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ABSTRACT: Global surface temperature is significantly influenced by different climate forcings operating at specific time
scales. This study investigates the association between global surface temperature and the Pacific Decadal Oscillation (PDO)
in a multiscaling framework in terms of both time scale of variability and non-stationarity. First, the ensemble empirical
mode decomposition (EEMD) is used for multiscale disintegration of the Global Surface Temperature Anomaly (GSTA) and
PDO datasets. A close matching of the periodicity of different modes of PDO and GSTA is noticed, and the subsequent
cross-correlation analysis of the modes showed that their linear association is the most perceptible at the slowly varying trend
component. The correlation between the different modes is further analyzed using a multiscale dynamic correlation method
namely, time-dependent intrinsic correlation (TDIC). This study found a strong long-range positive correlation between the
time series pairs in decadal and inter-decadal modes exceeding 20-year periodicity. Further it is found that, the multiscale
teleconnection between PDO and GSTA is not always of unique character but associated with localized reversals in the nature
of correlation in the time domain. The study further observed a similar pattern of correlation for both cold phases of the 20th
century (1901-1924 and 1947-1976); whereas the pattern of correlation is different for the warm phases of PDO (1925-1946

and 1977-1995) in different process scales.
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1. Introduction

Global climate has been experiencing significant warm-
ing at an unprecedented pace in the past century (IPCC,
2013; Ji et al., 2014). In the recent past, a large number
of research works focused on this issue and attempted
to study the variability of the Earth’s surface tempera-
ture both at global and regional scales (Wu et al., 2007,
2011; Hansen et al., 2010; Capparelli et al., 2013; Autret
etal., 2013; Bai et al., 2015). Understanding the link-
age of global surface temperature with different climate
oscillations may help to obtain proper implications in
regional-scale hydrology, under the climate change sce-
nario. The effect of multi-decadal oscillations on the global
surface temperature has been well debated in the litera-
ture (Pietrafesa et al., 2013; Trenberth and Fasullo, 2013)
and many studies have discussed the role of the Pacific
Decadal Oscillation (PDO) (e.g. Trenberth and Hurrell,
1994; Trenberth et al., 2007; Chen et al., 2008; Trenberth
and Fasullo, 2013). The Pacific Ocean appears to account
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for the majority of decadal variability, and events in the
Pacific affect the Atlantic, Indian, and Southern Oceans
as the system acts collectively to equilibrate changes in
the flow of energy (Chen efal., 2008). The warm and
cold phases of the PDO influence surface warming dif-
ferently; studies have found that while the warm phase
of the PDO enhanced surface warming, the cold phase
reduced it (Trenberth and Fasullo, 2013). Kosaka and Xie
(2013) highlighted the role of the PDO in the apparent
recent hiatus in global mean surface temperatures through
an experiment on a climate model with radiative forcing
and sea surface temperature (SST) over the central and
eastern Pacific Ocean. The 1997-1998 El Nifio event trig-
gered a change from a warm (1976—1998) to cold (since
1999) (Trenberth and Fasullo, 2013) PDO phase. Thus, the
realistic simulation of Pacific decadal variability is very
important in global warming and climate change-related
studies. Both the global surface temperature and climate
oscillation (such as PDO) time series show non-linear,
non-stationary, and multiscaling behaviour. Information
on the association between PDO and Global Surface
Temperature Anomaly (GSTA) in multiple time scales
may allow realistic simulations of climate models, and
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this study attempts to investigate the possible association
between the two in a statistical perspective based on a
robust spectral analysis technique.

Empirical mode decomposition (EMD) proposed by
Huang et al. (1998), is a multiscale decomposition method
that decomposes a time series signal into different modes
called intrinsic mode functions (IMFs), each of which
has a specific scale (periodicity) and governs some phys-
ical processes. The EMD process involves two steps:
(i) identification of local extrema points and fitting the
spline functions connecting them, and (ii) computing the
mean series (of extrema) and finding a residue series (by
subtracting the mean from the original series). The above
process is known as ‘sifting’ and the sifting operation
is iteratively continued till the resulting series become
a zero mean series with the total number of extrema
differing from the summation of number of local max-
ima and minima points at the most by one. The process
is repeated till the final residue series is monotonic or
contains only one peak. A detailed description of the
EMD can be found in Rao and Hsu (2008). To overcome
the ‘scale mixing’ problem of EMD, Wu and Huang
(2005a) proposed a noise-assisted ensemble averaged
procedure, namely, ensemble empirical mode decom-
position (EEMD). This method has been successfully
applied to analyze numerous climatic series (e.g. Huang
and Wu, 2008; Qian et al., 2011; Massei and Fournier,
2012; Qian and Zhou, 2014; Bai etal., 2015). The
obtained IMFs are the most appropriate inputs to perform
the Hilbert transform, which may help to the study the
spectral characteristics of non-linear and non-stationary
time series in the time-frequency domain by finding
instantaneous frequencies and amplitudes. Moreover,
instantaneous frequencies are useful to obtain instanta-
neous periods that can be fixed as window sizes to perform
a running correlation analysis called time-dependent
intrinsic correlation (TDIC) while investigating the link
between two non-linear and non-stationary time series
signals. The objective of this study is to investigate
the teleconnection between global surface temperature
and the PDO in a multiscaling framework, employing
TDIC analysis.

2. Methodology

The methodology used in this teleconnection involves the
following steps:

e Decompose the two time series of concern with EEMD
and identify the mean periodicity of IMFs.

e Perform cross-correlation between the IMFs.

e Apply Normalized Hilbert Transform with Direct
Quadrature (NHT-DQ) (Huang et al., 2009) to find
instantaneous frequency (and hence instantaneous
period).

e Employ the TDIC method to perform the multiscale
running correlation between the IMFs of the two
time series, using the instantaneous periods computed
in step 3.
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2.1. EEMD and the NHT-DQ scheme

EEMD involves (i) creating a pool of artificial signals by
the addition of white noise series to the time series of
concern; (ii) applying EMD upon each artificial signal to
obtain different modes (of specific periodicity); and (iii)
obtaining the ensemble average of each mode, which is
considered to be the actual IMF by EEMD decomposi-
tion. More details on EEMD can be found in Wu and
Huang (2005a). The IMFs obtained are then subjected to
Hilbert transformation (HT), to obtain instantaneous fre-
quencies and amplitudes to study the spectral properties
of the time series. To avoid the possibility of obtaining
negative instantaneous frequencies (which are physically
meaningless) and to ensure mathematical correctness of
the transformation, Huang et al. (2009) proposed a nor-
malization scheme for HT [normalized HT (NHT) and
a direct quadrature (DQ)] variant of Hilbert transform.
The normalization scheme primarily involves (i) identifi-
cation of the local maxima of IMF series; (ii) spline fitting
through maxima points; and (iii) point by point division
of IMFs using the constructed spline. The third step is
repeated iteratively until the normalized maximum val-
ues are all unity. The final series will be the frequency
modulated (FM) part that helps determine the amplitude
modulated (AM) part of the signal. This normalization
process and the application of Hilbert transform to the
empirical AM signal form the NHT method and the use
of ‘arccosine’ instead of the ‘arctan’ in the computation
of phase angles makes the scheme DQ. More details of
the scheme can be found in Huang and Wu (2008) or
Huang et al. (2009). This study uses the NHT-DQ scheme
to find instantaneous frequencies required to perform
TDIC analysis.

2.2. TDIC analysis

Because most of the hydro-climatic time series pos-
sess multiscaling behaviour, a scale-dependent running
correlation analysis is more appropriate to establish multi-
scale teleconnections of climate variables (Papadimitriou
et al., 2006; Rodo and Rodriguez-Arias, 2006; Scafetta,
2014). However, the selection of an appropriate win-
dow size is a challenge while applying such techniques.
Chen et al. (2010) proposed a method to determine the
scale-dependent correlation between two time series,
namely, the TDIC. This method employs the EMD (or
its variants) to decompose both the time series data into
multiple time scales. It is to be noted that in this method,
the window size is fixed adaptively (based on the data
characteristics), keeping the stationarity property of the
data within the window and, more importantly, the size
of the sliding window is fixed based on the instanta-
neous period (computed from instantaneous frequencies
obtained by HT of IMFs). The different steps of the TDIC
analysis are given below:

1. Use EMD (or its variants) to decompose the two time
series of interest into different time scales.

Int. J. Climatol. 37: 548-558 (2017)



550

(a) GSTA

IMF 1 Temperature (°C)
)
mon—=

IMF 2
|
o
v o

IMF 3
5 o
Moo
5

<
T8
= j
o 0.1 i
L0
2 041 f
o O1F 3
w ke o
L o
= 01t
~ 0.05 3
w |
L o
=_-0.05 1
® 0.05 | 3
E O 4
=005 | 1
» 01 .
[T 0 4
2 o4 1
S o04f ‘ ‘ ‘ ‘ ]
5 ozt ,
£ -02L ! . . ! =
1

900 1920 1940 1960

Year

1980

A. SANKARAN
(b) PDO
x
o Oof
Q -2
o
E 0
= 4
[ 1 a
% oH

IMF 5
s
[$ =)
%
i

2

IMF 7

IMF 8
o
T
1

Residue
|
(=4
1

! I
1960 1980

Year

Il Il
1920 1940 2000

Figure 1. IMFs of monthly GSTA and PDO time series for the period 1901-2013.

[\

. Compare the mean periodicities of the IMFs of both
series and select those IMFs with nearly the same mean
periodicity.

3. Find the instantaneous periods of both the IMFs using

Hilbert transform.

4. Find the minimum sliding window size (t;), which

may be taken as the maximum instantaneous period

between the two signals at the current position 7,

ie. ty=max(T ;(t,), T, (1)), where T ; and T,; are

instantaneous periods.

i nt,

Do+ 22,
where 7 is any positive number (a multiplzication facztor
for minimum sliding window size). In this study, n
is taken as 1, following previous studies (Huang and
Schmitt, 2014).

6. Assume that IMF1 and IMF2 are two IMFs of nearly
the same mean period pertaining to the two different
time series. The TDIC of the pair of IMFs can be
estimated from

5. Fix the sliding window as ¢ |,
w

R; () = Corr (IMF, ; (" ),IMF,, (¢")) atany ,, where
Corr is the correlation coefficient of the two time series and
R;(t,") 1s the correlation coefficient between the two IMF

segments at current position.

© 2016 Royal Meteorological Society

7 Perform Student’s #-test to investigate whether the
correlation coefficient R; (tZ) is statistically significant.
8 Repeat steps 4 to 7 iteratively till the boundary of the
sliding window exceeds the end points of the time series.

After computing the TDIC matrix, the TDIC plot is
prepared. The horizontal axis of the TDIC plot is the time
of the series (corresponding to the centre position of the
sliding window), and the vertical axis is the size of the
sliding window. The TDIC plot will be triangular in shape,
and the correlation at the apex point will be the general
correlation coefficient between the series if the data length
is fixed as maximum size of sliding window (Chen et al.,
2010). In general, half of the data length is selected as the
maximum size of the sliding window. The bottom contour
of the TDIC plots depicts the instantaneous frequency, and
hence a shift of the plots to larger time scales can be noticed
in higher-order IMFs (i.e. of low-frequency modes).

3. Database

PDO is described as a long-lived El Nifio-like pattern
of Pacific climate variability (Mantua et al., 1997; Zhang
et al., 1997), which can be determined by projecting the

Int. J. Climatol. 37: 548-558 (2017)
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SST anomaly on the leading empirical orthogonal func-
tions (EOFs) of monthly SST anomaly in the northern
Pacific Ocean. To investigate the link between global sur-
face temperature and the PDO, the monthly PDO indices
for the period 1901-2013 are collected from the Joint
Institute for the Study of the Atmosphere and Ocean
(JISAO) (http://jisao.washington.edu/pdo/PDO.latest) and
the GSTA data collected from National Aeronautics and
Space Administration (NASA) (http://data.giss.nasa.gov/
gistemp/tabledata_v3/GLB.Ts.txt).

4. Results and discussion

This study uses the EEMD method to decompose the PDO
and GSTA series after adopting a noise standard devia-
tion of 0.2 and ensemble size of 100 (Bai ez al., 2015).
For the GSTA series, the decomposition resulted in nine
IMFs and a residue. The modes obtained by the decompo-
sition are presented in Figure 1, and the mean periodicity of
different modes estimated using the zero-crossing method
(Barnhart and Eichinger, 2011) and the percentage vari-
ability explained (Bai et al., 2015) by different modes are
presented in Table 1.

Because the EEMD is a noise-assisted data analysis
method, where white noise series is added to form arti-
ficial signals, the spurious time scales may be introduced
and this may lead to wrong or misleading interpretations in
the TDIC analysis. Therefore, before drawing useful infer-
ences from the modes obtained from decomposition, it is
important to ensure that the resulting modes are not from
the added noise. The statistical significance test of IMF
components (Wu and Huang, 2004, 2005b) can be used to
identify the significant modes of decomposition and elimi-
nate the noisy components from the time series. Basically,
this involves (i) computation of the energy density of IMFs
and its normalization by considering the first IMF as the
reference IMF; (ii) generation of a white noise series by
Monte Carlo simulations, as well as its EMD, and com-
putation of the ‘spread function’; and (iii) estimation of
the confidence band of spread function of white noise at a
selected significance level based on step (ii). The coordi-
nate points of mean normalized energy and mean period
of IMFs are located on the 2D plane. This allows compar-
ison of the energy level of different IMFs with the spread
function of white noise. The IMFs of the original time
series X(¢) that have their energy densities located above
the upper confidence line of the white noise series can
be considered the ‘true IMFs’ (free from white noise and
containing information) and statistically significant at the
selected confidence level. Complete details of the statisti-
cal significance test of the IMF component can be found
in Wu and Huang (2004, 2005b). The results of statistical
significance tests of the IMF components of the GSTA and
PDO time series are presented in Figure 2. From Figure 2,
it is clear that the different modes are above the upper con-
fidence lines and hence free from noise.

The decomposition resulted in the detection of
intra-annual cycles of ~3 and ~6 months, a near-annual

© 2016 Royal Meteorological Society
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Table 1. Periodicity of IMFs of GSTA and PDO time series and
percentage of variability explained by different modes.

Mode number GSTA PDO
Time % Variability Time % Variability
period explained period explained
(months) (months)
IMF1 2.8 7.26 29 17.78
IMF2 5.7 3.25 55 12.67
IMF3 10.5 2.18 10.6 11.94
IMF4 20.2 2.85 20.0 14.88
IMF5 43.7 3.65 42.9 10.67
IMF6 67.8 1.16 73.1 5.98
IMF7 123.3 0.76 124.3 6.40
IMF8 271.2 1.28 4143 17.62
IMFO/residue 678 6.21 1356 2.06
Residue 1356 71.37
periodicity  (~11-13  month periodicity), three

inter-annual modes, a decadal mode (~124-month period-
icity), and two inter-decadal modes. The residue represents
the slowly varying climate component and the decom-
position detected the well-established monotonically
increasing trend of the GSTA dataset (Wu et al., 2007,
2011; Barnhart and Eichinger, 2011; Lee and Ourada,
2011; Franske, 2014). The near-decadal periodicity
observed in the decomposition of GSTA (~124 months)
could be associated with the ~11-year sunspot cycles;
this link has been proven in earlier studies (Usoskin and
Mursula, 2003; Coughlin and Tung, 2004; Zhen-Shan and
Xian, 2007; Barnhart and Eichinger, 2011). The decom-
position of PDO resulted in eight IMFs and a residue.
Table 1 further shows that for the GSTA dataset, the
maximum variability is explained by the trend (residue)
component (~71%) followed by IMF1 and IMF2. This
might be attributed to the consistently increasing nature
of the GSTA dataset. Similar results were also reported in
earlier research works (Lee and Ourada, 2011). However,
for the PDO time series, the variability is explained mainly
by the first five modes and the eighth mode (~10-18%).
From Table 1, we find that the periodicity of both GSTA
and PDO matches reasonably well, particularly for lower
modes; however, larger differences in periodicities (scales)
are observed for the low-frequency IMFs (eighth and ninth
modes). This implies that exactly common scales did not
present in both the series at some of the larger modes,
probably because of the limited number of cycles in the
higher-order IMFs. We also found that the periodicity of
the residue is long term, and it is denoted as 1356 (length
of the dataset) for illustration purposes. The slowly vary-
ing residue component depicts the overall inherent trend in
the data; however, it is to be noted that a mere comparison
of the residue (non-stationary component) is not sufficient
to comment on the association between the two time
series, as the trend depends on the length of the dataset
chosen. Therefore, to examine the association between the
two time series, we perform a cross-correlation analysis
of the series’ IMFs at different process scales; the results
are presented in Table 2.

Int. J. Climatol. 37: 548-558 (2017)
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Figure 2. Statistical significance test for IMF components of GSTA and PDO series with 95% (solid line) and 99% (dotted line) confidence limits.
The IMFs certainly do not result from noise considering that the energy levels of different IMFs are above the upper confidence limits.

Table 2. Cross-correlation between IMFs of GSTA and PDO time series.

PDO Temperature
IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 IMF9 Residue
IMF1 0.041 0.049 0.026  —-0.024 -0.031 0.000 -0.010 0.004  —0.007 0.011
IMF2 0.020  —-0.050 0.038 0.013 0.029 -0.027 0.001 —0.001 0.009 -0.024
IMF3 -0.018 —0.001 —0.057 0.054 0.010 0.009 —0.031 —0.004 0.012 0.001
IMF4 0.006 0.016  -0.015 0.131 0.102 -0.013 -0.076  —-0.052  —0.051 —-0.003
IMF5 -0.006  -0.014 0.004 0.043 0.421 0.012 —0.030 0.031 0.034 0.029
IMF6 -0.014  -0.011 0.001 0.031 0.075 —0.137 0.518 0.107  —0.068 0.069
IMF7 0.007  -0.028 0.006 0.032 0.045 —-0.030 0.545 0.076 0.018 —-0.031
IMF8 —0.007 0.014 0.000 0.012 0.001 —0.044 0.068 0.132 0.160 0.158
Residue 0.000  -0.004 -0.011 0.027 0.026 0.015 -0.020  —0.066 0.118 -0.921

The bold figures indicate that the correlation coefficient is significant (p value <0.00001).

From Table 2, we note that the association between the
respective IMFs at different process (time) scales is not
unique; that is, the correlation between the corresponding
IMFs are positive at some scales (IMF1, IMF4, IMF7,
and IMF8) and negative at some other time scales (IMF2,
IMF3, and IMF6). However, the correlation between the
residues is negative (and statistically significant). We
further note that the magnitude of correlation between the
different IMFs is very small except for the residue compo-
nent (—0.921). The overall linear correlation between the
GSTA and PDO series is only 0.054 when we consider the
entire time span. The reason for this very low correlation
could be that the positive correlation at some process
scale might have been nullified by a negative correlation
at some of the other scales; similarly, within a particular
IMF, the positive correlation at some of the time spells
might have been nullified by a negative correlation at
some other time spells. This observation is remarkable, as
it leads to the conclusion that the association between the
two time series is not always of unique nature. To verify
this hypothesis, we present a plot of the first seven IMFs
(in which a matching in mean periodicity is observed) and
the residue in Figure 3.

A close inspection of the IMF pairs (different panels of
Figure 3) showed several time spells with similar evolution

© 2016 Royal Meteorological Society

of IMFs (e.g. 1981-2001 in IMF7 and 1970-1980 in
IMFS5). However, in some of the shorter time spells, the
evolution is dissimilar in characteristics (e.g. 1981-2001
in IMF6) or very weak in association (e.g. weak PDO
prior to 1921 in IMF4 and during 1941-1961 in IMF6).
Some shorter time spells show a shift in phase between
the two series (e.g. during 1961—-1981 in IMF7). Further,
we noticed that a zero crossing of PDO occurs in the 1950s
and a zero crossing of GSTA occurs in 1960 (from the last
panel), indicating a similar evolution of the non-stationary
component below and above the zero mean. This obser-
vation highlights the importance of a running correlation
analysis to detect such unusual relationships at local time
spells. Thus, the hypothesis of the alterative nature of cor-
relation is found to be correct from a visual examination
of the IMFs as localized differences in the nature of the
association of IMFs are clearly evident in the time domain.

To quantify such local associations (i.e. to detect such
correlations of opposing character), a dynamic correlation
analysis (Rodo and Rodriguez-Arias, 2006; Scafetta,
2014) needs to be performed. The traditional corre-
lation analysis depicts the linear association between
two series by assuming their stationarity. While inves-
tigating the association between two time series of
multiscaling character through a running correlation

Int. J. Climatol. 37: 548-558 (2017)
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Figure 4. TDIC plots between IMF of PDO and that of GSTA time series for the period 1901-2013 at different process scales. The white space
indicates that the correlation is not significant at the 5% level using Student’s ¢-test.

analysis, we need to ensure the stationarity property
within the sliding window rather than over the entire
time domain. These issues can be successfully addressed
by using the TDIC method propounded by Chen et al.
(2010). TDIC analysis is performed between IMFs of

© 2016 Royal Meteorological Society

comparable periodicity from two time series. Here,
the sliding window is selected adaptively after finding
instantaneous frequencies by the NHT-DQ scheme of the
selected IMF pair. The results of the TDIC analysis are
presented in Figure 4.
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Table 3. Periodicity of IMFs of GSTA and PDO series for different time span.

IMF number Time period (months)
Cold phase 1 (CP1)  Warm phase 1 (WP1)  Cold phase 2 (CP2)  Warm phase 2 (WP2)  Recent past (RP)
GSTA PDO GSTA PDO GSTA PDO GSTA PDO GSTA PDO

IMF1 2.9 3.0 3.0 3.1 3.1 3.1 2.9 3.3 2.9 3.3
IMF2 5.6 5.9 6.4 8.0 6.5 6.7 6.6 8.8 6.8 8.0
IMF3 11.5 13.1 11.0 14.7 13.3 12.4 12.0 12.8 114 13.4
IMF4 26.2 28.8 24.0 33.0 32.7 27.7 25.3 38.0 27.0 30.8
IMF5 57.6 57.6 44.0 52.8 60.0 60.0 38.0 76.0 432 72.0
IMF6 96.0 96.0 132.0 88.0 180.0 120.0 114.0 154.0 216.0 216.0
IMF7/ 288.0 288.0 264.0 132.0 360.0 180.0 228.0 228.0 216.0
Residue 264.0 360.0
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Figure 5. TDIC plots between IMF of PDO and that of GSTA time series of the first cold PDO phase of the 20th century (1901-1924) at different

process scales. The white space indicates that the correlation is not significant at the 5% level using Student’s #-test.

The TDIC plots show an overall long-range correlation
between the PDO and GSTA in most of the modes. A
careful perusal of Figure 4 shows a pattern of correlation
quite unstable for the first few high-frequency modes
(IMF1-IMF4) and rich dynamics in the nature of corre-
lation, particularly at lower time scales (e.g. for sliding
window size <100 months). That is, although the domi-
nance of negative correlation is noticed in the TDIC plots
of lower-order IMFs, a large number of shorter time spells
appear where a positive correlation between the two exists.
This ‘switching’ in the nature of correlations is more visi-
ble in IMF4 as the time window is of the order of a few
years (alternate red and blue/green colour shades in the
TDIC plot of IMF4), whereas alterations in nature of cor-
relations last only for few months (i.e. frequent reversals)
in IMF1-IMF3. The pattern of correlation is quite stable
in the other IMFs, with the presence of only a few localized
couplets (opposing nature of correlations). The TDIC plots
of IMFS5 show a long-range positive correlation for IMFS,
but we notice a localized negative correlation between the
two in the 1990s. Similarly, the association between IMF6
of GSTA and PDO is primarily negative, but a strong
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positive correlation exists for the decade prior to 1920.
IMF7 is of a decadal scale; for IMF7, there exists a strong
long-range positive correlation. For IMF8 (inter-decadal
scale exceeding a ~20-year periodicity), the two series
show strong positive correlation with no reversals in the
nature of association.

4.1. TDIC analysis for different PDO phases

Next, we perform another set of TDIC analyses, consider-
ing the time series of the cold (1901-1924, 1947-1976)
and warm (1925-1946 and 1977-1995) phases of the
PDO in the 20th century as well as the GSTA time series
for the recent past (1995-2013). The mean IMF periodici-
ties of the GSTA and PDO for different cases are presented
in Table 3.

The periodicities of IMFs obtained from the decom-
position of the GSTA and PDO series for five different
periods (Cold Phase 1-CP1, Warm Phase 1-WP1, Cold
Phase 2-CP2, Warm Phase 2-WP2, and Recent Past-RP)
are presented in Table 3. The decomposition resulted in
two intra-annual modes (IMF1, IMF2), an annual mode
(IMF3), and three inter-annual modes (IMF4—-IMF6) for
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Figure 6. TDIC plots between IMF of PDO and that of GSTA time series of the first warm PDO phase of the last 20th century (1925-1946) at
different process scales. The white space indicates that the correlation is not significant at the 5% level using Student’s ¢-test.

all cases. Table 3 further shows that the periodicity of
the GSTA and PDO matches fairly well, particularly for
lower-order modes.

The TDIC plot for the CP1 period is presented in
Figure 5. From Figure 5 it is noticed that, for lower-order
IMFs (IMF1-IMF3), the correlation between the series
is primarily weakly negative, but a strong positive cor-
relation prevails for some of the periods (1907-1908
and 1914-1916 in IMF1, 1911-1912 in IMF2, etc.). For
IMF3, the correlation between the series is not statistically
significant for longer sliding window sizes (i.e. they show
significant correlations only at shorter ranges). For IMF4
(of ~2-year periodicity), a strong long-range positive cor-
relation exists between PDO and GSTA. Similarly, a strong
positive correlation between the series exists in most scales
for most of the period for IMFS5; in IMF®6, the correlation
does not ‘switch over’ to negative.

TDIC plots of different IMFs for the PDO of the first
warm phase of the 20th century (1925-1946) and GSTA
are presented in Figure 6. The association between the
series is primarily weakly negative for the first three IMFs.
Correlation between the IMFs is strongly negative for
IMF4 (~2.5-year periodicity) at most of the scale ranges
and strongly positive for IMF5 and IMF6. The TDIC anal-
ysis of IMFs of these time series pairs also detects a transi-
tion in nature of correlations from positive to negative (or
vice versa) at many short-term time spells and scale ranges
except for IMF6.

To check for evidence of any change in the overall
pattern of correlations among the different PDO phases,
similar analyses are performed for the other three time
spells — the cold phase of 1947-1976 (CP2), the warm
phase of 1977-1995 (WP2), and the recent past (RP)
(1996-2013); the results are presented in Figures 7-9,
respectively. Interestingly, a comparison of Figures 5 and
7 shows that the pattern of correlations at different process
scales (i.e. for different IMFs) is quite similar for both
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cold phases. The TDIC analysis of IMFs of CP2 also
detected its strong long-term association with GSTA in
IMF4 (of ~2—3-year periodicity). However, from Figure 8,
we find that for warm phase 2 (1977-1995), the statistical
significance of the correlations of different IMFs is more
localized (with more void spaces in the TDIC plot) and the
pattern of correlation is quite different from that for the first
warm phase period (1925-1946) (Figure 6). The recent
past (1996—2013) is also a cold phase; a strong long-term
positive association between PDO and GSTA is noticed at
IMF4 for the ~2.5-year periodicity (Figure 9). Note that
in all plots, we find frequent reversals in the nature of
correlation, but the time scale (y-axis of TDIC plot) and
period for which a particular pattern of correlation persists
vary with IMFs.

This article contributed an investigation on the multi-
scale teleconnection between the PDO and global surface
temperature. Some remarkable observations made from
the study are: (i) the nature of association between PDO
and global surface temperature varies with time scales and
is dynamic within the time domain; (ii) a positive associ-
ation between GSTA and PDO may gets displayed even
at intra-decadal time scales; (iii) the pattern of correla-
tion between GSTA and PDO can be different in cold
and warm phase of PDO; (iv) even during two different
episodes of same PDO phase, the pattern of correlation
between GSTA and PDO can be different; (v) there exists
frequent reversals in the nature of association between
GSTA and PDO over the time domain and time scale.
Broad inferences and possible reasons behind such obser-
vations can be deduced from the study. It is well under-
stood that external or internal climatic forcings (such as
natural variations in cloud, aerosols, changes in sunspot
and solar irradiance, volcanic eruptions, and oceanic heat-
ing/cooling) are responsible for global surface temperature
changes. External physical mechanisms operating at dif-
ferent time scales and local perturbations may result in
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natural variability, such as the PDO. Even if the influ-
ence of external forcing on the GSTA and PDO remains
similar, internal factors may show regional differences.
This may be the reason behind the display of different
correlation patterns at different time scales while investi-
gating the association of global surface temperature with
the PDO. However, the pattern of correlation between the
PDO and GSTA may differ during the warm phase and cold
phases of PDO because of the difference in responsible
factors for PDO/GSTA during the different PDO phases.
It is now implicit that, how the global surface temperature
gets manifested primarily depends on amount of energy
gets sequestrated within ocean. The energy gets trans-
ferred to the deep ocean during the cold PDO phases even-
tually leads to a cooler surface (and vice versa during
the warm PDO phase). Such oceanic heating/cooling can

© 2016 Royal Meteorological Society

influence the GSTA—-PDO associations. The recovery of
such energy loss may take several years (e.g. ~25 years),
and such effects are therefore more perceptible at the
decadal/inter-decadal scale. Thus, the positive association
between the two is perceptible at longer process scales
(i.e. in low-frequency modes) and if some of the localized
factors catalyze the process, a positive association may be
displayed in intra-decadal modes. Interestingly, the pattern
of correlation between GSTA and PDO is found to be
similar during the two cold PDO phases of the past cen-
tury, whereas it is found to be different during the two
warm phases of the past century. Again in the recent past
period, it shows a completely different pattern. This dif-
ference in the pattern of correlation in different episodes
of the same phase might be due to the differences in
global temperature or the energy content received by the
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oceans during the different episodes of same phase. Here
the different possibilities are: (i) the amount of energy
received by the ocean differs during the two warm (or
cold) phases while the global temperature remains same;
(ii) although the amount of energy content received by the
ocean during two warm phases (or cold phases) remains
the same, some of the factors responsible for tempera-
ture changes (such as aerosol content, CO, concentra-
tion) might have resulted in a different picture of energy
imbalance at the top-of-atmosphere (TOA); (iii) both the
quantity of energy transfer and the global temperature
might differed during two different warm (or cold) phases
of PDO. Due to any of the above reason, the strength
of association between GSTA and PDO (depicted by the
pattern of correlation) differs. Identifying the exact rea-
son behind the switching of nature of correlations — either
the physical processes governing such changes or the
interaction between different climate forcings (Trenberth
and Fasullo 2013; Wang et al., 2014) remains an open
scientific problem that needs to be investigated in a
subsequent study.

5. Conclusions

This study deduced broad inferences on the multiscale
association between GSTA with PDO using the EEMD and
TDIC methods. The important conclusions of the study are
as follows:

(i) The periodicities of different PDO and GSTA
modes show close matching for lower modes and
a cross-correlation analysis between the IMFs of
GSTA and PDO showed that linear association of
modes is the most perceptible at the slowly varying
trend component.
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(ii)) PDO and GSTA are related in multiple time scales,
and their relationship is not unique in both time scale
and time domain. A positive relation may prevail
between the two at certain time spells and scales,
whereas a contrasting behaviour may occur at other
time spells and scales. There could be a multitude
of such couplets of contrasting correlations, espe-
cially in high-frequency modes. Although the obvi-
ous reasons for such ‘switchovers’ in the nature of
correlation cannot be adduced at the present stage,
such transitions may be attributed to some uniden-
tified physical processes, spatial non-homogeneity,
or inter-relationships between different climate forc-
ings. Further investigation may be necessary to cor-
roborate this observation.

(iii) A strong and significant long-range positive correla-
tion is observed between GSTA and PDO for decadal
and inter-decadal modes exceeding (~) 20-year peri-
odicities, and the correlations between the two are
consistent at this time scale; that is, for the modes of
these time scales, there are less-frequent reversals of
correlations compared with that at other time scales.

(iv) A similar pattern of correlations is observed for both
cold phases of the 20th century (1901-1924 and
1947-1976) at different process scales. However, the
pattern of correlation for different process scales is
different for the warm PDO phases (1925-1946 and
1977-1955).
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