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As climate changes, regional responses may become more apparent; impacts
often can become natural hazards, adversely affecting millions of people, on all
continents and most nations. The coupling of hazards to climate change scenarios
is a great challenge of climate change science. Nevertheless, it is extremely
important to observe, simulate and ultimately understand this coupling, for
the benefit of society and sustainability of the Earth’s environment. Different
applied mathematical techniques have been used to discern real effects of these
changes and study long term trends. Moreover, those techniques can be applied
in addressing the intensity and frequency of extreme events associated with
climate change at regional scales and would be an important step in facing
future extreme events associated with climate change. Computational methods
include applying statistical data analysis, mesoscale and climate simulations while
assisting modeling efforts with satellite based observations. Predictive analytics
platforms would be very useful for assessing impacts of climate variability
and change on the frequency and intensity of extreme events and how these
extreme events can affect water and air quality issues globally. These tools are
an innovative technology that applies data mining methods, predictive models,
analysis and reporting to data, without the inherent limitations of current On Line
Analytical Processing tools that suffer from cube rigidity, database explosion and
dimensional constriction. Climate-induced changes are complex and vary across
a wide range of dimensions. An important part of predictive analytics platforms
are their unlimited dimensionality and the segmentation of data by ‘physical’ or
‘performance’ characteristics. For example, a physical dimension might be the
climate divisions in the state of California. A performance dimension could be
the arithmetical, mathematical, or statistical segmentation of data based on its
performance with regard to time.  2012 Wiley Periodicals, Inc.
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I

t has been known that climate is what we expect but
weather is what we get. This was based on the fact
that climate is foreseen as the aggregation of (random)
daily weather or in other words the long term statistics
of weather. Climate variability is caused by the
massive existence of complex nonlinear interactions
between wide range of degrees of freedom and modes,
hence characterized by high dimensionality. As result

 2012 Wiley Periodicals, Inc.

wires.wiley.com/compstats

Advanced Review

a wide range of computational methods are needed
to address the curse of dimensionality to be able
to observe meaningful patterns at different scales to
explain wide ranges of variability.
Climate data analyses using different statistical
tools have been of great use due to the fact that climate
variability occurs at different scales and associated
hazards. El Niño/La Niña termed as El Niño southern
oscillation (ENSO) are part of an interannual climate
phenomenon originating in the tropical Pacific. ENSO
has impacts at several regions in the world with patterns of dry/wet events succeeding each other. One of
these regions affected by ENSO is California. We will
discuss different important tools namely short-time
Fourier transform (STFT), wavelets, and empirical
orthogonal functions (EOF) as prominent tools used
in climate data analysis in general and some of them
are used here in our specific case study.

STFT AND WAVELETS ANALYSIS
Domain transforms such as the Fast Fourier
Transform (FFT) and the Discrete Cosine Transforms
(DCT) had been among the main tools of signal
transformation and analysis until the introduction of
the wavelet transform in the early 1980s. Wavelet
theory involves representing general functions in
terms of simpler, fixed building blocks at different
scales and positions. In the early 1980s, while
trying to further understand Hardy spaces, as well
as other spaces used to measure the size and
smoothness of functions, Strömberg discovered the
first continuous orthogonal wavelets.1 However,
long before this, Haar,2 Franklin,3 and others
studied continuous orthogonal functions. Independent
of Strömberg, Lemarié and Meyer constructed
new orthogonal wavelet expansions.4 Moreover,
Daubechies constructed wavelets, nonzero only in
a finite interval and with arbitrarily high, but
fixed, regularity.5 With the notion of multiresolution
analysis, introduced by Mallat and Meyer, a rigorous
and systematic framework for understanding the
orthogonal wavelet expansions was developed.6
Unlike the Fourier transform, which decomposes
a signal into component frequencies, a wavelet
transformation uses template matching to choose a
waveform closely matching the original signal and far
fewer terms are required to represent the signal while
retaining a high degree of accuracy.
Let L2 (R) denote the Hilbert space of complex
valued square integrable functions on the real line R.
The scalar product in this space is defined by

f (t)g(t)dt(f , g ∈ L2 (R)).
(f , g) =

A wavelet is a function ψ(t) ∈ L2 (R) such that
the family of functions
ψj,k :=



2j ψ(2j t − k),

where j and k are arbitrary integers, from an
orthonormal basis in the Hilbert space L2 (R).
The wavelet transform (WT) of the signal f (t) is
1
FWT (a, b) = √
a





∞

−∞

f (t)ψ


t−b
dt,
a

where a is the scale and b is the time shift.
We mention here for further study and
understanding of wavelets some useful overview
papers and relevant texts on this subject.7–16 In
statistical applications, the wavelet analysis has also
been widely studied.17–19
To detect abrupt changes in signals, numerous
methods had already been proposed in the literature
and are generally based on autoregressive (AR)
spectral estimators.20,21 However, all these methods
need to reach a convenient model of the process, which
is not always possible, especially when the considered
signal is nonstationary with abrupt changes. On
the other hand, there are the nonparametric
time–frequency approaches which require no prior
knowledge, nor assume any hypothesis about the
structure of the signal. And since time–frequency
mapping is a nonunique process, there exist various
methods for time–frequency analysis of nonstationary
signals. A widely used method is the STFT, in which
a time–frequency spectrum is produced by taking the
Fourier transform over a chosen time window.22
The STFT of a function f (t) is defined by

FST (t, ω) =

∞
−∞

f (t)h∗ (t − τ )e−iωτ dτ ,

where h(τ ) is the window function.
The STFT is most suitable for time–frequency
analysis of narrow-band signals whose frequencies are
subject to strong but slow time-evolution. However,
most of the signals of interest to scientists and
engineers, from cardiograms and seismograms to
stock market quotations and turbulent velocity fields,
do not resemble simple tunes and have a much richer
structure which often includes the appearance of a
wide range of scales.23 The STFT and the WT are
both subject to the same time–frequency constraint,
namely the Heisenberg uncertainty relation

R
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where t and f represent uncertainty in time and
frequency, respectively.
However, the fundamental difference between
these two approaches is how the resolution properties
vary throughout the time–frequency plane. For the
STFT, the choice of an analyzing window of short
duration ensures a good time localization, but at the
expense of a poor frequency resolution (by Fourier
duality), and vice versa. Moreover, once an analyzing
window has been chosen, the resolution capabilities
remain fixed for all time and frequency parameters.24
On the other hand, a major advantage of the WT over
the STFT is that it has a high-frequency resolution
at low frequency and a high-time resolution at high
frequency.

EMPIRICAL ORTHOGONAL
FUNCTIONS
There has been a dramatic effort carried out by
meteorologists to extract meaningful information
driven from observed patterns from measuring and
observing a wide range of atmospheric and climate
related variables over the last several decades. This
effort has led to the evolution of EOF technique
also known as the Principal Component Analysis
(PCA) that is capable of obtaining such hidden
information. The method finds the spatial patterns
of variability (EOF), their time variation or Principal
Components (PC), and gives a measure of the
importance of each pattern.25 EOF was introduced
for analyzing multivariate data in atmospheric science
and meteorology since the early 1950s.26–31 The
main purpose of EOFs was to deal with the large
dimension data sets with multiple variables and tend
to reduce those variables from the original data into a
smaller subset, yet without losing any of the variance
embedded in the larger set. However, EOF analysis
has been also used to extract individual modes of
variability such as the Arctic Oscillation (AO),32,33
known as teleconnections.34–36
In this article, we give a brief introduction
about some of the aspects of EOF. However, for
further study and understanding of EOF, the reader is
referred to more comprehensive discussions about the
mathematical background of EOF, their applications,
and cases for which they are not designed.37–41
Without loss of any generality, let us assume
that the expectation of a random field X is zero
(i.e., any initially nonzero average has already been
subtracted out). The field X could represent for
example a continuous field X(t) (such as daily mean
temperature or geopotential) sampled at N discrete
points in space or a gridded data set representing the

value of the field X(t, s) (such as sea level pressure
(SLP) or sea surface temperature (SST)), at time t and
spatial position s. Let us form the covariance matrix
of X given by C = E(XX T ) to solve the eigenvalue
problem
CU = U.
 is a diagonal matrix containing the eigenvalues
λk of C and the column vectors of U are the
eigenvectors of C associated with the eigenvalues λk .
The EOFs are defined as the normalized eigenvectors
uk of C:
Cuk = λk uk ,
where uTk uk = 1, and the corresponding eigenvalues
λk are sorted in decreasing order as λ1 ≥ λ2 · · · ≥ λn .
The eigenvector matrix U is an orthogonal matrix
with the property UU T = U T U = I. Furthermore,
as C is a nonnegative definite square matrix, the
eigenvalues λk are all nonnegative and the eigenvectors
uk form a complete orthonormal basis for the data
matrix. EOFs are therefore uncorrelated in space
because of the orthogonality property. Projecting
the field X onto uk , the kth EOF gives the kth PC
given by:
α k = X T uk .
As the EOFs are uncorrelated in space, the PCs
are uncorrelated in time. In fact, E(αi αj ) = λi δij and
var(αk ) = λk .
We can reconstruct the data from the EOFs and
PCs as follows:

X=
α k uk .
Thus, EOF analysis expresses the (discretely sampled)
field X as the superposition of mutually orthogonal
spatial patterns modulated by the same number of
mutually uncorrelated time series. The spatial patterns
and time series occur in matched pairs, which are
generally referred to as EOF modes.41
An interesting result42 is formulated as follows:
The first K eigenvectors uk , for any K ≤ M, of
the covariance matrix C = E(XX T ) of the m-variate
random vector X form a set of pairwise orthogonal
patterns. They minimize the variance

2 
K
K





 

= var(X) −
α k uk 
λk .
εk = var X −


k=1

k=1

The previous result is useful as it demonstrates that
by keeping, say, the first K terms of the series, where
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K < m, the truncated EOF expansion
X∗ =

K


α k uk ,

k=1

is optimal in the sense that the mean squared difference
between X and X ∗ is minimal. Furthermore, the
amount of explained variance η can be calculated
for the first K EOFs as follows:
η{1...K} = 1 −

εk
=
var(X)

K
k=1 λk
.
m
k=1 λk

The previous results which are favorable aspects of the
EOFs provide a powerful tool for data compression or
dimensionality reduction as the first few EOFs capture
in many cases the dynamical behavior of the system.

CALIFORNIA CLIMATE DIVISIONS
In the following we address a specific case study
where we are analyzing the El Niño impact on the
Precipitation Patterns in California utilizing some
specific methodologies to handle the climate data.
Generally speaking, one often hears that
California has the typical Mediterranean type climate,
characterized by warm, dry summers and wet winters.
This said, the state instead displays significant diversity
in weather and climate, depending on the geographical
location. Significant differences are noticeable from
north to south (the north being much more wet
than the arid south) as well as west to east (the
coastal regions show the strong influence of oceanic
patterns, while the inland regions exhibit once again
arid or near desert traits); specifically, the differences
in temperature are striking even for areas fairly close
in distance. In addition to these differences one
needs to add those due to significant topographic
effects.43 California exhibits highly-variable amounts
of precipitation across many timescales, from the
hourly to the climate timescale. Frequently, heavy
precipitation occurs, causing damage to property and
life (floods, landslides, etc.). These extreme events,
variability, and the lack of good, medium to longrange predictability of precipitation are a challenge to
those who manage wetlands, coastal infrastructure,
agriculture and fresh water supply. The global climate
change issues create additional challenges for those
interested in long-range planning and forecast. It is
known that La Niña and El Niño affect precipitation
patterns, which in turn are entwined with global
climate patterns. While there are many scenarios
as to how the global climate will evolve, little has

been done to estimate how these climate changes
might affect local weather. Teleconnection of North
American hydrologic drought in response to the
SST patterns linked to ENSO has been identified
in previous studies.44–47 Finally, the cold and warm
phases of the El Niño-Southern Oscillation have
been evaluated with respect to regional variations in
winter (December to January) precipitation anomalies
over United States.48 The maximum likelihood
factor analysis (MLFA) of El Niño effects, which
indicates tropical Pacific SST fluctuations, exhibits
typical heavy wintertime precipitation over California.
Communality results from MLFA analysis over 5 ×
5◦ blocks indicated ∼100% explanation of variances
over California compared to only 30% for Oregon.
The MLFA analysis was found to be a potentially
better tool for predictability of precipitation based
on SST predictors compared to principal component
factor analysis (PCFA) due to lower residuals.49 The
seasonal characteristics of precipitation based on
North American Regional Reanalysis (NARR) data
shows differences between El Niño and La Niña
winters for precipitation especially over the southwest
United States. The southwest United States exhibit
greater precipitation intensity and extreme events
during El Niño winters with extended Pacific jet
stream compared to La Niña with weaker Pacific jet
stream.50 This is consistent with previous studies51–53
that show that the extended Pacific jet stream
characteristic of the warm El Niño phase leads to
wetter-than average conditions in the south and
warmer than average conditions in the north.50
Northern California shows significant (95%
confidence limit) high decadal-scale variability in
winter precipitation where decadal signal contributes
∼22.9% of the total variance in winter precipitation.
The decadal signal in northern California also
shows moderate positive correlation with SST in
the central North Pacific (Pacific decadal oscillation,
October–March.)54
In this article, we study strong climate signals
associated with El Niño which as pointed out above
have pronounced effects on California precipitation
patterns with respect to both extreme flooding events
and drought seasons. We performed a multistage
statistical analysis on monthly environmental data
as well as a wavelet analysis to gather intricate insight
into the effects of El Niño/La Niña phenomena on
the occurrence of extreme precipitation events in
all California climate divisions. We used a Seasonal
Trend Decomposition Procedure Based on Loess (STL)
combined with ARMA modeling on the stationary
remainder component with AIC-based model selection
and goodness-of-fit diagnostic focused on residual
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distribution statistics to attain the best model
describing the inherent traits of the precipitation
patterns for each of the seven California climate
divisions. We use maximum likelihood parameter
estimates and their estimated joint variance structure
to construct 95% confidence bands as a measure for
detection of extreme precipitation events. Further,
we use raw Southern Oscillation index (SOI) data
to detect all El Niño/La Niña events that have
occurred over the same time period. Lastly, we
implement classical sensitivity/specificity analysis to
estimate the proportion of extreme precipitation
events attributable to ENSO related interannual
variability.

GEOGRAPHICAL REGION
The kind of data analysis that we will utilize can
be applied around the world and can improve
understanding of linkages between global climate
and regional processes. However, here we focus
on the Southwestern United States, particularly on
California, because of the importance of water quality
issues for its agriculture urban centers and multiuse
ecosystems). Moreover, ENSO effects tend to be large
in limited regions in the United States, California
being one of the most obvious.55,56 This region
contains a great variety of land cover (deserts,
semiarid regions, agricultural areas, large urban
centers, mountains, and sea coast) impacted by
global and inter-annual climate, pollution, and several
natural and anthropogenic hazards that impact air
and water quality. A base map of the region under
investigation showing the seven climate divisions is
shown in Figure 1.

STATISTICAL METHODS
Several studies have found spatial heterogeneous
trends over the United States especially over the west
coast. An analysis of trends in heavy precipitation,
top 60, 40, and 20 two-day precipitation events, for
the period 1950–2009 shows a decline over northern
California and a modest increase over southern and
central coastal California.57 Examination of extreme
(greater than 1-year return time) 1, 3, and 7 day
precipitation totals over United States climate division
for 1931–1996 revealed little trends over coastal
California.58 An assessment of extreme precipitation
events from California (CA) and Oregon–Washington
(OR–WA) sites, quantitative precipitation forecast
(QPF) at 24, 48, and 72 h, using National Weather
Service River Forecast Center (NWS-RFC) revealed

FIGURE 1 | The seven climate divisions of California viz. (1) North
Coast Drainage, (2) Sacramento Drainage, (3) Northeast Interior Basins,
(4) Central Coast Drainage, (5) San Joaquin Drainage, (6) South Coast
Drainage, (7) Southeast Desert Basin. The background image is
topography of California where green color represents plains (low
elevation) and yellow–brown–white implies increasing higher elevation.

90 extreme events (>7.6 cm (3.0 in.) of precipitation
in 24 h). Almost all these extreme events, during
the winter season (2005–2006), were found to
be associated with atmospheric conditions. Such
extreme precipitation events were found to be more
prevalent in CA than OR–WA.59 Numerous studies
link the precipitation and temperature anomalies
(and extremes) over North America, especially
southwest United States (California region) to the
phases of ENSO. Thus, the predictability of extreme
events such as extreme rainfall, flooding, or severe
drought conditions has been investigated using several
statistical, numerical methods and models using
observed (ground and satellite) and synthesized
data.60–69
In this article, we have performed a multistage
statistical analysis on monthly data spanning
115 years (1895–2009) that allowed us gather
intricate insight into the effects of El Niño/La
Niña phenomena for the occurrence of extreme
precipitation events in all California climate divisions.
In the first stage of our analysis we implemented time
series decomposition to remove seasonal and trend
components, ARIMA modeling and construction of
model based confidence intervals that allowed us to
detect extreme precipitation events in each climate
division. In the second stage, we extracted the periods
of El Niño/La Niña phenomena from monthly SOI
data spanning the same time frame. Last, in the third
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stage, we used classical epidemiological techniques
to assess the relationships between the two types of
events of interest. The details are given in the next
sections.
Let yt denote the observations on the
precipitation quantities in any of the seven California
geographical divisions recorded at times t ∈ D. We
view this time series as a single realization of
a stochastic process{Yt , t ∈ D}. There are several
available approaches for analysis of such seasonal
time series data. First, we can use local linear
regression (loess) to explicitly decompose the time
series into seasonal, trend, and residual components
(STL decomposition),70
Yt = St + Tt + Rt .

(1)

This decomposition step allows us to remove
the trend and seasonal components which are
of secondary interest and the presence of which
violates the important property of stationarity.71
Subsequently, we can implement any of the classical
methods for analysis of stationary time series
such as, autoregressive (AR(p)), moving average
(MA(q)), and the more general, moving average
autoregressive (ARMA(p,q)) models to analyze the
residual component,
Rt =

p


αi Rt−i +

i=1

q


βj εt−j ,

∞


p
i
i=1 αi z ,

for a sequence of constants ψj such that ∞
j=0 |ψj | <
∞. In these cases the explicit form of the coefficients
of the series (5) are given by:
φβ (z)/φα (z) =

∞


ψj zj , |z| ≤ 1.

(6)

Thus, with causal processes the autoregressive part
can be exchanged with infinite series involving the
process{εt , t ∈ D}. This result highlights the duality
between autoregressive and moving average models.
Moreover, the ARMA(p,q) process {Rt , t ∈ D} is
invertible if εt can be represented as:

(3)

εt =

q
j
j=0 βj z ,

αi ∇ d Yt−i

∞


πj Rt−j

(7)

j=0

for a sequence of constants πj such that ∞
j=0 |πj | < ∞.
In a result parallel to the one shown in Eq. (6), the
necessary and sufficient condition for invertibility is
given by two requirements; the roots of the auxiliary
polynomial φβ (z) must lie outside the unit disk
|z| ≤ 1and the polynomials φα (z) and φβ (z) must have
no common roots. In these cases the explicit form of
the coefficients of the series (7) are given by:

i=1

+

(5)

j=0

φβ (z) =
and
where φα (z) = 1 −
LRt = Rt−1 is the ordinary lag operator.
Alternatively, we can remove the seasonal
and trend components (of a nonstationary process)
to produce a stationary process through sequential differencing and fit a seasonal autoregressive integrated moving average (ARIMA(p,q,d)) model,72

q


ψj εt−j

j=0

j=0

φα (L)Rt = φβ (L)εt ,

p


Rt =

(2)

where αi , βj , and εt−j denote the parameters of the
autoregressive part of the model, the parameters of
the moving average part, and the error term which
are assumed to have the following properties, εt−j ∼
N(0, σ 2 ), cov(εt , εt−j ) = 0, and cov(εt , yt−j ) = 0. This
model can be written concisely,

∇ d Yt =

where ∇ d Yt = (1 − L)d Yt denotes the classical
difference operator which obviously is a special case
of a lag polynomial. Thus, finitely many differencing
steps reduce the original process {Yt , t ∈ D} to an
ARMA(p,q) process with respect to {∇ d Yt , t ∈ D }
and therefore we will not make a distinction between
them.
Further, because of the fact that moving average
models are inherently stationary, the determination
of this condition for model (3) depends on the
stationarity of the autoregressive part. The stationarity
of autoregressive models can be ascertained if the
roots of the auxiliary polynomial φα (z) lie outside the
unit disk |z| ≤ 1 (Dickey 1984).73 This requirement
combined with the condition that the polynomials
φα (z) and φβ (z) have no common roots defined are
necessary and sufficient conditions for the ARMA
process {Rt , t ∈ D} to be causal, that is, if Rt can be
represented as:

βj εt−j or φα (L)∇ d Yt = φβ (L)εt , (4)

j=0
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This result highlights the reverse direction of
the duality between autoregressive and moving
average models under the condition specified in the
presentation above.
Also, there are hypothesis testing based
approaches for detecting nonstationarity. The distribution of these Wald type test statistics have been
developed by Dickey74 and presented by Fuller.75
The last approach for analyzing longitudinal
data is via explicitly account for the correlation
structure using generalized mixed effects models,
g(Yt ) =

p


β i xi +

i=1

q


γj zj ,

(9)

j=1

where βi and γj denote the sets of fixed and random
effects, respectively.76
Parameter estimation for approach (3) is
obtained through the method of maximum
likelihood.77,78 In particular, if R = (R1 , R2 , . . . , Rn )
the likelihood for the model is
L(φα , φβ , σ 2 ) = (2π)−n/2 {det[E(RR )]}−1/2
× exp{−(1/2)R [E(RR )]−1 R}. (10)
This can be rewritten as:

L(φα , φβ , σ 2 ) = (2π)−n/2 

× exp −(1/2)σ −2

n−1
j=0

n


−1/2
rj 


(Rj − R̂j )/rj−1  , (11)

j=1

where E(Ri+1 − R̂i+1 ) = σ 2 ri , R̂i+1 = ij=1 θij (Ri+1−j −
p
R̂i+1−j ) for 1 ≤ i < m = max(p, q) and R̂i+1 = j=1
q
αj Ri+j−1 + j=1 θij (Ri+1−j − R̂i+1−j ) for i ≥ m. The
necessary coefficients ri and θij are calculated
recursively via an application of the Innovations
Algorithm approach.79
Further, there are several approaches for model
building and identification of the best fitting ARMA
models80,81 with preference given to a systematic
selection based on AIC minimization82,83 or its
unbiased version referred to as AICC.84 The AIC
based model minimizes the expression,
AIC(φα , φβ , σ 2 ) = −2 ln[L(φα , φβ , σ 2 )] + p + q + 1,
(12)
and is considered optimal as it minimizes the forecast
mean square error (FMSE) measure. Similarly, the

AICC based model minimizes the expression,
AIC(φα , φβ , σ 2 ) = −2 ln[L(φα , φβ , σ 2 )]
+ (p + q + 1)n/(n − p − q − 2).

(13)

Clearly, both information criteria include penalty
terms that discourage over-parameterization.
Next, goodness-of-fit assessment for model (3)
is predicated on analyses of residual based statistics
defined as:
Ŵt = [Rt − R̂t (φ̂α , φ̂β , σ̂ 2 )]2 /[r̂t−1 (φ̂α , φ̂β , σ̂ 2 )]1/2 ,
(14)
such as the autocorrelations and partial autocorrelations,85–87 as well as the Box–Pierce–Ljung statistic88
and classical regression techniques for model (9).89,90
Last, we derive 95% confidence bands as a
classical tool for detecting extreme observations,
R̂t ± 1.96MŜE(R̂t )1/2 .

(15)

Here the mean square error (MSE) reflects both the
variance of the model coefficients as well as the
residual variation. As usual, the boundaries of the
confidence intervals are used as thresholds for defining
the set of extreme observations E,


E = yt |rt > R̂t + 1.96MŜE(R̂t )1/2


× yt |rt < R̂t − 1.96MŜE(R̂t )1/2 .
(16)
In the following section, we implement the first
approach to analyze monthly precipitation data
collected from January 1895 to December 2009 for
the above-mentioned seven California divisions.

TIME SERIES ANALYSIS
The decomposition into seasonal, trend, and
residual components for division one of California
precipitation data is shown in Figure 2 (corresponding
graphs for all other divisions are not presented due
to limitations of space; they are, however, available
upon request). The raw times series data are shown
on the top part of the graph followed by the seasonal
and trend components. The important remainder
component time series needed for subsequent analyses
is shown in the bottom panel.
We implemented classical model building steps
in the general framework of the ARMA modeling
approach to find the appropriate model for each
division. In particular, the best-fitting model to
the residual component for division one was a
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FIGURE 2 | Time series decomposition for California, Division 1.
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FIGURE 3 | Model assessment-residual diagnostic for California, Division 1.

ARMA(3, 2) with the lowest AIC value of 6031.2
and estimated coefficients and corresponding standard
errors given by,
(α1 , α2 , α3 , β1 , β2 ) = (1.55(0.05),
− 0.78(0.05), 0.09(0.03),
− 1.95(0.01), 0.95(0.01)).

(17)

Next, we performed the residual goodness-of-fit
analysis with results shown in Figure 3. We conclude
that the model fit is satisfactory as evidenced by the
homogeneity of the residuals (top graph) as well as the
visual and statistical test based absence of correlations
at all lags (middle and bottom graphs).
Having found the best fitting model, we obtained
both the coefficient estimates and the variance

structure of the estimates which are all the necessary
parts of the confidence intervals. We apply this
equation to the seven ARMA models used to analyze
the precipitation patterns in the seven California
divisions to obtain the predicted values and the
corresponding 95% confidence intervals. The results,
restricted to years 1990–2009 for readability, are
shown in Figure 4. The red dotted lines represent
the 95% confidence bands around the expected
precipitation pattern for the corresponding Division.
This classical statistical approach allows us to detect
extreme precipitation values over time by monitoring
the adherence of the precipitation values to the lower
and upper limits of the bands.
All model building steps, parameter estimation,
diagnostic, and goodness-of-fit analyses were performed using the R statistical software.91
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California precipitation by division
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FIGURE 4 | Residual precipitation values and model-based 95% confidence intervals.

WAVELETS AND THE INDEX
OF STATIONARITY
Abrupt climate change prevails in nature and the
detection and understanding of such changes in
climate at regional to local scales, remains an
outstanding issue. Any progress in this direction will
help in the assessment of the inherent uncertainty of
global and regional climate change projections.
A method based on time–frequency representations (TFRs) for detecting abrupt spectral changes in
signals was introduced by Laurent and Doncarli.92
This method presents a stationarity index derived
from the spectrogram of the signal. We improved this
method by deriving the stationarity index from the
spectrogram of the wavelet coefficients of the signal
rather than from the spectrogram of the signal.93,94
We have considered this modification due to the
fact that the wavelet transform is a useful tool for
nonstationary signal analysis that has found many
applications in time–frequency analysis,95 transient
detection,96,97 and speech processing.98 After the brief
introduction to the STFT and wavelets transform in
the introduction section, let us combine these tools
and apply them to the California climate divisions.
The STFT of the continuous wavelet transform
is introduced as:

FWFT (τ1 , τ2 , ω1 , ω2 ) =

∞
−∞



STFTU (n, f ) =

FWT (a, b)H

U(m)w(n − m)e−i2π fn ,

where w(n) is the analysis window. The spectrogram
is given by:
SPEC(n, f ) = |STFTU (n, f )|2 .
Denote by SPEC the spectrogram of U. For each time
t, two sub-images SPECI(t, τ , f ) and SPECII(t, τ , f ) are
extracted from SPEC as follows:
SPECI(t, τ , f ) = SPEC(t − w + τ , f )
SPECII(t, τ , f ) = SPEC(t + τ , f ),
where w is the width of the subimages and τ ∈ [0, w].
After normalizing the obtained subimages, define the
modified stationarity index as follows:


∗

× (a − τ1 , b − τ2 )e−i(ω1 a+ω2 b) dadb,

∞

m=−∞

SI(t) =

∞
−∞

conjugate of H, and ω1 , ω2 represent the spatial
frequency parameters.
Considering the discrete case, let U be the signal
generated from the wavelets coefficients of the original
signal. The STFT of U(n) is given by:

w

τ =0


NSPECI(t, τ , f ) − NSPECII(t, τ , f )df dτ ,

where

where τ1 , τ2 represent the spatial position of the twodimensional window H(x, y), H∗ denotes the complex

NSPEC(t, τ , f ) = 
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FIGURE 5 | Index of stationarity for climate division 1.

Considering the discrete case,
0

SI(t) =

N 
M


1

NSPECI(t, i, j) − NSPECII(t, i, j),

2

−5

where SPECI and SPECII are images of size N × M.
If there is no change in the frequency content
of the signal, then the index of stationarity SI is
close to zero, but if a change occurs, then the index
of stationarity sharply peaks. Our preliminary work
shows that the wavelet transform combined with the
STFT provides a more accurate index of stationarity
than the STFT alone. Our method has lower variance
than the original method.93,94 This method is based on
time–frequency representations coupled with wavelets
to detect important frequency components present in
the signal and related to extreme events. In order
to detect abrupt changes and nonstationarities in
climate data, a stationarity index is derived and for
each time value, two sub images are considered on
both sides of this central instant and their distance
is computed. Measuring the difference between the
two images and comparing it with the decision
threshold will determine if an abrupt change occurred.
The application of this method to division one of
California precipitation is shown in Figure 5.

Period (years)

i=1 j=1
4

−10
8
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−15

32
−20
64

1900 1910 1920 1930 1940 1950 1960 1970 1980 1990 2000
Time (years)

FIGURE 6 | Wavelet power spectrum plot for climate division 1.

Using this method, we can enhance our
understanding of the variability and predictability of
the current climate with ENSO emphasis on interseasonal to inter-decadal time scales across California.
Moreover, our method based on time–frequency
representations is coupled with wavelets to detect
important frequency components present in the signal
and related to extreme events. We performed a wavelet
reconstruction using the original approximation
coefficients appropriate to focus on interannual
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FIGURE 7 | The Southern Oscillation Index 1895–2009.
TABLE 1 True El Niño Events and Extreme Precipitation Events in California
Year
1896
1899
1904
1905
1910
1914
1917
1919
1924
1926
1929
1938
1941
1946
1950
1955
1958
1962
1965
1969
1971
1972
1974
1975
1977
1982
1987
1989
1992
1994
1997
1998
2002
2006
2008

Event

Div1

Div2

Div3

Div4

Div5

Div6

1
−1
−1
1
−1
1
−1
1
−1
1
−1
−1
1
1
−1
−1
1
−1
1
1
−1
1
−1
−1
1
1
1
−1
1
1
1
−1
1
1
−1

0
0
−1
0
−1
1
0
0
0
1
−1
−1
0
0
0
−1
0
0
0
0
0
0
−1
0
0
1
0
0
0
1
1
1
1
0
−1

0
−1
−1
0
−1
1
−1
0
0
1
0
−1
0
0
0
−1
0
−1
1
0
0
0
−1
0
−1
1
0
0
0
1
1
0
1
0
−1

0
−1
−1
0
−1
1
0
0
0
1
0
−1
0
1
0
−1
0
−1
1
1
1
0
−1
0
0
0
0
0
0
0
0
0
1
0
0

0
−1
−1
0
−1
1
−1
0
−1
1
0
−1
1
1
0
−1
0
−1
1
1
1
0
−1
0
−1
0
0
0
0
1
1
0
1
0
−1

0
−1
−1
0
−1
1
0
0
0
1
0
−1
1
1
0
−1
0
−1
1
1
1
0
−1
0
−1
1
0
0
0
0
1
0
0
0
0

0
0
0
0
−1
1
0
0
0
0
0
−1
1
1
0
0
1
0
1
1
1
0
0
0
−1
1
0
0
1
1
1
0
−1
0
0
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Div7
0
0
0
0
−1
1
0
0
0
0
0
−1
1
1
0
0
0
0
1
1
1
0
0
−1
−1
1
0
0
1
1
1
0
−1
0
0
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changes. ENSO signals are known to have a
periodicity of 3–8 years; hence a low pass Butterworth
filter is applied to the time series to highlight
interannual signals by removing high frequencies for
all periods less than 1 year.56 A Morlet wavelet basis
function is then fitted to the data to derive the
interannual and longer-term signals. The time series is
zero padded before doing the wavelet transformation
to reduce the wavelet power near the edges and to
avoid wrap-around effects.15 Wavelet power spectrum
plot of climate division 1 (Figure 6) reveals the
existence of a signal having a period ranging from
3 to 6 years corresponding to the ENSO period of
2–8 years. The white curve in the plot identifies the
region of the wavelet spectrum in which edge effects
become important and is defined here as the e-folding
time. This e-folding time is chosen so that the wavelet
power for a discontinuity at the edge drops by a factor
e–2 and ensures that the edge effects are
√ negligible
beyond this point. It is given by τs = 2s, for the
autocorrelation of wavelet power at each scale, where,
τs is the e-folding time and is the wavelet scale.
The peaks within these regions have been
reduced in magnitude because of the zero padding.
Thus, it is unclear whether the decrease in power
beyond that edge is a true decrease in variance or an
artifact of the padding.15 The thick contour lines represent the 95% confidence level for the corresponding
red-noise spectrum, which is modeled following the
work of Gilman et al.99 The red noise model is a
univariate lag-1 autoregressive process, whose normalized Fourier power spectrum is calculated through
pk =

1 − α2
,
1 + α 2 − 2α cos(2π k/N)

where k = 0, . . . , N, N/2 is the frequency index, and α
is the lag-1 autocorrelation calculated for each station.

ANALYSIS OF THE RELATIONSHIP
BETWEEN TRUE EL NIÑO/LA NIÑA
EVENTS AND EXTREME
PRECIPITATION EVENTS IN ALL
CALIFORNIA DIVISIONS
Scientists now widely accept the extra tropical impacts
of the cold (La Niña) and warm (El Niño) phases of
ENSO phenomenon.100 As it is well known, El Niño is
characterized by an increase in the SST in the tropical
waters of the eastern and central Pacific Ocean. These
‘warm’ events occur on an irregular cycle, generally
ranging from 2 to 7 years, and last from as little as
6 months to as long as 4 years. El Niño events also
vary in strength and location and their characteristics

TABLE 2 Extreme Precipitations and El Niño Analysis
Division

Sensitivity

Specificity

1

0.41

0.67

2

0.44

0.69

3

0.54

0.71

4

0.50

0.71

5

0.51

0.73

6

0.43

0.67

7

0.45

0.68

TABLE 3 Extreme Precipitations and La Niña Analysis
Division

Sensitivity

Specificity

1

0.39

0.73

2

0.59

0.80

3

0.38

0.63

4

0.50

0.79

5

0.43

0.79

6

0.27

0.68

7

0.29

0.69

are measured by a variety of criteria including SST,
the Southern Oscillation, low level wind flow, and
outgoing long-wave radiation. Even though El Niño
forms in the tropical Pacific, it is indirectly felt in other
parts of the world as it disrupts the ‘usual’ position
of the jet stream and consequently the precipitation
patterns. The events related to La Niña also disrupt the
normal weather patterns in other parts of the world,
though their impact is generally not as significant as El
Niño in the United States. The SOI is used to identify
the warm and cold phases of the ENSO phenomenon.
SOI values are defined as the standardized
difference of the average monthly atmospheric
pressures at sea level between Tahiti and Darwin,
m
l
l
m
m
SOI = [(x̄m
t − x̄d ) − (x̄t − x̄d )]/sd(x̄t − x̄d ),
l
m l
where x̄m
t , x̄d , x̄t , x̄d are the monthly and long term
average atmospheric pressures at the two locations
respectively (Figure 7).
Having obtained the periods of true El Niño/La
Niña events through assessment of the extreme values
of the SOI data (i.e., by using the classical definition
of El Niño/La Niña) as well as the true extreme
precipitation events (detected through the ARMA
analyses on the residual component of the STL
decomposition of the original time series data), we
classify each El Niño/Niña event according to the
presence of a concurrent extreme precipitation event
and vice versa. In particular, we code presence/absence
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of El Niño/La Niña events as 1, −1, and 0 and assign
a value of 1, −1, and 0 for each division if the corresponding event was extreme rain, extreme draught
and nonextreme event respectively. Results from this
classification procedure are presented in Table 1 for
periods with detected El Niño/Niña events (rows of
data corresponding to extreme precipitation events
for any division not occurring during El Niño/La
Niña events are omitted for brevity of the exposition).
There are several relevant statistics that describe
the relationship between two dichotomous variables,
true/false positive and true/false negative rates, positive and negative predictive values or sensitivity and
specificity.101,102 We report the results of our analyses of the dependencies between El Niño and high
precipitation as well as between La Niña and low
precipitation events based on the last pair of statistics. A similar approach is commonly used to assess
the goodness-of-fit of logistic regression models by
comparing model-predicted (after dichotomizing the
predicted probabilities) outcomes and true events.103
In this case, sensitivity and specificity describe the
proportions of true extreme precipitation events
attributable to El Niño/La Niña and non-extreme
events attributable to an absence of El Niño/Niña
respectively. Details stratified by division are shown
in Tables 2 and 3.

CONCLUSIONS
The precipitation over California shows a relationship with the transport of moisture from the North
Pacific. The southern branch and northward branch
each brings moisture from the North Pacific to California and area north of Washington, respectively.
The behavior of these branches leads to enhancement
of precipitation in one region and suppression of precipitation in other region. The eastern tropical Pacific

just north of the equator has a large inverse influence on precipitation over California. During cold
ENSO events, the precipitation in California shows
negative anomaly. Suppressed rainfall in the subtropical eastern Pacific along with enhanced convection
in the central Pacific leads to heavy precipitation in
California.104 The fresh water supply to southern California depends upon precipitation anomalies and the
climate-snow pack relationship. The snow mass peak
timing of California Sierra Nevada snowpack shows
earlier melting of snow pack over almost all individual
stations (1930–2008). The enhanced melting is found
to be associated with daily maximum temperatures
during March and April.105 The enhanced melting also
plays a role in events such as flooding of downstream
regions with increased fraction of melt water.
Our results show that across all divisions,
between 41 and 54% of the extremely high precipitation occurrences were due to El Niño events. The lowest and highest values were attained in divisions 1 and
3, respectively. Alternatively, between 27 and 59%
of the extremely low precipitation occurrences were
due to and La Niña events. The lowest and highest
values were attained in divisions 6 and 2, respectively.
The differences in the average sensitivities for the two
types of events are likely because of the inherent difficulty in detecting drought in already desert areas.
Further, between 67 and 80% of the nonextreme precipitation occurrences were because of the absence of
El Niño/La Niña events. The higher average values
of the specificities compared to sensitivities are likely
because of the moderately invariable climate in California in general. Moreover, using the time–frequency
approach, we demonstrated the existence of important frequency components present in the signal and
related to extreme events. This method allows a good
detection and localization of change times.
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