interpreted
as atmospheric and oceanographic modes. The most of the variance in atmospheric and
oceanographic processes is contained within the first few modes (Zwiers, 1999).
In this paper, we consider a hierarchical Bayesian model which predicts the number of the
Atlantic tropical storms using sea surface temperatures. Especially, Atlantic sea surface temperatures are incorporated into the model through empirical orthogonal functions (EOFs).
That is, EOFs are implemented as covariates in log-Gaussian process. As an illustration, we
consider a roughly 100 years observational record of Atlantic tropical storms. The dataset is
well-known in climate science and has been analyzed from many perspectives. Our example
may be too simplified to support any claims of solving the climate problem. This alternative
is less general, but perhaps more accessible. One notion is to reduce the complexity of the
model.

2. Statistical modeling
we consider a hierarchical Bayesian model for Atlantic Tropical Storms occurrence, which
can be outlined in three levels: data model, process model, and parameter (prior) model
(see Berliner, 1996). At the top level of this hierarchical model, the data stage specifies the
likelihood of observing data given underlyng true process. The next level, the process stage,
models the stochastic dynamics of underlying process. The dynamical model involves some
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unknown parameters, which are assigned prior distributions in the parameter stage.
The numbers of historic tropical storms in the Atlantic Ocean are known to be undercounted since counting tropical storms occurred before the advent of aircraft and satellites
relies on ships logs and hurricane landfalls. However, the long-term record of historical Atlantic tropical storm counts is likely reliable.
2.1. Data model
For t = 1, . . . , T our data are the number of Atlantic tropical storms observed year t,
denoted by Yt . Suppose the data model is based on Poisson process with intensity function
µ(t). That is,
Y (t) ∼ P oisson(µ(t)).
(2.1)
Let Y = (Y (1), . . . , Y (T ))0 . The uncertainties of measurements, which arise due to the size
and diversity of range of the measured locations, are all assumed to be mutually independent
through time. These data are from 1900 to 2002 prepared by Reanalysis project, NOAA
hurricane research division (see Figure 2.1). One may allow a change point around 1920’s
or 1930’s for different overdispersions of Poisson processes through hierarchical generalized
Poisson modeling in which
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Figure 2.1 The numbers of yearly Atlatnic tropical storms (black) and Atlantic hurricanes (gray) from
1900 to 2002

Y (t) ∼ GP oisson(φt , µ(t)),

(2.2)

where φt explains overdispersion, that is, V ar(Y (t)) = φt µ(t). In order to allow the temporal heterogeneity of measurement accuracy, a change point model can be applied to the
overdispersion parameter, φt .
2.2. Process Model
The Poisson intensities µ = (µ(1), . . . , µ(T ))0 , can be expressed in terms of climatic controls. That is,
µ(t) = f ((sst)t , ct , εt ),
(2.3)

1366

Sangwan Kim · Yongku Kim

where (sst)t is the field of Atlantic SST’s in the region, ct are other climatic controls (e.g.
Pacific SST, SOI, NAO, etc.), and εt represents unexplained stochastic climate inputs and
model errors associated with any specific model we use here. A simple construction is to
define
log µ(t) = Xt β,
(2.4)
where Xt is a design matrix of climate control variables, β is a vector of regression coefficients. Then µ(t) is called log-Gaussian process. In general, specification of a spatial-temporal
log-Gaussian Cox process is equivalent to that of a spatial-temporal Gaussian process.
It is widely thought that recent rising Atlantic sea surface temperature have had a role in
upward trend of numbers and intensities of Atlantic tropical storms (see Figure 2.2).
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Figure 2.2 Yearly averaged Atlantic SST anomaly during hurricane season from 1900 to 2002

The attribution of sea surface temperatures in the tropical Atlantic areas is still important
for hurricane development. The El Niño-Southern Oscillation (ENSO) is also known as a
significant factor in modulating tropical storm generation. ENSO can be summarized by
the Southern Oscillation Index (SOI), defined as the normalized sea level pressure difference
between Tahiti and Darwin, Australia (see Lopelewski and Jones, 1987).
To study the impacts of Atlantic sea surface temperatures (SST), we define µ depending
on climate behavior and influencing SST in the spatial region. Then µ is modeled in spectral
domain. First, we rewrite the model for µ(t) as
log µ(t) = α0 + α1 (nino3.4)t +

K
X

βk at,k ,

(2.5)

k=1

where (nino3.4)t is a Nino 3.4 index, the at,k are temporally varying coefficients of the
empirical orthogonal functions of Atlantic SST on 65 grid boxes. For each t = 1, . . . , T , we
model Atlantic SST as
(SST )t = Φat + ν t ,
(2.6)
where Φ is a matrix of EOFs, at is a K × 1 vector of coefficients and ν t ∼ N (0, Σν ). That
is, our (ahi)t in this case is the K-vector at . The innovation vectors ν t are assumed to be
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mutually uncorrelated over time. We describe statistical model for


k
X
Σν = α cν I +
λj Φcj (Φcj )0  ,
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(2.7)

j=1

where cν was chosen to account for remaining variance that corresponds to the last S − k
EOF’s and α ∼ IG. (see Berliner et al., 2000). In addition, EOFs can be classified by
covariates GT , AM O and N AO.
For the result presented here, we choose K = 4; the first 4 EOF’s explain approximately
88% of the variance in the SST anomalies. Finally, at can be modeled as follow: for k =
1, . . . , K
ak(t) = ok + ak (gt)t + bk (amo)t + ck (nao)t + e(k, t),
(2.8)
where e(k, t) ∼ N (0, σk2 ) for k = 1, . . . , K.
A benefit of these two-level linear approaches lies on that relationship between Atlantic
tropical storm activity and climate factors such as global surface temperature and Atlantic
oscillations is straightforward. In addition, an observed climate signal can be apportioned
as a combination of different forcing factors.
2.3. Prior model
We describe our choices of prior distributions for parameters used in the data model and
process model. All measurement error variances were assigned independent inverse Gamma
priors. For regression coefficients of both log-Gaussian process and Atlantic SST process,
noninformative (diffuse and uniform) priors are considered. The remaining issue is the initial
values and boundary condition problem. To complete process model prior, we need to assign
priors to the initial states and boundary states (for Atlantic SST fileds).

3. Analysis
We can not derive closed-form representation of the posterior distribution because of the
model’s complexity. So, we used a Metropolis-Hastings within Gibbs sampler. For the Gibbs
sampler, the full conditional distribution of all unknowns is required. All Markov chain
Monte Carlo (MCMC) implementations used to develop analyses were based on runs of
15,000 iterations, after initial burn-in phases. We used simple data analytic inspections of
outputs to estimate conservative burn-in times and approximate convergence to stationarity
of the chains.
As discussed before, we modeled Atlantic tropical storm occurrence as a log-Gaussian
process using SST and N ino3.4 as covariates, where SST is introduced through EOFs.
Then each EOF is modeled via the climatic covariates such as GT , AM O, and N AO.
The full conditional distribution of at for Atlantic SST process can be expressed as
[a1 , . . . , aT |rest] ∝

T
Y

[µ(t)|α, β, at , σε2 ][(SST )t |at , Σν ]

t=1

K
Y

[ak(t) |ok , ak , bk , ck , σk2 ]

k=1

(3.1)
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Figure 3.1 Plots of the first 4 dominate EOF’s for sea surface temperatures
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We implemented EOF as covariates in log-Gaussian process presented in previous section.
We only considered the first 4 dominate EOFs, which explain approximately 88% of the
total variance in the SST anomalies (see Figure 3.1).
Table 3.1 provides posterior means and standard deviations of regression coefficients for
N ino3.4 and EOFs (Nino3.4, EOF 1 and EOF 3 were statistically significant). The relationships between each EOF and climate controls are also summarized in the Table 3.2.
• a1 is significant for all GT , AM O and N AO.
• a2 is significant only for GT .
• a3 is significant for AM O and N AO.
• a4 is significant for GT and N AO.
As you can see, EOFs can be classified by covariates GT , AM O and N AO. Proposed
approach provides a good fit for Atlantic tropical storm occurrence (see Figure 3.2).
Table 3.1 Posterior means and standard deviations of important model parameters
Intercept (α0 )
Nino3.4 (α1 )
EOF 1 (β1 )
EOF 2 (β2 )
EOF 3 (β3 )
EOF 4 (β4 )

mean
2.24184
-0.35358
2.03003
0.13517
0.85948
0.32254

standard deviaition
0.03582
0.05984
0.31826
0.35109
0.32136
0.33092

Table 3.2 Posterior means and standard deviations of coefficients of each EOF model
EOF1
EOF2
EOF3
EOF4
Intercept (ok )
GT (ak )
AMO (bk )
NAO (ck )

mean
std. dev.
mean
std. dev.
mean
std dev
mean
std. dev.

-0.01178
0.00367
0.25027
0.01967
0.27394
0.02786
-0.03189
0.00592

-0.04620
0.00829
-0.09276
0.04441
0.07338
0.06289
0.00974
0.01336

-0.00216
0.00994
-0.02405
0.05329
-0.15916
0.07546
-0.03284
0.01603

-0.00016
0.00907
0.11331
0.04861
0.10849
0.06884
0.06583
0.01463

4. Conclusion
In this paper, we suggest a relatively simple models defined in spectral domain for modeling complex structures. This is implemented by considering EOFs and makeing a connection
with other climate factors hierarchically. Based on this natural notion, we address possible
modeling approaches by representing complicated process using a hierarchical structure of
simple stationary processes. These suggestion involve preliminary connection Atlantic storm
activity with Atlantic SST field covering Northern Atlantic Ocean and ENSO phenomenon
covering Southern Pacific Ocean and extension to other climate controls such as global
temperature and Atlantic oscillations using hierarchical structure. This strategy provided
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Figure 3.2 The posterior means (black) and observed (gray) numbers of yearly Atlatnic tropical storms

relationship between Atlantic tropical storms and various climate factors through the posterior distribution.
We develop an hierarchical structure of a log-Gaussian process for Atlantic storm occurrence conditional on Nino3.4 (or SOI) and SST . The SST used here is modeled through
EOFs conditioned upon measured GT , AM O, N AO. Our model may be too simplified to
support any claims of solving the climate problem, but perhaps more accessible. Here we
do emphasize the ability to incorporate climate information in determining Atlantic tropical
storm activity.
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