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Distinguishing the predictable 10–30-day stable components (STs) in the actual atmosphere has been important in atmospheric
science research. In this study, a new method for extracting 10–30-day STs was developed with the use of historical observations.
We extracted and analyzed 10–30-day STs via statistical extrapolation tests. The results show that the STs are maintained uniformly
at the intraseasonal time scale; the overall trends in the atmospheric motion are revealed. Comparisons between pentad-by-pentad
changes in the explained variances of the 10–30-day STs under ENSO phases show that the explained variance transmission
attenuation trends for El Niño and La Niña years are weaker and more continuous than those of neutral years. Data for 10–30-
day STs can remain continuous and stable from one month to the next. The proposed method and results present a new means of
extracting predictable STs from the atmosphere using historical data.

1. Introduction

In recent years, extended-range weather forecasts have
been significantly improved with scientific and technological
developments. However, because the atmosphere functions
as a forced dissipative nonlinear system, its predictability is
sensitive to initial conditions. The upper limit of synoptic
weather predictability is known to extend to approximately
two weeks [1–3]. However, predictions that exceed this
upper limit are not necessarily void of predictable compo-
nents [4]. The atmosphere includes planetary-scale activity,
such as subtropical highs and polar vortexes, that exhibit
characteristic time scales that are much longer than those
of synoptic systems, and quasi biweekly (10–20 days) and
intraseasonal (30–60 days) oscillations are also present in the
atmosphere [5–7]. In large-scale circulation patterns, which
are not sensitive to initial conditions in specific areas, external
forcing is important. The predictability of the average large-
scale atmospheric circulation is significantly higher than that
of the small-scale atmospheric circulation, and predictability
exceeds two weeks [8–10].

Interannual climate variability consists of climate signals
and noise. Climate signals are variations forced by slowly
varying anomalous boundary conditions of the climate sys-
tem [11–13]. When the proportion of the climate signal
variability is high enough to overcome the destruction effects
of noise, the climate anomaly may exhibit a particular degree
of predictability [14]. A number of slowly varying processes
of the atmospheric evolution exceed the level of weather
noise. These processes are linked to large-scale atmospheric
motion over a time scale of a few weeks, and they last
for a much longer period than those estimated based on
nonlinear fluid dynamics [15]; this characteristic suggests that
atmospheric motion on an extended-range (10–30 days) time
scale has predictability [16, 17]. In turn, stable atmospheric
components can be objectively forecasted over a 10–30-day
time scale [18].

Given the varying predictability for different meteorolog-
ical characteristics over the same time period, Chou and Xu
[19] recommended dividing a meteorological variable into
two components. A numerical model state variable includes
predictable STs on the extended-range (10–30 days) time scale
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in addition to unpredictable chaotic components; predictable
and chaotic components can be then forecasted using various
methods. Under the same initial and extraneous forcing, a
system with a larger spatial/temporal scale presents greater
predictability overall. In weather or climate predictions at
different spatial/temporal scales, the stable and predictable
components should be considered. Determining major fea-
tures of STs may further improve the skill of weather system
prediction.

Based on previous studies and statistical analyses of
historical observations, we found that components with high
explained variance and long durations exist within a time
scale of 10–30 days in the Northern Hemisphere, and we
define these as 10–30-day STs. In this study, we describe
a means of extracting and defining 10–30-day STs and use
historical data to test their informational transmission time-
liness from one month to the next. To overcome limitations
of daily weather forecast predictability, the pentad average of
daily data is calculated to reveal significant STs over 10–30
days in the atmosphere. This work proposes a new method
for use in intraseasonal oscillation studies and serves as an
important reference for extended-range weather forecasting.

2. Data and Method

2.1. Data. The data used in this study was issued by
the National Oceanic and Atmospheric Administration
(NOAA) and theNational Centers for Environmental Predic-
tion/Department of Energy (NCEP/DOE) Reanalysis 2 daily
mean data from 1979 to 2013 [20].The dataset had a 2.5∘×2.5∘
horizontal resolution. To unify the data, February 29th (leap
year) was removed. We used six pentads for each month, in
which the first five constitute the average over five days and
the last constitutes the average for the remaining days of that
month.

2.2. Method. When the initial field𝑋
0
and external forcing 𝐹

values are given, the predictable time𝑇
𝑝
of the climate system

with a spatial scale of𝐷 (three-dimensional) and a time scale
of 𝑇 satisfies the following relationship [21]:

𝑇
𝑝
= 𝑇
𝑝
(𝐷 × 𝑇;𝑋

0
, 𝐹) . (1)

Under the same initial conditions and external forcing
and for a specific forecast time 𝑇

𝑝
that corresponds to a crit-

ical scale 𝐷, the relationships satisfy (1). STs of the system
are such that spatial and temporal scales (𝐷

𝑖
× 𝑇), which are

beyond the spatial and temporal limitation of the predictabil-
ity of system for a given time scale, satisfy the following
inequalities:

𝐷 ≤ 𝐷
𝑖
, 𝑇
𝑝
≤ 𝑇
𝑝
(𝐷
𝑖
× 𝑇;𝑋

0
, 𝐹) . (2)

Chaotic components of the system are such at a scale of (𝐷
𝑖
×

𝑇) which satisfies the following inequalities:

𝐷
𝑖
≤ 𝐷, 𝑇

𝑝
(𝐷
𝑖
× 𝑇;𝑋

0
, 𝐹) ≤ 𝑇

𝑝
. (3)

Furthermore, we can process STs as follows:

(𝐷
𝑖
× 𝑇) = (𝐷

𝑖
× 𝑇) + (𝐷

𝑖
× 𝑇)


, (4)

where (𝐷
𝑖
× 𝑇) denotes STs with a spatial-temporal scale

of (𝐷
𝑖
× 𝑇), (𝐷

𝑖
× 𝑇) represents the multiyear climatically

averaged STs, and (𝐷
𝑖
× 𝑇)
 stands for the perturbation of

STs. In other words, STs can be regarded as the climatically
averaged STs plus the perturbation of STs.

Classic predictability studies show that when the predic-
tion error of a prediction is less than the average predicted cli-
mate change and when the prediction of individual processes
can provide additional information beyond that given by
prediction statistics (climate), the corresponding period may
be deemed the predictability time limit of the process studied.
Therefore, in specific predictions, the predictable aspect of a
system forms the stable component, while the unpredictable
aspect forms the chaos component. STs must be examined
to identify their main characteristics and to improve system
prediction levels [22, 23].

EOF decomposition is used in this study to depict the
features of meteorological fields, and it is useful to simplify
the complex in calculation. The basic premise of EOF is that
a series of meteorological fields are decomposed into linear
combinations of eigenvectors and corresponding time series.
EOF is expressed as

𝑋
𝑚×𝑛
= 𝑉
𝑚×𝑚
𝑍
𝑚×𝑛
, (5)

where 𝑋
𝑚×𝑛

is a collection of spatiotemporal series with
𝑚 spatial dimensions that are each observed 𝑛 times (𝑡 =
1, . . . , 𝑡 = 𝑛) and arrays 𝑉

𝑚×𝑚
and 𝑍

𝑚×𝑛
are called empirical

orthogonal functions of space and time, respectively.
Using EOF decomposition, one can obtain a set of spa-

tially orthogonal eigenvectors from historical climate data
and then expand each daily variable into its eigenvectors to
obtain corresponding time series of coefficients:

𝑍 = 𝑉


𝑋. (6)

As variable information is found mainly in the first
eigenvectors, the first 𝑝 eigenvectors are frequently selected
to approximate the overall field [24, 25]. In addition, the
predictability of EOF components decreases as their number
increases [26]. Therefore,

𝑋
𝑚×𝑛
≈ 𝑉
𝑚×𝑝
𝑍
𝑝×𝑛
. (7)

EOF decomposition methods can be employed to obtain
a set of orthogonal eigenvectors from historical climate data.
A real-time variable is then projected onto the climate state
base. Thus, variable temporal change is converted to changes
in corresponding temporal coefficients of eigenvectors. As
EOF components are sorted in descending order by variance
contribution ratio, a higher EOF component ranking cor-
responds to a higher scale and variance contribution ratio.
Therefore, STs can be obtained by selecting the EOF compo-
nents with larger contribution ratios. In this study, we select
the first 30 modes of the EOF to approximately represent the
actual atmosphere and to conduct the numerical experiment.

Extended-range weather forecasts for the next 10–30 days
are affected by initial and boundary conditions [27, 28].
Effects of external boundary conditions, such as those of
sea surface temperature (SST), sea ice, and soil moisture,
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(l) Dec.-Jan.

Figure 1: Monthly change in the pentad average of the explained variance for 10–30-day STs of the Northern Hemisphere 500 hPa height
field. The blue line denotes the La Niña year, the red line denotes the El Niño year, and the black line denotes the neutral year.

on atmospheric motion cannot be neglected [29]. Equa-
torial Pacific SST variations have a substantial effect on
the global atmospheric circulation. The Niño 3.4 region is
believed to constitute an area of the tropical Pacific where
SST anomalies have the strongest influence on the global
atmosphere [30–32]. Here, we only consider the influence
of the eastern equatorial Pacific SST; similar to weather
forecasting, significant ocean boundary-condition forcing
appears after approximately two weeks; the Niño 3.4 index
is used as a similar criterion to represent external forcing
[33, 34]. From historical data, 10 similar years are selected
based on the Niño 3.4 index of the same period for a target
month to calculate the EOF and extract the climate state base.
Using January 2012 as an example, we first select historically
similar daily data from January to February and obtain 10-
to 60-day components using a Butterworth band-pass filter.

We then decomposed the climate state base via EOF, filtered
and projected the daily data for January 2012 onto the climate
state base, and selected the 10 EOF components with the
highest average explained variances.The duration was met or
exceeded for 15 days of one month. Large-scale components
with high contributions and long durations are defined as
the 10–30-day STs for January. The STs are expected to exist
continuously throughout February 2012, and the explained
variance changes for the two months are further examined
in Figures 1 and 2.

3. Results and Discussions

3.1. Impact of ENSO on the Transmission of 10–30-Day STs.
Typical years for El Niño (1997), La Niña (2012), and neutral
weather patterns (2001) were selected as representative cases
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Figure 2: Monthly change in the average explained variance of the three typical years’ pentad averages for the 10–30-day STs of the Northern
Hemisphere 500 hPa height field. The gray line denotes the linear trend.

to examine the transfer of 10–30-day STs in the Northern
Hemisphere. We calculated the monthly changes in the
explained variance for every month of the three years. The
results are shown in Figures 1 and 2.

Figure 1 shows that, for most time periods, the explained
variance of STs is greater than 0.4, constituting themajority of
the 10–30-day atmospheric motion. Similar to other months,
the explained variance differs slightly because we considered
the variance contributions as well as the continuity of top-
ranking components on a monthly scale when selecting the
empirical orthogonal function (EOF) components. There-
fore, if one component with high explained variance exists
over a few days, then it is not selected.

A comparison between El Niño and La Niña years shows
that the explained variance for STs declines slightly and the
transmission attenuation trends are weaker than those of

the neutral year and the continuity levels are higher in
most time periods. Although the explained variances of
the previous month are approximately equivalent, after one
month of statistical extrapolation, the curves of the explained
variance for the 10–30-day STs of the neutral year show signs
of attenuation, while the attenuation patterns of the El Niño
and La Niña years are relatively less significant. Therefore,
stable 10–30-day components are present throughout the
year. In addition, STs reflect atmospheric changes over an
intraseasonal time scale and can thus characterize the overall
trends of atmospheric motion.

3.2. Monthly Trends of Stable 10–30-Day Components. After
synthesizing the monthly stable-component explained vari-
ances for the three study years, the overall monthly trends
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were analyzed. Figure 2 shows that, for most time periods,
the trends of the explained variance are absent or slightly
weakened, and the signal strength remains stable for the
following months with good results. The months with highly
stable levels include April-May, May-June, July-August, and
October-November. The months that exhibit slight declin-
ing levels include June-July, August-September, November-
December, and December-January.

Months that exhibit significant decreases include Janu-
ary-February, February-March, March-April, and Septem-
ber-October. Figure 2 clearly shows that the signal transmis-
sion is weak in February and March. Irrespective of whether
the stable-component signals carry over from previous
months to February and March or from February andMarch
to the following months, the signal attenuation trends are
evident. This finding may be related to patterns of seasonal
transition and atmospheric circulation changes.

4. Conclusions

In this study, we proposed a new method for extracting
10–30-day STs from a 500 hPa height field using historical
data, and we conducted a statistical extrapolation test on an
intraseasonal time scale. The results show that 10–30-day STs
significantly affect synoptic processes, closely reflect monthly
atmospheric changes, and characterize the overall trends of
atmospheric motion.

A comparison between explained variance changes in
stable 10–30-day components under various phases of ENSO
shows that the transmission attenuation trends of the
explained variance are weaker and more continuous than
those of a neutral year. This finding agrees with the view
that forecast skill strongly depends on the ENSO phase and
intensity and that the skill is very poor in neutral ENSO
years [28, 35]. Given the pentad average changes in the
comprehensive average explained variance, 10–30-day STs
can transfer continuously and stably to the following month
in most cases. STs can thus be more accurately reflected in
dynamicmodels than other components on a 10–30-day time
scale.

This method only employs historical data and initial data
to extract 10–30-day STs in the atmosphere, and it facilitates
the improvement of forecasting precision in combination
with existing model products. However, we only conducted
extraction and analysis studies for a 500 hPa height field in
the Northern Hemisphere and compared changes in various
ENSO events. Consequently, additional experiments must
be conducted in the future. Furthermore, additional studies
should further describe 10–30-day STs through modeling.
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