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“Study links polluted air in China to 1.6 million deaths a year,”
what a shocking news as reported by Dan Levin of The New
York Times on August 13, 2015. The news was started with the
fact that “outdoor air pollution contributes to the deaths of
an estimated 1.6 million people in China every year, or about
4,400 people a day, according to a newly released scientific
paper” (http://nyti.ms/1TxzQD0). Air pollution is an issue of
global concern, not only because of impact on the health of
the human beings, but also due to contribution to the climate
change. However, some questions remain unanswered in the
news report. The cited “a newly released scientific paper” is
indeed a draft of a paper and has not yet passed the peer
review of a journal. It was found that the number of the
deaths was based on a theoretical calculation. Then, it raises
a question, is the theoretically estimated number of deaths
correct? The question can be answered by earth observation
(EO), which has been recognized to play a vital role in the
sustainable development of the globe. “EO involves the very
close investigation and measurement on the Earth and the
derived results from the direct or indirect observations and
measurements are the crucial information used to construct
the supporting policies for the environments, post-disaster
managements, etc.” [1–5].
The International Conference on Earth Observations
and Societal Impacts (ICEO&SI; http://www.iceo-si.org.tw/),
hosted by Taiwan Group on Earth Observations (http://tgeo
.org.tw/) in partnership with other academic institutions,
provides a forum for international experts and scholars
specialized in earth observations and social science to discuss

and communicate the topic of climate change, environmental
disasters, and ecological impacts in order to bring up appropriate suggestions and corresponding strategies of human
being. More than 200 papers were presented in the ICEO&SI
2014 and 2015. Five of them are turned into this special issue
as one of the academic fruits and ordered according to topic:
air pollution/aerosol, global warming, and global change. The
main scientific findings are briefly introduced below.
The South China Sea, the largest marginal sea of the
Pacific in Southeast Asia, is abundant with marine resources.
A vast amount of aerosol, attributed to varied emissions
(e.g., dust, anthropogenic, and biomass burning) from the
Asian continent, has widely impacted on the ecosystem of
the sea. Spatial and temporal analysis of distribution of
atmospheric aerosol over the South China Sea has been
investigated. Specifically, the satellite-derived aerosol optical
depth data were used to investigate the distribution of coarse
aerosol (e.g., dust or ocean spray) and fine aerosol (e.g.,
biomass burning or anthropogenic pollution) over the study
area. Variation of coarse aerosol particles as derived from
satellite remote sensing data was in agreement with in situ
observations, with the high value occurring in spring. In
addition, China and the Indo-China Peninsula are the probable source regions of coarse aerosol particles. Furthermore,
temporal amplitudes of coarse aerosol particles modes show
that the average amplitude during La Niña events is larger.
The significant EOF modes of fine aerosol particles refer to
the fact that the high value occurs annually and semiannually.
The spatial distribution of each mode and other studies also
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evidence the fact that the biomass burning, respectively,
occurs in the Indo-China Peninsula during March and April,
but from August to October in Sumatra and Borneo. The
results also show that average amplitude of fine aerosol
particles is larger during El Niño events.
Outdoor air pollution has been known as one of the risk
factors that affect human health. PM10 , particulate matter less
than 10 𝜇m in aerodynamic diameter, is one of the indicators
to evaluate the air pollution. The authors used a geostatistical
approach method, which is based on spatiotemporal multiGaussian Kriging method for time-series mapping of PM10
concentrations. This method was applied to a case study
in Seoul, Korea. The result indicates that the developing
method is useful for interpretation of air pollution and
can be used for decision-making. However, to enhance the
major findings of this study, two issues should be addressed
in future work. First, several auxiliary variables such as
the proximity to major roads and weather data should be
integrated within the framework of this study. This may
generate more reliable PM10 concentration mapping results.
Second, the multi-Gaussian approach may not be appropriate
for datasets with a strong positively skewed distribution,
which is often observed in air pollutant concentrations.
Thus, the extension of the conventional spatial indicator
approach to the space-time domain and the comparison with
the multi-Gaussian approach should be included in future
work.
One of the major issues of today’s research on global
warming is how (and when) the pattern of ocean circulation
will evolve, with even catastrophic scenario of major changes
in the near future. Global markers of this climate evolution
are particularly useful, as local markers are often confusing
or unreliable. The authors demonstrate in this special issue
that the study of the evolution of rainfall is a reliable proxy
at large temporal and spatial scales to follow this evolution.
From 50 years of homogenised rainfall data (1960–2009)
over the island of Taiwan, they are able to separate the spatial (topography induced) and temporal (atmosphere/ocean)
forcing. By using Empirical Orthogonal Functions (EOF),
they identify the signatures of the monsoon and ENSO
events, and they demonstrate that the climate variability
associated with ENSO is distinct from the climate variability
over other regions of East Asia. They finally isolate in the
rainfall data a north-south pattern approximately in phase
with the Pacific Decadal Oscillation.
From climatological perspective the year 2015 is significant in terms of the development of a strong El Niño event.
To describe the oscillation between the El Niño (warm)
phase and the La Niña (cold) phase, the El Niño Southern
Oscillation (ENSO) term is used. El Niño and La Niña events
lead to a major shift in weather patterns across the Pacific
and as a consequence often produce significant impacts on
population, economy, and so forth. The impacts vary for
different geographical regions. The 2015 El Niño event is
already significant, and further strengthening of El Niño
conditions later this year remains a possibility as indicated
by climate models. Not surprisingly, numerous studies of
ENSO impacts in different geographical regions have been
conducted, highlighting importance of research efforts in
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improving our understanding of ENSO and its variability.
In this issue, impact of two types of ENSO, canonical
ENSO and ENSO Modoki, on rainfall over Taiwan has been
investigated, based on analysis of monthly mean rainfall
data obtained from the Taiwan Central Weather Bureau.
Correlations between rainfall data and values of Niño 3.4 and
ENSO Modoki index are established and it is shown that the
seasonal rainfall over various regions of Taiwan is different
depending on the effects of two-type ENSO. In canonical
El Niño episode, the rainfall increases in winter and spring
while it reduces in summer and autumn. On the contrary,
the rainfall increases in summer and autumn but reduces in
winter and spring in El Niño Modoki episode. The rainfall
variations in different types of ENSO are mainly caused by
the monsoon and topography.
Climate change is a topic of interest for the scientific
communities. Tibetan Plateau is one of the highest plateaus in
the world. It plays an important role in East Asian and global
climate because of its high evaluation and complex surface
conditions. Using the field stations at the Tibetan Plateau,
the authors found that the diurnal variations of land surface
temperature and air temperature are various in different
seasons underlying surfaces. The diurnal variation is greater
in spring but less in summer and autumn. Furthermore, the
diurnal variation in the area with drier underlying surface is
more obvious than that with moist surface. The variations of
land surface temperature, air temperature, wind speed, and
soil moisture are also related to ENSO events. The values of
land surface temperature, air temperature, and wind speed
are lower than the mean values, but the soil moisture values
are greater than the averaged value in La Niña year, while they
are converse in El Niño year. Besides the influence of ENSO
events, the warming rate at the northern Tibetan Plateau is
greater than that in the global areas.
In this special issue, the most recent developments and
ideas in air pollution/aerosol, climate variability and change,
and their impacts on different regions in the Asia-Pacific
are presented. For scientists, engineers, and various end
users of remote sensing and climate data as well as related
products (including those derived using GIS), findings of the
studies presented here could serve as valuable references. In
context of providing solid solutions for the societal needs, our
continuous efforts in delivering new scientific results in earth
observations contribute to addressing various environmental
issues and developing effective climate change adaptation
strategies.
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This paper presents space-time kriging within a multi-Gaussian framework for time-series mapping of particulate matter less than
10 𝜇m in aerodynamic diameter (PM10 ) concentration. To account for the spatiotemporal autocorrelation structures of monitoring
data and to model the uncertainties attached to the prediction, conventional multi-Gaussian kriging is extended to the space-time
domain. Multi-Gaussian space-time kriging presented in this paper is based on decomposition of the PM10 concentrations into
deterministic trend and stochastic residual components. The deterministic trend component is modelled and regionalized using
the temporal elementary functions. For the residual component which is the main target for space-time kriging, spatiotemporal
autocorrelation information is modeled and used for space-time mapping of the residual. The conditional cumulative distribution
functions (ccdfs) are constructed by using the trend and residual components and space-time kriging variance. Then, the PM10
concentration estimate and conditional variance are empirically obtained from the ccdfs at all locations in the study area. A case
study using the monthly PM10 concentrations from 2007 to 2011 in the Seoul metropolitan area, Korea, illustrates the applicability
of the presented method. The presented method generated time-series PM10 concentration mapping results as well as supporting
information for interpretations, and led to better prediction performance, compared to conventional spatial kriging.

1. Introduction
Outdoor air pollution has been known as one of the risk
factors that affect human health directly and/or indirectly [1–
4]. In Korea, it is reported that long-term exposure to ambient
air pollution has a reasonable association with tuberculosis,
cardiovascular diseases, and preterm delivery [5–7]. Thus,
periodic monitoring and management of air pollution are
required for exposure assessment for effective health management.
In Korea, several air pollutants including particulate matter less than 10 𝜇m in aerodynamic diameter (PM10 ), sulfur
dioxide (SO2 ), carbon monoxide (CO), nitrogen dioxide
(NO2 ), ozone (O3 ), and particulate matter less than 2.5 𝜇m
in aerodynamic diameter (PM2.5 ) have been periodically collected at several monitoring stations. Based on this real-time
monitoring of air pollution, air quality levels are provided
to the public domain [8]. Due to the few stations, however,

it is very difficult to analyze the spatial characteristics and
spatiotemporal dynamics of air pollutants over a wide study
area during the predefined time interval [9]. To overcome
these difficulties, spatial interpolation or prediction is routinely applied to the sparse air pollutants observations to
obtain exhaustive concentration values over the study area.
Among various spatial interpolation methods, geostatistical kriging has been widely applied to spatial interpolation
tasks, due to its ability to account for spatial autocorrelation
structures inherent to sample data and to integrate auxiliary
data [10, 11]. When kriging is applied for spatial interpolation,
spatial autocorrelation structures are quantified by variogram
which denotes the spatial variability between samples as
a function of distance [10]. If only sparsely sampled data
are available, distinct spatial autocorrelation structures may
not be captured from the sample data. As a result, spatial interpolation results would not show better prediction
performance, compared to other deterministic interpolation
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methods such as inverse distance weighting. If data are
collected at a limited number of locations but continuously in a time domain such as air pollutants, temperature,
and precipitation, temporal autocorrelation information may
complement the lack of spatial autocorrelation information
and improve the prediction performance for spatial interpolation tasks. Regarding the processing of this kind of spacepoor but time-rich data, conventional geostatistical kriging,
which was developed for considering spatial autocorrelation
information only, can be extended to space-time kriging
[12]. Space-time kriging or simulation has been applied
to time-series mapping of various environmental variables
such as air pollutants, temperature, and precipitation [13–16].
Despite its great potential for time-series mapping, however,
uncertainties attached to the interpolation have not been
fully accounted for. Most approaches have focused on the
generation and interpretation of spatiotemporal mapping
results. To the author’s knowledge, very few studies have
been conducted using stochastic simulation [14] and local
uncertainty assessment based on space-time kriging that does
not require heavy computational cost is not fully considered.
Recently, Park [17] presented a multi-Gaussian framework for
time-series mapping of environmental variables. As the case
study in [17] was carried out in the very small area, however,
its applicability should be thoroughly investigated.
The main objective of this paper is to present spacetime kriging capable of providing uncertainty assessment
information and time-series mapping of PM10 concentrations. Within a spatial time-series framework [14, 17], conventional spatial multi-Gaussian kriging is extended to a
space-time domain and its potential is illustrated via a case
study of monthly PM10 concentration mapping in the Seoul
metropolitan area, Korea.

2. Study Area and Data
A case study was conducted in the Seoul metropolitan area
of Korea which includes 66 provincial districts in Seoul
city, Incheon city, and Gyeonggi province (Figure 1). The
metropolitan area covers approximately 11.78% of the entire
land area of Korea and accounts for 49.07% of the entire
population of Korea, as of 2014 and 2010, respectively [7,
18]. The study area comprised various types of land-covers,
including the large urban areas of Seoul city and Incheon city
located in the central and western parts of the study area, and
the forests and agricultural lands (78.46% of the whole study
area) located in the northern and eastern parts of the study
area.
A monthly PM10 concentration dataset collected at 94
monitoring stations in the study area from January 2007
to December 2011 (60 months) was downloaded from the
AirKorea website [8] and used for the case study. As shown in
Figure 1, each district in the Seoul metropolitan city includes
one station, but there are very few monitoring stations in
other districts in Gyeonggi province, which comprised nearly
half (47.74%) of the study area. This location information on
the monitoring stations implies that relatively large uncertainties may be attached to the sparsely sampled locations.
Within the administrative boundaries, 500 m interval grid
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Korea

Gyeonggi province
Seoul city
Incheon city

Figure 1: Locations of the study area and PM10 monitoring stations
(black dots) with administrative boundaries.

Spatial time-series of
PM10

Normal score
transform

Trend component

Residual component

Regionalization

Spatiotemporal
variogram modeling

Normal score
back-transform

Space-time kriging

ccdf modeling

Time-series mapping and
uncertainty analysis

Figure 2: Work flows for multi-Gaussian space-time kriging presented in this study.

points were generated and PM10 concentrations were mapped
at these points. It should be noted that the main purpose
of this case study is to exemplify the analytical procedures
and potential of the geostatistical approach presented in this
paper, not to reveal detailed local characteristics of PM10
concentrations in the study area.

3. Method
Figure 2 illustrates the entire procedure for the multi-Gaussian spatial time-series approach presented in this paper.
3.1. Multi-Gaussian Spatial Time-Series Approach. The timeseries PM10 concentration at each observation station
was regarded as spatial time-series data and these spatial
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time-series datasets were modelled as spatially correlated
time-series random function models [14, 17]. Suppose that
{𝑍(u, 𝑡), 𝑡 ∈ 𝑇, u ∈ 𝑆} denotes the spatially indexed timeseries PM10 concentrations within the discrete time domain
𝑇 and the continuous space domain 𝑆. In geostatistics, the
uncertainty at any unmonitored location is usually modeled
through the conditional cumulative distribution function
(ccdf) which states the probability that the unknown attribute
value does not exceed a certain threshold value 𝑧 [10]. If this
ccdf is extended to a space-time domain, the uncertainty at
a certain location u and time 𝑡 is modeled via the following
ccdf of 𝑍(u, 𝑡):
𝐹𝑍 (u, 𝑡; 𝑧 | (info)) = Prob {𝑍 (u, 𝑡) ≤ 𝑧 | (info)} ,

(1)

where “| (info)” denotes conditioning to the local neighboring data both spatially and temporally.
In this study, multi-Gaussian space-time kriging was
adopted for ccdf modeling as a parametric approach. Under
the assumption that the ccdf at any location u follows a Gaussian or normal distribution, the multi-Gaussian approach
aims to predict the mean and variance, which are the two
parameters that define the Gaussian ccdf [10]. To satisfy
the assumption of a Gaussian ccdf, all monitoring data are
transformed into a Gaussian space by normal score transform
[11]. Then, the transformed spatial time-series dataset (𝑌) will
follow a standard Gaussian distribution with a mean of 0 and
a standard deviation of 1, and its ccdf is expressed as
𝐹𝑌 (u, 𝑡; 𝑦 | (info)) = 𝐺 [

𝑦 − 𝐸 {𝑌 (u, 𝑡) | (info)}
],
√Var {𝑌 (u, 𝑡) | (info)}

(2)

where 𝐺[ ] is a standard Gaussian cumulative distribution
function. 𝐸{𝑌(u, 𝑡) | (info)} and Var{𝑌(u, 𝑡) | (info)} are
mean and variance values obtained by using the given neighboring data, respectively. These two values, which are
required to define the Gaussian distribution, correspond to
the simple kriging estimate and simple kriging variance,
respectively.
To fully characterize the ccdf in (2), PM10 concentrations
were modelled by decomposing the data into a deterministic
trend component and a stochastic residual component [14,
17, 19]. The trend component is related to overall PM10 concentration patterns such as seasonal or regional variations.
Meanwhile, the residual component, which is regarded as
a second-order stationary random variable, includes local
variations of PM10 concentration at a certain time and
location and is the main target of geostatistical analysis. Since
the multi-Gaussian approach was adopted in this study, this
decomposition was applied to the normal score transformed
dataset like
𝑌 (u, 𝑡) = 𝑚𝐺 (u, 𝑡) + 𝑅𝐺 (u, 𝑡) ,

(3)

where 𝑚𝐺(u, 𝑡) and 𝑅𝐺(u, 𝑡) denote the trend and residual
components in a Gaussian space, respectively.
3.2. Trend Component Modeling. The trend component in (3)
was modelled by weighted linear combination of elementary

temporal profile functions presented in [14]. Suppose that
𝑌(u𝛼 , 𝑡𝛽 ) is a normal score transformed PM10 concentration
at a certain monitoring station during the time period of 60
months (𝛼 = 1, . . . , 94, 𝛽 = 1, . . . , 60). The trend component
at the 𝛼th monitoring station (𝑚𝐺(u𝛼 , 𝑡𝛽 )) is expressed as
a weighted sum of elementary temporal profile functions.
Many elementary temporal profile functions can be applied
for trend modeling. For example, periodicity and linear trend
can be accounted for by combining linear and trigonometric
functions. In this study, a spatially averaged time-series set
computed from 94 monitoring stations [14] was used as the
elementary temporal profile function for its simplicity:
𝑚𝐺 (u𝛼 , 𝑡𝛽 ) = 𝑎0 (u𝛼 ) + 𝑎1 (u𝛼 ) [

1 94
∑ 𝑌 (u𝛼 , 𝑡𝛽 )] ,
94 𝛼=1

(4)

𝛽 = 1, . . . , 60,
where 𝑎0 and 𝑎1 correspond to the intercept and slope, respectively, in linear regression and are related to the similarity
between a normal score transformed time-series at a certain
monitoring station and the spatially averaged time-series set.
The above two regression coefficients are only available
at monitoring stations after linear regression. Thus, they
should be interpolated at all grid points in the study area
for all time intervals in order to obtain the trend component
distributions. If reasonable correlations are observed between
two coefficients, simple cokriging, which can account for
both the autocorrelation structures of the two coefficients and
the cross-correlation structure between them, can be applied
for spatial interpolation. Otherwise, univariate kriging or
another deterministic interpolation method is independently
applied to each coefficient. After regionalization or interpolation of the two coefficients, a trend component over the
study area at each month was obtained by combining the
interpolated coefficients with the spatially averaged timeseries set.
3.3. Residual Component Modeling. The residual components, which are regarded as the second-order stationary random variable and subject to the main geostatistical analysis,
were modelled via space-time kriging.
Spatiotemporal correlation structures required for the
application of space-time kriging were first quantified via
variogram modeling. The experimental spatiotemporal variogram is defined as
𝛾̂ (h𝑠 , ℎ𝑡 ) =
𝑁(h𝑠 ,ℎ𝑡 )

1
2𝑁 (h𝑠 , ℎ𝑡 )
(5)

⋅ ∑ [𝑅 (𝑢𝛼 , 𝑡𝛼 ) − 𝑅 (𝑢𝛼 + h𝑠 , 𝑡𝛼 + ℎ𝑡 )] ,
𝛼=1

where h𝑠 and ℎ𝑡 denote spatial lag distance and temporal
interval, respectively, and 𝑁(h𝑠 , ℎ𝑡 ) is the number of data
pairs within the class of spatiotemporal lags.
Among various spatiotemporal variogram models, a
product-sum variogram model in [20] was applied to model
the experimental spatiotemporal variogram. The productsum variogram model is expressed as the combination of
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marginal spatial and temporal variograms (i.e., purely spatial
variogram and purely temporal variogram) as [20]
𝛾 (h𝑠 , ℎ𝑡 ) = (𝑘1 𝐶𝑠 (0) + 𝑘3 ) 𝛾𝑡 (ℎ𝑡 )
+ (𝑘1 𝐶𝑡 (0) + 𝑘2 ) 𝛾𝑠 (h𝑠 )

(6)

− 𝑘1 𝛾𝑠 (h𝑠 ) 𝛾𝑡 (ℎ𝑡 ) ,
where 𝛾𝑠 is the marginal spatial variogram and 𝛾𝑡 the marginal
temporal variogram. 𝐶𝑠 (0) and 𝐶𝑡 (0) are the sill values of 𝛾𝑠
and 𝛾𝑡 , respectively.
Some parameters in (6) are also defined as [21]
[𝐶 (0) + 𝐶𝑡 (0) − 𝐶𝑠𝑡 (0, 0)]
𝑘1 = 𝑠
,
[𝐶𝑠 (0) 𝐶𝑡 (0)]
𝑘2 =

[𝐶𝑠𝑡 (0, 0) − 𝐶𝑡 (0)]
,
𝐶𝑠 (0)

(7)

[𝐶 (0, 0) − 𝐶𝑠 (0)]
,
𝑘3 = 𝑠𝑡
𝐶𝑡 (0)

𝑧∗ (u, 𝑡) =

1 100 −1
∑ 𝐹 [𝐺 (𝑦𝑝 (u, 𝑡))] ,
100 𝛼=1

𝑛(u,𝑡)

𝑟𝐺∗ (u, 𝑡) = ∑ 𝜆 𝛼 (u, 𝑡) 𝑟𝐺 (u𝛼 , 𝑡𝛼 ) ,
𝛼=1

(8)

𝑛(u,𝑡)

− ∑ 𝜆 𝛼 (u, 𝑡) 𝐶𝑠𝑡 (u𝛼 − u, 𝑡𝛼 − 𝑡) ,
𝛼=1

where 𝜆 𝛼 (u, 𝑡) is a simple kriging weighting value assigned to
the neighboring sample residuals and 𝐶𝑠𝑡 (u𝛼 − 𝑢, 𝑡𝛼 − 𝑡) is a
spatiotemporal covariance value between the estimation grid
and neighboring sample locations. Since the residuals have a
zero mean value, a constant mean value required for simple
kriging is set to 0 and does not appear in (8).
3.4. ccdf Modeling. The space-time kriging estimate and
variance for the residuals were used for fully characterizing
the ccdf in a Gaussian space in (2). More specifically, the
residual estimate at any grid point was added to the trend
component at the corresponding grid point and then used
as a mean value of the ccdf. Since the trend component was
assumed to be deterministic, the space-time kriging variance
was directly used as the variance value of the ccdf.
The ccdfs at all grid points in the study area were already
fully known after applying the normal score back-transform.
Then, certain statistics could be used as PM10 concentration

(9)

𝑘
0.5
with 𝑝 =
−
,
100 100
where 𝐹−1 [𝐺(𝑦𝑝 (u, 𝑡))] denotes the normal score backtransformed values of the 𝑝 quantiles in the Gaussian space.
Like the computation of the expected value of the ccdf,
conditional variance (𝜎2∗ (u, 𝑡)) was also computed using (10)
[23] and used as a measure of uncertainty:
𝜎2∗ (u, 𝑡) =

where 𝐶𝑠𝑡 (0, 0) is a sill value of the spatiotemporal variogram
model.
After completion of the spatiotemporal variogram modeling, the residual components at all grid points in the study
area for all time intervals were obtained by a linear combination of neighboring sample residual values within the predefined spatiotemporal search window via simple space-time
kriging. The simple space-time kriging estimate (𝑟𝐺∗ (u, 𝑡)) and
variance (𝜎𝐺2∗ (u, 𝑡)) were computed as

𝜎𝐺2∗ (u, 𝑡) = 𝐶𝑠𝑡 (0, 0)

estimates and uncertainty measures. The PM10 concentration
value (𝑧∗ (u, 𝑡)) was empirically estimated from the expected
value of the corresponding normal score back-transformed
quantiles in the original space after discretizing the ccdf
with many 𝑝 quantiles (𝑦𝑝 (u, 𝑡)) in the Gaussian space, as
presented in [22, 23]

2
1 100 −1
∑ [𝐹 [𝐺 (𝑦𝑝 (u, 𝑡))] − 𝑧∗ (u, 𝑡)] ,
100 𝛼=1

(10)

𝑘
0.5
with 𝑝 =
−
.
100 100
Unlike kriging variance that provides only the proximity
from the sample data, conditional variance can provide
information on the spread of the conditional probability
distribution function or the steepness of the ccdf and thus
can be used as a quantitative measure of the uncertainty. The
larger the conditional variance, the greater the uncertainty
attached to the prediction.
In addition to the computation of PM10 concentration
estimates and uncertainty measures from the ccdf, a probability of exceeding a certain critical concentration level
can be easily computed. Based on this probability and the
PM10 concentration estimates, misclassification risks, which
are associated with the classification of the study areas into
hazardous and safe classes, can be computed and then used
for decision supporting information.
Two misclassification risks 𝛼 and 𝛽 were considered
in this study. Risk 𝛼, which is the probability of wrongly
classifying any location u as hazardous (i.e., false positive),
is defined as [10]
𝛼 (u, 𝑡) = Prob {𝑍 (u, 𝑡) ≤ 𝑧𝑘 | 𝑧∗ (u, 𝑡) > 𝑧𝑘 }
= 𝐹𝑍 (u, 𝑡; 𝑧𝑘 | (info)) ,

(11)

where 𝑧𝑘 is a critical PM10 concentration level.
Risk 𝛽, which is a probability of wrongly classifying any
location u as safe (i.e., false negative), is given as [10]
𝛽 (u, 𝑡) = Prob {𝑍 (u, 𝑡) > 𝑧𝑘 | 𝑧∗ (u, 𝑡) ≤ 𝑧𝑘 }
= 1 − 𝐹𝑍 (u, 𝑡; 𝑧𝑘 | (info)) .

(12)

3.5. Validation. The prediction performance of multi-Gaussian space-time kriging was quantitatively evaluated by leaveone-out cross validation since kriging is an exact interpolator.
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4.1. Trend Component Modeling Result. After preparing timeseries PM10 concentration datasets, normal score transform
was first applied using GSLIB [11]. Figure 3 shows a spatially
averaged time-series that was computed from normal score
transformed PM10 concentrations and used as the elementary
temporal profile function. During the 5-year period from
2007 to 2011, a decreasing pattern was observed from April to
August, but the increase in PM10 concentration commenced
in fall and continued to winter. However, the winter PM10
concentration exhibited a different pattern each year. This
overall pattern may be related to yellow dust in spring
and meteorological factors such as wind, relative humidity,
and precipitation. In winter and spring, the relatively stable
atmospheric condition with high relative humidity and yellow dust contributes to the increase in PM10 concentration,
respectively; meanwhile, the low PM10 concentration in
summer is due to the washout effect by precipitation, as
reported in previous studies [24, 25].
Regression between the spatially averaged time-series
set and the time-series set at each monitoring station was
conducted and two regression coefficients are presented in
Figure 4. If the intercept and slope values approach zero and
one, respectively, the time-series at the monitoring station is
very similar to the spatially averaged time-series set. The different similarities at the monitoring stations led to differences
of trend components, and hence the residual components,
which are the main targets of space-time kriging, also varied
across the study area.
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0.65–0.96
0.33–0.65
0.00–0.33

After one monitoring station was temporarily eliminated,
kriging using the remaining stations was conducted to predict
the PM10 concentration at the eliminated monitoring station.
This procedure was repeated for all monitoring stations. Then
the prediction performance was quantified using the linear
correlation coefficient between the true PM10 concentration
and the mean absolute error (MAE).

4. Results and Discussion

N

N
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Figure 4: Two coefficients of local temporal trend components at
monitoring stations: (a) intercept and (b) slope.

The next step for the regionalization or estimation of
trend components at unmonitored locations was to interpolate the intercept and slope values in Figure 4. The linear
correlation coefficient between the two coefficients at 94
monitoring stations was very low (−0.08), so an independent
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Figure 5: Marginal experimental variograms with the fitted model: (a) spatial variogram and (b) temporal variogram. Experimental
spatiotemporal variogram surface of the residuals is shown in (c).

univariate ordinary kriging was applied to the two coefficients. By combining the interpolated regression coefficients
with the spatially averaged time-series set in Figure 3, the
trend components during the considered time period were
retrieved and used for ccdf modeling.
4.2. Residual Component Modeling Result. After computing
trend components at each monitoring station, the residual components that could not be explained by the trend
components were computed at each monitoring station. The
modified Fortran routines of De Cesare et al. [21] were used
to compute the experimental spatiotemporal variogram. The
marginal spatial and temporal experimental variograms of
the residuals with the fitted models are given in Figures
5(a) and 5(b), respectively. The marginal spatial variogram

(Figure 5(a)) showed large relative nugget effects, but a reasonable temporal autocorrelation structure with an effective
range of about 7 months was observed in the marginal
temporal variogram (Figure 5(b)). This result implies that
to account for temporal autocorrelation information during
the interpolation could improve prediction performance,
compared to the interpolation case with only spatial autocorrelation information. Figure 5(c) presents the experimental
spatiotemporal variogram surface of the residuals. From this
figure, the spatiotemporal variogram model, which satisfies
the constraints in (8), was finally estimated and then used as
an input variogram model for space-time kriging. Space-time
kriging was applied to obtain the residuals at all grid points in
the study area by using the spatiotemporal variogram model
of the residuals. The Edinburgh space-time geostatistics
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Figure 6: PM10 concentration for (a) April 2009 and (b) August 2009.

Fortran program [26] was used to implement space-time
kriging of the residuals.
4.3. PM10 Concentration Mapping and Uncertainty Analysis Results. The simple space-time kriging estimate of the
residuals was added to the interpolated trend components
and then used as a mean value for the Gaussian ccdf at all
locations. The simple space-time kriging variance was also
used as the variance of the Gaussian ccdf, as in (2). After
constructing ccdfs at all locations, the PM10 concentration
estimate and conditional variance were computed using (9)
and (10), respectively. All postprocessing was implemented
by Fortran programming and ArcGIS was used for visualization.
Only the PM10 concentration mapping results for two
months in 2011 are given in Figure 6, due to space limitation.
The PM10 concentration in April was much higher than
that in August due to less precipitation and yellow dust
transported to Korea by prevailing westerly winds in April. In
April, relatively high PM10 concentrations were observed in
northern Incheon, Dongducheon, Pyeongtaek, and Gwangju
due to the large concentrations either at the monitoring
stations in those cities or at the nearby monitoring stations.
The PM10 concentration in August was relatively high in the
northern Incheon, Gimpo, Dongducheon, Hwaseong, Seongnam, Gwangju, and northern Icheon. In both months, the
northern Incheon, Dongducheon, and Gwangju showed relatively high concentrations, but low concentrations were
observed in Seoul city.

The spatial distribution of conditional variance that measures the uncertainty for prediction is given in Figure 7. A
large conditional variance was observed in some concentration areas (e.g., northern Incheon and Pyeongtaek in April
and Gimpo in August, resp.) where the PM10 concentration values at monitoring stations fluctuated greatly both
temporally and spatially. Some areas with very few or even
no monitoring showed relatively large conditional variance
which is similar to conventional kriging variance. This uncertainty statistic revealed that the conditional variance, which
provides information on both the sample variations and the
sample configuration, can be used as supporting information
to interpret the PM10 concentration mapping result.
To generate misclassification risk maps, the probability
of exceeding a certain threshold value was first mapped.
The atmospheric environmental standard in Korea is defined
only for an annual average (25 𝜇m/m3 ) or a 24-hour average
(100 𝜇m/m3 ) [8]. Thus, it is not feasible to directly use the
atmospheric environmental stand value as the threshold,
since the monthly PM10 concentration was considered in
this study. Since the ccdfs were established at all locations in
the study area, a variety of probability maps could easily be
generated by applying different threshold values. For an illustration purpose, the PM10 concentration of 80 𝜇m/m3 was
used as the threshold. By combining the classification result
with the exceeding probability using a PM10 concentration
of 80 𝜇m/m3 as the critical threshold, the risk 𝛼 and risk 𝛽
maps were generated, as shown in Figure 8. By definition,
risk 𝛼 is only mapped where the PM10 concentration exceeds

8

Advances in Meteorology
126∘ 30 0 E 127∘ 0 0 E 127∘ 30 0 E

N

37∘ 0 0 N

37∘ 0 0 N

37∘ 30 0 N

37∘ 30 0 N

38∘ 0 0 N

38∘ 0 0 N

126∘ 30 0 E 127∘ 0 0 E 127∘ 30 0 E

(km)
0 5 10 20 30 40

N

150–250
50–150
<50

450<
350–450
250–350

(km)
0 5 10 20 30 40

150–250
50–150
<50

450<
350–450
250–350

(a)

(b)
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risk 𝛽.
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Figure 9: Scatter-plots with error statistics from leave-one-out cross validation: (a) spatial ordinary kriging and (b) space-time kriging.

the predefined threshold. On the contrary, risk 𝛽 is defined
where risk 𝛼 is not mapped. In the risk 𝛼 map in Figure 8(a),
the false positive probability is relatively low (i.e., less than
0.3), but not negligible. The risk 𝛽 map in Figure 8(b) shows
very large variations of the false negative probability, which
is greater than 0.7 in the northern part of the study area
including Pocheon and Yeoncheon. A large misclassification
risk 𝛽 was also found around the areas that are classified
as hazardous (i.e., exceeding the PM10 concentration of
80 𝜇m/m3 ). Although choosing proper probability thresholds
is difficult or subjective, these misclassification risk maps,
which cannot be provided by deterministic interpolation
methods or kriging algorithms without ccdf modeling, can be
useful information for further decision-making or interpretations. For example, the areas showing high misclassification
risk values can be considered as candidates for further
monitoring or in-depth investigations.
4.4. Validation Results. To quantitatively evaluate the prediction performance of space-time kriging, leave-one-out cross
validation was carried out and error statistics such as the
linear correlation coefficient with the true values and MAE
were computed. Spatial ordinary kriging, which considers
only spatial autocorrelation information, was also applied for
comparison purpose.
Figure 9 presents the scatter-plots with error statistics
computed from leave-one-out cross validation. Although the
underestimation of high values and overestimation of low
values were observed in both results, this mismatch arising
from the smoothing effects of kriging was relatively weakened
in the validation result of space-time kriging. The linear
correlation coefficients for space-time kriging and spatial
ordinary kriging were 0.92 and 0.87, respectively. Space-time
kriging also showed an improvement of 13.23% in MAE,
compared to that of spatial ordinary kriging. Similar to
the previous case study result in Park [17], these quantitative evaluation results confirmed that the incorporation of
temporal autocorrelation information via space-time kriging
improved the prediction performance and generated reliable
mapping results for space-poor and time-rich data such as
PM10 concentrations.

5. Conclusions
A geostatistical approach based on spatiotemporal multiGaussian kriging was presented for time-series mapping
of PM10 concentrations. Unlike conventional space-time
kriging and spatial kriging, which provide the estimate and
kriging variance only, the presented approach generated rich
interpretable by-products as well as the PM10 estimates.
From a case study in the Seoul metropolitan area of Korea,
multi-Gaussian space-time kriging accounted for temporal
autocorrelation information as well as spatial autocorrelation
information and generated reliable mapping results that outperformed those of conventional spatial kriging. In addition,
the presented approach produced uncertainty measures and
misclassification risks from the ccdf modeling that are useful
for interpretation or decision-making.
To strengthen the major findings of this study, several
outstanding issues should be addressed in future work. First,
several auxiliary variables such as the proximity to major
roads and weather data will be integrated within the framework of the present study in order to generate much more
reliable PM10 concentration mapping results. In relation to
uncertainty modeling, the multi-Gaussian approach adopted
herein may not be appropriate for datasets with a strong
positively skewed distribution which may be often observed
in air pollutant concentrations. Thus, the extension of the
conventional spatial indicator approach [10, 11] to the spacetime domain and the comparison with the multi-Gaussian
approach presented herein will also be included in future
work.
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A 50-year (1960–2009) monthly rainfall gridded dataset produced by the Taiwan Climate Change Projection and Information
Platform Project was presented in this study. The gridded data (5 × 5 km) displayed influence of topography on spatial variability of
rainfall, and the results of the empirical orthogonal functions (EOFs) analysis revealed the patterns associated with the large-scale
sea surface temperature variability over Pacific. The first mode (65%) revealed the annual peaks of large rainfall in the southwestern
mountainous area, which is associated with southwest monsoons and typhoons during summertime. The second temporal EOF
mode (16%) revealed the rainfall variance associated with the monsoon and its interaction with the slopes of the mountain range.
This pattern is the major contributor to spatial variance of rainfall in Taiwan, as indicated by the first mode (40%) of spatial variance
EOF analysis. The second temporal EOF mode correlated with the El Niño Southern Oscillation (ENSO). In particular, during the
autumn of the La Niña years following the strong El Niño years, the time-varying amplitude was substantially greater than that
of normal years. The third temporal EOF mode (7%) revealed a north-south out-of-phase rainfall pattern, the slowly evolving
variations of which were in phase with the Pacific Decadal Oscillation. Because of Taiwan’s geographic location and the effect of
local terrestrial structures, climate variability related to ENSO differed markedly from other regions in East Asia.

1. Introduction
Taiwan is located at the western edge of the Pacific Ocean
with the Northern Tropic running through the island. Taiwan
is one of the world’s most mountainous islands and has
five parallel mountain ranges that run roughly NNE–SSW.
The Central Mountain Range (CMR) has five peaks with
elevation above 3,500 m including Taiwan’s highest peak YuShan, 3,952 m (Figure 1). The climate of Taiwan is dominated
by the East Asian monsoons, which bring northeasterly winds
in winter and southwesterly winds in summer. The high
mountain ranges make Taiwan’s climate vary regionally, most
notably in precipitation.
The southwesterly monsoon (from May to August) brings
heavy rainfall to southwestern Taiwan, and the northeasterly
monsoon (from September to April) causes rainfall over

the northeastern part of the island [1, 2]. Moreover, from
mid-May to mid-June (Mei-Yu season), frontal systems from
southern China and the convective systems embedded within
the southwesterly monsoon flow frequently bring heavy
rainfall [3]. From summer until fall, typhoons bring heavy
rainfall to Taiwan. Wang et al. [4] divided the rainfall regimes
in Taiwan into five categories: spring rain period (March and
April), Mei-Yu period (May and June), summer rain period
(July, August, and September), autumn rain period (October
and November), and winter rain period (December, January,
and February).
The rainfall pattern in Taiwan is complex because of the
presence of the CMR. Yen and Chen [5] reported that, under
the influence of the CMR, the basic seasonal variation of
Taiwan rainfall between the southwesterly monsoon and the
northeasterly monsoon is generated by a counterclockwise
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Figure 1: (a) The topography of Taiwan. (b) Distribution of annual rainfalls (mm/year) in Taiwan. (c) Variations in average annual rainfall
over Taiwan during 1960–2009. (d) Variation in average monthly rainfall and the coefficient of variation (CV) of the averages over Taiwan
during 1960–2009.

rotation of four rainfall regimes around Taiwan over a
one-year cycle. Yeh [6] reported that typhoon rainfall in
mountainous areas is enhanced as a result of the interaction
of typhoons with the topography.
The large-scale variation of ocean-atmosphere interaction could be a remote driver of climate variability in Taiwan.
Wang et al. [7] demonstrated that ENSO affects the climate
in East Asia by causing an anomalous lower-tropospheric
anticyclonic circulation around the Philippine Sea during
the El Niño peak phase (from winter to ensuing spring).
The anomalies sometimes persist into early summer and
affect the rainfall in the East Asian subtropical front (the
Mei-Yu season). Wang and Chan [8] compared tropical
storm activity over the western North Pacific between La
Niña and the stronger El Niño, suggesting a significant
difference of life span and occurrence of TC in southeast
and northwest quadrant of the western North Pacific. Jiang
et al. [9] determined that rainfall during February-March is
more and less than average following El Niño and La Niña

peak phases, respectively. On a decadal scale, the warm/cold
phase of the PDO (Pacific Decadal Oscillation) enforces
the southwesterly/northeasterly anomalous winds to the east
of Taiwan during spring time (February–April) and this
anomaly was related to spring rainfall variability in northern
Taiwan [10]. J.-M. Chen and H.-S. Chen [11] observed a
relationship between the PDO and interdecadal variability
of summer rainfall in Taiwan. They suggested the large-scale
SST anomalies associated with warm phase of PDO induced a
low-level anomalous cyclonic circulation over the subtropical
western Pacific. The northeasterly on the western edge of
the anomalous cyclone reduced moisture transport from
the South China Sea into Taiwan, resulting in less seasonal
rainfall. However, because of the complex topography, the
interannual and decadal variability in the rainfall pattern in
Taiwan remain unclear.
A comprehensive understanding of the spatial and temporal variations in precipitation is required for improving
the use of water resources and for planning diverse human
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activities. In this study, we analyzed the gridded monthly
precipitation data, obtained at a 5 km spatial resolution
and collected from thousands of stations between 1960 and
2009, in order to comprehensively understand the spatial and
temporal variations in rainfall and to reveal the long-term
variation of rainfall in Taiwan. The results of our analyses
identified the patterns associated with large-scale climate
variability. In Section 2, we briefly describe the rainfall
data and, in Section 3, we describe the results of empirical
orthogonal function (EOF) analysis and their relationships
with large-scale climatic variations. We discuss our findings
and present our conclusions in Sections 4 and 5, respectively.

2. Data and Methods
The long-term gridded precipitation dataset was collected by
the TCCIP (Taiwan Climate Change Projection and Information Platform Project; http://tccip.ncdr.nat.gov.tw/NCDR/
main/index.aspx). The TCCIP has filtered observation data
from more than 1,500 rain gauges through a homogeneous
process, of which 1,187 are used to produce the gridded
data. The original precipitation data were obtained from
meteorological stations from the Central Weather Bureau, the
Water Resources Agency, the Ministry of Economic Affairs,
Irrigation Associations, and the Taiwan Power Company.
Gaps in the data were filled with interpolated data by
using the stations’ spatial information to create a complete
time series at each station. The weighting factors of station
data are the functions of distance, elevation difference, and
relative angular distribution with respect to the series under
consideration [12]. To minimize errors caused by missing
data, we included only the stations that have collected data
over a period of longer than 20 days in one month. Monthly
data were calculated as (∑𝑛𝑖=1 𝑋𝑖 /𝑛) ∗ 𝑑 (mm/month), where 𝑛
is the total days of available data, 𝑋1 , 𝑋2 , . . . , 𝑋𝑛 represent the
daily precipitation data, and 𝑑 is the total number of days in a
month. The gridded method used here was based on Glasbey
and Nevison [13], and the latent Gaussian variable (LGV) was
used to avoid problems of singularity on days without rain
and of a long upper tail in the case of daily rainfall data [14].
The final product featured a grid size of 5 × 5 km.
Figure 1(b), the distribution of annual rainfall averaged
over 50 years, indicates that the rainfall is typically higher
in mountain areas than in other parts of the island. Maximal
rainfall occurs in the northeastern corner of Taiwan, reaching
4,000 mm annually, whereas the driest part is in the central
west of the island, which receives roughly 1,000 mm of
rain annually. The variation of annual rainfall is plotted in
Figure 1(c). The annual accumulated-rainfall over the island
varies substantially from year to year. It varies from 1600
to 3100 mm but the average is approximately 2,400 mm.
The average annual variation and its coefficient of variation
(CV) are plotted in Figure 1(d). The monthly rainfall peak
is in August, and a second peak is in June. However, the
variation is much larger in autumn and winter than in
other seasons, as shown by the CV (Figure 1(d)). In order
to identify the temporal variance that dominates the spatial
structure, monthly rainfall variance during 1960–2009 was
further investigated using the EOF method.

3
EOF analysis can help efficiently synthesize the information contained in physical quantities that vary spatially and
temporally. In this approach, the data field is represented as
the sum of a small number of orthogonal modes and the
associated temporally varying amplitude (PCs). Temporal or
spatial EOF analysis is performed by diagonalizing the covariance matrix to remove the spatial or temporal mean from the
data. The amplitude function is calculated by projecting the
data onto the orthogonal mode. Using this method facilitates
the identification of physically and dynamically independent
patterns. Temporal (spatial) EOF analysis generates a set of
modes that explain fractions of temporal (spatial) variance.
Thus, we can identify the temporal variance that dominates
a spatial structure or the spatial variance that dominates the
temporal variance of a spatial structure.
To detect the periodicity features of the PCs, the continuous wavelet transform (CWT) method was used in
the current study. The Morlet wavelet, which provides a
favorable balance between time and frequency localization,
was applied. The cone of influence (COI) is the region of the
wavelet spectrum in which edge effects become critical and
is defined here as the e-folding time for the autocorrelation
of wavelet power at each scale. A confidence level of 95% was
adopted as the threshold at which to classify the significance
of the wavelet power. Detailed information of the continuous
wavelet transform used in the current study was introduced
in-depth by Torrence and Compo [15].
To assess the association of the regional rainfall pattern
with global SST changes, the gridded data (1∘ × 1∘ ) of
monthly SSTs between 1960 and 2009 were retrieved
from the UK Met Office Hadley Centre SST Climatology
HadISST1 [16]. Monthly 850 mb winds data were obtained
from the National Centers for Environmental Prediction
(NCEP) reanalysis data, provided by NOAA/OAR/ESRL PSD
(http://www.esrl.noaa.gov/psd/data/gridded/data.ncep.reanalysis.html).
The correlation coefficient between rainfall variance and
the Nino 3.4 and PDO indices was computed in the study.
Nino 3.4 (retrieved from http://www.cpc.noaa.gov/data/
indices/) is the average sea surface temperature anomaly
in the region bounded by 5∘ N to 5∘ S, from 170∘ W to
120∘ W. The US National Oceanic and Atmospheric Administration (NOAA) proposed an operational definition of
El Niño that is based on a 3-month average of Niño 3.4
SST anomalies greater than or equal to 0.5∘ C. The PDO
(Pacific Decadal Oscillation) index derived as the leading
principal component of monthly SST anomalies in the North
Pacific Ocean was downloaded from http://research.jisao
.washington.edu/pdo/PDO.latest.

3. EOF Result
3.1. Temporal EOF Result. The first three modes of EOF that
were applied to the monthly gridded data collected between
1961 and 2009 can explain up to 87% of the total variance.
Figures 2 and 3 depict the modes and their corresponding
temporally varying amplitudes (PCs). The fourth mode contributed to <3% of the total variance and was regarded as
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Figure 2: (a)–(c) Temporal EOF mode 1, mode 2, and mode 3 patterns.
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Figure 3: (a) The respective time-varying amplitude in the temporal EOF result. (b) Nino 3.4 index during 1960–2009. The Nino 3.4 index
was retrieved from http://www.cpc.noaa.gov/data/indices/.
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noise. The first mode, which accounted for 65% of the total
variance, exhibited a spatially coherent in-phase pattern, with
the highest rainfall values concentrated in the southwestern
mountain area. The similarity between Figures 1(b) and 2(a)
suggests that EOF1 captures the areas with large annual
rainfalls except the northeastern part of the island which
receives the largest amount of annual rainfall totals. The
dissimilarity over the northeastern part of the island can be
explained by EOF2 which shows that a substantial portion of
the rainfall variance over northeast Taiwan is negatively correlated with the rains over the southern range of the CMR. In
other words, the annual rainfall totals over the northeast and
southwest Taiwan do not always vary coherently. The loading
amplitudes of these two modes (Figure 3) clearly show the
difference in their seasonality. EOF1 mainly captures the
variations of the rainfall amount accumulated during the wet
season from May to September, associated with southwesterly
monsoons and typhoons during Mei-Yu and summer period.
Because Figure 1 (annual mean) and Figure 2(a) (first EOF)
are similar, the seasonal cycle is mainly a variation around
the annual mean. In addition, EOF1 contains interannual
variation. EOF2 captures the contrast variations of the rainfall
amount accumulated during September–November (positive loading amplitude) and June–August (negative loading
amplitude); EOF2 shows that northeast Taiwan receives more
rainfall compared to southwest Taiwan during September–
November and the contrast is opposite during June–August.
Consequently, the annual mean and the seasonal cycle are
mainly spatially controlled by mountains.
The interannual variation of the PC2 was strongest in
autumn and it appeared to exhibit the signal of a strong
ENSO (El Niño Southern Oscillation). Based on using the
Nino 3.4 index (Figure 3(b)), we can conclude that the PC2

grew considerably during the La Niña years that followed
strong El Niño years (1973-1974, 1988, and 1998). The third
mode accounted for only 7% of the total variance and
depicted a north-south out-of-phase pattern. The seasonal
characteristics of the PC3 suggest that the contrast between
north and south Taiwan is sharpest during the peak summer
months. Sharp contrast can also be found during other time
of a year, but the interannual variation is quite large. The PC3
typically showed positive values between February and May
and negative ones during the other months. Decadal variation
was observed in the positive phase of the third-mode time
series and it increased around 1980.
To find periodicities greater than a year, the results of
wavelet transform for the PCs are shown in Figure 4. A 12 m
moving averaged was applied to remove the seasonal cycles.
For PC1, higher power occurred in the 3.5 y and 8 y bands,
although it was nonsignificant until 1995. Significant wavelet
power can be observed in the 3–5 y band around 1965–1980
and 1995–2002 in PC2. A main periodicity of 11 y can also be
observed in PC2. PC3 exhibited a 3.5 y cycle around 1990.
Three main periodicities of 3.5 y and 11 y can be observed in
the PC3.
3.2. The Relationship of the Leading Temporal EOF Modes
with the SST and Low-Level Wind Field. In Figure 5(a), we
plot the linear-regression map of global annual average SSTs
against the annual average first-mode component of the
EOF. The F-test was used to evaluate the significance of
linear-regression coefficients. Because the seasonal variation
was filtered out, the correlation between the first EOF and
SSTs was not significant. Figure 5(b) is a plot of the linearregression map of the global annual average SSTs against
the annual average second-mode component of the EOF.
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The overall pattern resembled the SSTA corresponding to
ENSO events, revealing average SST warming and cooling
across the central and eastern Pacific. Furthermore, the influence of the SST in the southern hemisphere was stronger than
that in the northern hemisphere. The relationship between
PC2 and ENSO is consistent with the wavelet analysis results
(Figure 4), which demonstrated a 3–5 y cycle. Figure 5(c)
shows a plot of the linear-regression map of the global annual
average SSTs against the annual average third-mode component of the EOF. The pattern reveals a strong SST variation in
the midlatitude region. This indicated a growing (decreasing)
third-mode variance, representing a positive (negative) rainfall anomaly in northern Taiwan, which might be associated
with a positive (negative) PDO phase. Studies have found that
the variability of the Asian monsoon might play an active
rather than passive role in tropical ENSO events. Conversely,
ENSO events influence East Asian monsoons and have a
systematic evolution associated with the annual cycle. To
demonstrate the lead-lag relationship between EOF2 and
ENSO, the lagged correlations of the PC2 with the Nino 3.4
index in the preceding and following months are plotted in
Figure 6. A 2 mo running mean was applied to the EOF2
amplitude because the rainfall variations associated with
large-scale phenomena typically have a time scale longer than
2 mo [17]. For the Nino 3.4 index, a 3 mo running mean is
calculated to more effectively isolate variability closely related
to the ENSO phenomenon. The most significant negative
correlations were between mode 2 from October-November
and the Nino 3.4 index obtained from the preceding June to
the following May. The spatial pattern of mode 2 (Figure 2(b))
shows positive and negative values to the east and west of the
CMR. The negative correlation between PC2 and Nino 3.4
means that it is wetter in eastern than in western Taiwan and
drier in eastern than in western Taiwan during La Niña and El

Niño years, respectively. This observation indicates that after
a mature phase of El Niño years, the western part of Taiwan
is wetter than the eastern part is.
To demonstrate the wind variance associated with the
most significant correlations between PC2 (October to
November) and Nino 3.4 (from the preceding June to the
following May, Figure 6(a)), Figure 6(b) shows the regression
map of the second EOF averaged from October to November
against an 850 mb wind stress averaged from September to
November in the same year. The interannual variations of
EOF2 were correlated with a cyclonic circulation anomaly
over the South China Sea (SCS) and the anomalous easterly
wind over the tropical western-central Pacific and westerly
over the southern SCS and the Indian Ocean in the ongoing
year. Figure 6(c) is the same as Figure 6(b), except that the
wind speed is now a 3-month average, from December to
February in the following year. The result indicates that
a strong EOF2 during autumn was correlated with the
enhanced anomalous winter northeasterly monsoon that is
associated with an anticyclonic circulation anomaly over the
Philippine Sea.
Figure 7(a) plots the correlation coefficients between the
2-month PC3 and the 3-month running mean PDO index
obtained from the current year to the following year. The most
significant positive correlations were between mode 3 from
February–April and the Nino 3.4 index obtained from the
preceding March to June. Figure 7(b) shows the regression
map of the third mode averaged from February to March
against the 850 mb wind stress averaged from January to
March in the same year. The anticyclonic circulation anomaly
over the Philippine Sea that is associated with the interannual
variation of springtime rainfall in northern Taiwan agrees
with the report of Hung et al. [10], who related this anomalous
circulation to the PDO phase.
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3.3. Spatial EOF Result. The results of spatial EOF analysis
are presented in Figure 8. The first two modes can explain
61% of the total spatial variance, and the first mode (40%)
showed a northeast-southwest out-of-phase pattern featuring
the highest value in the northeastern region of Taiwan.
This indicates that the largest spatial variance is associated
with the seasonal monsoon transition and the interaction
between monsoon and topography. A seasonal oscillation
was detected in the time series of the first mode (Figure 8(b)).
The amplitude was prominent during the three strong La
Niña years (1974, 1989, and 1998), as it was in the time series
of the temporal EOF second mode. In addition to exhibiting
the peaks that might be associated with ENSO events, the
magnitude has been increasing since 2005. The spatial EOF
second mode (21%) reveals the difference in rainfall between
the plain areas and windward mountain slopes. The seasonal
variation of the second mode indicates higher rainfall in
mountainous area than those in plain areas during summer to
fall, which were associated with typhoons crossing the region.
The critical role that the uplift of the extremely large moisture

flux plays in producing heavy rainfall is widely established
[18–20]. However, the loading amplitude was the opposite
during spring, indicating positive (negative) rainfall variance
in the plain area (mountainous area).
Figure 9 plots the linear-regression map of the global
annual average SSTs against the annual average of the first
and second spatial EOF modes. The pattern of the firstmode regression map is similar to that shown in Figure 5(b),
resembling the SSTA corresponding to ENSO events. The
second-mode regression pattern showed that the relationship
was significant in the midlatitude region, resembling a PDO
positive phase pattern. This result seems consist with J.M. Chen and H.-S. Chen’s [11] observation of similarities
between the PDO index and typhoon rainfall in Taiwan
from June to August. However the local rainfall variability
associated with typhoons is not only modulated by the PDO
on a decadal time scale and further study is required to
explore the regulating processes relating to the large-scale
ocean-atmosphere modes.
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4. Discussion
4.1. Comparison with Previous EOF Research. Yen and Chen
[5] studied the seasonal transition of the rainfall pattern in
Taiwan using the EOF method. In the present study, we
collected monthly data from 15 coastal stations during the
period of 1981 to 1997. We extracted the 1981–1997 data from
our gridded data to compare the differences in the EOF result
(not shown). Our results agree with those shown in Figure 2
in the report of Yen and Chen (2000). However, because
more data were collected in our study than in the previous
study, especially in the mountain areas, the contributions
made by the first mode (78%) and the second mode (17%)
in this report were higher and lower, respectively, than those
(58% and 34%, resp.) of Yen and Chen [5]. Previous studies
have demonstrated that the interactions between seasonal
monsoons, tropical storms, and the topography of Taiwan
could greatly amplify local rainfall [18–20]. Because the lowlevel circulation in Taiwan area is modified by large-scale
climate variability, we can infer that the orography amplifies
the rainfall response to large-scale phenomena variability.
4.2. Large-Scale Climate Variability. The East Asian monsoon
and its interaction with the topography of Taiwan resulted in
a rainfall anomaly pattern. The CMR played a critical role in
the rainfall distribution. In addition, the rainfall pattern of the
spatial EOF1 is similar to the temporal EOF2, indicating that
the northeast-southwest out-of-phase pattern was the dominant spatial variance. In addition, the correlations between
temporal EOF2 and SST resembled a pattern of the ENSO
phenomenon.
The most significant correlation between EOF2 and the
Niño 3.4 index was observed between the mean of EOF2 from
October to November and the Niño 3.4 index from June in
the ongoing year to April in the following year (Figure 6(a)).
The anomalous easterly wind over the tropical westerncentral Pacific and the westerly over the tropical Indian Ocean
during autumn (September to November) associated with the
temporal EOF2 consisted of a wind circulation pattern typical
of the developing La Niña period (Figure 6(b)). In addition,
an anomalous cyclone also correlated with the temporal
EOF2. The cyclonic circulation enhanced the moisture flux
coming from the Pacific Ocean toward Taiwan. The southerly
extending from the eastern flank of anomalous cyclones
causes tropical cyclones to move northwestward toward the
open oceans to the southwest of Taiwan.

The three peak values of the positive phase of the temporal
EOF2 coincided with the La Niña years following an El
Niño period. Chao et al. [21] found that, during a weaker
northeasterly monsoon year such as an El Niño event, warm
water tends to accumulate in the southern SCS. Thus, when
northerly winds relax in spring, warm water returns northward, resulting in an enhanced spring warm pool (SWP) in
the central SCS. Consequently, the anomalous cyclone shown
in Figure 6(b) might be a regional atmospheric response to
a local positive SST anomaly. The characteristics underlying
this mechanism warrant further study. On the other hand,
Kug and Kang [22] suggested a feedback process in which
the warming in the Indian Ocean during the mature phase of
an El Niño produces an anomalous easterly over the western
edge of the Pacific, facilitating a fast transition to a La Niña.
As shown in Figure 6(c), during the developed La Niña
winter, the response of the western Pacific to the SST
anomaly over the tropical central-eastern Pacific is a cyclonic
circulation anomaly over the Philippine Sea [7, 8]. This
cyclonic circulation anomaly couples with the East Asia
winter monsoon and further intensifies it. Wang et al. [7]
used atmospheric general circulation models to demonstrate
that, during El Niño years, an anomalous lower-tropospheric
anticyclone located in the Philippine Sea formed as a result
of a Rossby-wave response to suppressed convective heating,
which is induced by both the in situ SST cooling and the
subsidence forced remotely by the central Pacific warming.
This anomalous anticyclone reduced the strength of the
East Asia winter monsoon. By contrast, during the La Niña
year, an anomalous lower-tropospheric cyclone located in the
western North Pacific was observed [15].
Consequently, the autumn climate in Taiwan associated
with ENSO exhibited substantial spatial variation because
of the terrestrial effect. The climate variability associated
with ENSO was distinct from that in other regions of East
Asia. For example, Li et al. [23] used a gamma distribution
function estimated from the historical sequence of daily
precipitation and reported that extreme precipitation along
the southeast coast of China in autumn occurred significantly
more frequently in El Niño years than that in non-El Niño
years. Wu et al. [17] documented the tempospatial evolution
of ENSO-related seasonal rainfall anomalies in East Asia
by using NCEP-NCAR reanalysis and station rainfall data
(including 4 stations in Taiwan). They found positive correlations in southern China in fall during the onset of El Niño.

10
The anomalous low-level anticyclone developing over the SCS
in fall and enhancing the moisture supply to southern China
during the onset of El Niño was suggested to be responsible
for the rainfall anomaly. By contrast, an anomalous cyclone
during the onset of La Niña (Figure 6(b)) enhanced the
moisture flux from the tropical western Pacific to the east of
Taiwan.
PDOs are related to the rainfall variance presented by
the third mode. According to the analyses of the third
mode of the temporal EOF, rainfall increased in northern
Taiwan and decreased in southern Taiwan in years where the
PDO index was positive, and this trend was reversed in the
years with a negative PDO index. Hung et al. [10] proposed
that, during the warm PDO phase, the positive SSTAs over
the tropical central-eastern Pacific that accompanied the
enhanced Aleutian low and low SSTs in the extratropical
North Pacific can induce a low-level anticyclonic anomalous
flow over the Philippine Sea, resulting in the southwesterly
anomalous winds toward the east of Taiwan and enhancing
the trough extending southwestward from southern Japan to
northern Taiwan.

5. Conclusion
In this paper, we describe the major decadal variations of
rainfall in Taiwan between 1960 and 2009 based on the gridded monthly data produced by the TCCIP. The gridded data
provided a clear view of the EOF pattern associated with the
rainfall variance in Taiwan. The first mode of temporal EOF
(65%) revealed that the annual peaks of large rainfalls in the
southwestern mountain area of Taiwan are associated with
southwesterly monsoons and typhoons during summer. The
second mode of temporal EOF (16%) revealed a northeastto-southwest out-of-phase distribution, roughly separated by
the CMR, demonstrating the association of rainfall with the
monsoon and its interaction with the CMR slope. The rainfall
pattern of the spatial EOF1 is similar to the temporal EOF2,
indicating that the pattern was the dominant spatial variance.
The interannual variation of the second mode indicated the
influence of ENSO events. The climate variability associated
with ENSO was distinct from that in other regions of East
Asia. The third mode of temporal EOF (7%) depicted a northsouth out-of-phase pattern with slowly evolving variations
that were approximately in phase with the PDO. These
climate variations related to the anomalies of large-scale airsea interaction in the Pacific might cause a substantial change
in the low-level pressure field in East Asia. The regional
topography further redistributes the rainfall.
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Meteorological observation plays a critical role in climatic study, and in situ measurements are the foundation of meteorological
observation, especially in the Tibetan Plateau, the surface of which is fairly complex. Several field stations in the Northern Tibetan
Plateau, which features relatively homogeneous surface, were selected as the study area. A detailed description on the significance
of site observation for climate prediction was given in this paper. Data from weather stations can be used to verify satellite data and
provide parameters for initial mode field in the study of weather and climate changes. The field observation data in the Northern
Tibetan Plateau from 2001 to 2013 is analyzed. The results show that in El Nino year, values of land surface temperature (𝑇𝑠 ), air
temperature (𝑇𝑎 ) and wind speed are all greater than their mean values and that soil moisture values are lower than the averaged,
while the opposite is the case in La Nina year. The warming rate in the Northern Tibetan Plateau is greater than that in global areas.
The diurnal variations of 𝑇𝑠 and 𝑇𝑎 are various in different seasons and underlying surfaces, with the diurnal variations greater
in spring, and less in summer and autumn. Furthermore, the diurnal variation in the area with drier underlying surface is more
obvious than that in area with moist surface.

1. Introduction
It is well recognized that the Tibetan Plateau plays an
important role in the East Asian and global climate because of
its high evaluation and complex surface conditions. The land
surface of the Tibetan Plateau reaches evaluations of greater
than 4000 m above sea level, which is about a third of the
height of the troposphere. It interacts with the atmosphere
through radiation, sensible heat flux, and latent heat flux,
and because of its topographic condition, the Tibetan Plateau
exerts profound dynamical and thermal influences on Asian
monsoon, the atmospheric circulation, and global climate
change [1–3]. The huge heat source certainly has an effect on
the vertical circulation over the plateau and its surrounding
areas. The heat source can impact Chinese precipitation in

summer by changing the intensity of the East Asian monsoon
[4].
Decades of research on the Tibetan Plateau indicates
that the plateau plays a vital part in the East Asian and
global weather and climate prediction. Then the long-term
meteorological observation in the plateau is essential and
crucial for the research. Scientists have started to observe the
atmospheric condition over the Tibetan Plateau systematically since 1970s. The first atmospheric science experiment on
the Tibetan Plateau in 1979 (QXPMEX-1979) was performed
by Ye and Gao. In that field experiment, the variation and
distribution characteristics of each component in the land
surface radiation balance and heat balance were analyzed,
and the changing process of the heat source has been
well understood [5–9]. Afterwards, the second atmospheric
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Figure 1: Map for the observation area and locations of stations in the Northern Tibetan Plateau.

science experiment on the Tibetan Plateau (TIPEX) was
started in 1998. With the attention for the influence of the
atmospheric hydrological process on the Asian monsoon
increasing, the global energy and water cycle experiment
(GEWEX) included the experiments called “GAME/Tibet”
and “CAMP/Tibet,” which mainly aimed for researching the
energy exchange between land and atmosphere in the Tibetan
Plateau [10]. And in order to recognize the interaction
between land and atmosphere further and quantitatively,
these experiments covered the observation for the solar
radiation, soil temperature and soil moisture, air temperature
and pressure, soil heat flux, sensible and latent heat flux,
and so on. Moreover, radiosonde observation has provided
amount of data for the meteorological observation. The wind
speed and direction, air temperature, moisture, and pressure
data in the upper air are used to judge the atmospheric
stratification and circulation situation [11].
However, the Tibetan Plateau covers a vast geographic
area with various landforms, and the research is largely
deficient only by a few of weather stations. But the remote
sensing observation features large coverage and can obtain
different surface parameters simultaneously, and it makes up
the deficiency for the conventional observation data. With
the developing of the satellite remote sensing, using satellite
data to research various weather systems over the plateau
has been a popular way. Meanwhile, an important method of
estimating the air temperature by satellite data has been put
forward, and it benefits the research on the land-atmosphere
interaction [12, 13]. In addition, the essential data for the
weather forecast and climate modeling and prediction are
the land surface parameters, such as the soil temperature
and moisture, reflectivity, emissivity, and roughness. Since
the values of underlying surface are generally constant in
current numerical models, the models are hard to reflect
the reality of climate change [14, 15]. On the other hand,
the satellite remote sensing plays a unique role in terms of

Table 1: The basic information of all sites.
Stations

Longitude and latitude

Elevation

NewD66

35.43∘ N, 93.59∘ E

4465 m

D105
NPAM
BJ
MS3608

∘

∘

33.06 N, 91.94 E
31.93∘ N, 91.71∘ E
31.37∘ N, 91.90∘ E
31.23∘ N, 91.78∘ E

5039 m
4620 m
4509 m
4589 m

Underlying
surface
Alpine sparse
grassland
Alpine meadow
Alpine meadow
Alpine meadow
Alpine grassland

achieving the parameters on inhomogeneous surface in the
plateau. The surface parameters can be retrieved by satellite
data, and the new parameterization scheme from those data
can be introduced in the numerical models [13]. Therefore,
the accuracy of the prediction can be improved. Nevertheless,
the data from satellites and models are all needed to be
verified by the in situ observation data, so the meteorological
observation stations on the Tibetan Plateau are essential for
the weather and climate prediction.

2. Materials and Methods
2.1. Materials. As is shown in Figure 1, eight field weather
stations [11, 16] spread along Qinghai-Tibet Railway and six
of them are used in this paper. The characteristics of all
stations are shown in Table 1 and the surface feature of the
Northern Tibetan Plateau can be represented by the stations
[16]. The elevations of these stations are all above 4500
meters; D66 and NewD66 stations are covered by alpine
sparse grassland, located in north of the Northern Tibetan
Plateau. The elevation of D105 station which is above 5000 m
is the highest station among these stations. The experiment
field in D105 station, covered by alpine meadows, is flat and
wide, and some hills stand at the east of the field. Similarly,
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the experiment field in NPAM station, covered by alpine
meadows, which are 15 centimeters tall, is flat and wide, and
there are hills that are 100–200 meters tall that are around
the field. The experiment field in BJ station, covered by alpine
meadows, is flat and broad. MS3608 station, located in south
of the area and covered by alpine grassland, is relatively moist.
Data applied in this study come from the observational
data of the six stations, D66, NewD66, D105, NPAM, BJ, and
MS3608. Daily meteorological data were obtained from the
six stations and all these stations had complete records of
meteorological factors from 2001 to 2013. The daily meteorological data included air temperature, land surface temperature, soil moisture, wind speed, and long-wave radiation. A
few missing data (mainly in 2004, 2005 at BJ station) were
estimated by averaging the value of other years observed at
the same station.
2.2. Methods. Because of the poor quality data of land surface
temperature observed, long-wave radiation data were used
to calculate land surface temperature, and the formula is as
follows:
↑
↓
= (1 − 𝜀𝑠 ) 𝑅lw
+ 𝜀𝑠 𝜎𝑇𝑠4 ,
𝑅lw

(1)

↑
↓
is the upward long-wave radiation, 𝑅lw
is the downwhere 𝑅lw
ward long-wave radiation, 𝑇𝑠 is the land surface temperature,
𝜎 = 5.67 × 10−8 W ⋅ m−2 K−4 is Boltzmann constant, and
𝜀𝑠 is land emissivity. From (1) we can see that 𝑇𝑠 is affected
↑
), the downward
by the upward long-wave radiation (𝑅lw
↓
long-wave radiation (𝑅lw ), and land emissivity (𝜀𝑠 ). The
influences of these three factors on 𝑇𝑠 have been discussed
in some researches [17, 18]. The upward and downward longwave radiation in this study were measured by radiation
instruments in all stations. 𝜀𝑠 of each station changes along
with seasons. The influence of 𝜀𝑠 was considered in this study.
Normalized differential vegetation index (NDVI) was applied
to calculate 𝜀𝑠 in all sites, and the values were fluctuant from
0.92 to 0.98. This result is consistent with the conclusion
drawn by He et al. [19]. The formula used for calculating 𝜀𝑠
was proposed by Van De Griend and Owe in 1993 [20]:

𝜀𝑠 = 1.0094 + 0.047 ln (NDVI) .

(2)

In addition, the data quality of other factors was proved to be
good for the study, so the observed data were used to analyze
the long-term changes and climate prediction.

3. Results
3.1. In Situ Measurements. Generally, the first-hand data for
meteorology are provided by in situ measurements, and these
data are widely used to validate the satellite data and model
data for studying climate changes. For example, in situ measurements are compared with air temperature data estimated
from the MODIS land surface data to verify the use of MODIS
data for studying the spatial distribution of the air temperature by Sun et al. [21]. Three land areas covered by MODIS
sinusoidal tile h26v04 (mountain area, average elevation 500–
2000 meters), h26v05 (high mountain area, average elevation

2000–5000 meters), and h27v05 (plain area, average elevation
0–500 meters) were selected. Figure 2 shows the correlation
of the estimated and measured air temperature. The in situ
observations of air temperature are in good agreement with
the estimated values from MODIS, with 𝑅2 greater than 0.95
in all areas. In addition, the Mean Absolute Deviation (MAD)
values of the estimated air temperature on the three areas are
all lower than 2 K, and the Root-Mean-Square Error (RMSE)
value in h27v05 area (1.84 K) is the lowest. According to
Sun, the fact that the terrain in this area is relatively flat
is the possible reason. This example has excellently shown
that in situ measurements play a significant role in the
validation of remote sensing data. And then, another example
will prove the importance of weather station measurements
for the weather and climate prediction. In recent years, it
has been in the spotlight that numerical models are widely
introduced to study the climate change, and hypotheses in
models are based on observational facts. Radiosonde data
can reflect the thermodynamic structure in the upper air.
For example, Boos and Kuang [22] considered that the
dominant control of the South Asian monsoon was the
orographic insulation, and they demonstrated the hypothesis
using numerical models. Before building the hypothesis and
testing the models, radiosonde data were used to analyze
the thermodynamic structure in the upper air. As is shown
in Figure 3, the thermodynamic structure over Indian and
Tibetan stations was accurately analyzed. Figure 3(a) shows
the equivalent potential temperature within 25 hPa of the surface at radiosonde sites over and around the Tibetan Plateau.
Figure 3(b) presents the daily mean profiles of temperature.
Dashed lines are dry adiabats from the lowest sounding level
up to the lifted condensation level and moist pseudoadiabats
thereafter. Figure 3(c) represents the mean temperature difference between the Indian and Tibetan Plateau sites, with
positive values denoting air that is warmer over Indian sites.
The atmospheric conditions in the upper air were accurately
analyzed by observational data, and reasonable hypotheses
could be proposed. Based on the meteorological observation,
the numerical simulated results are more dependable and
accurate for the weather forecasting and climate prediction.
3.2. Long-Term Meteorological Observations. As shown in
Table 2, the land surface temperature (𝑇𝑠 ) and air temperature
(𝑇𝑎 ) in all stations show uptrend along with time, except
for 𝑇𝑠 in NPAM in autumn, which show a decreasing trend
with the seasonal rate 0.07∘ C. In NewD66 and D105, the
annual increase rates of 𝑇𝑠 are greater than that of 𝑇𝑎 , and
it means that the uptrend of 𝑇𝑠 is more obvious than that
of 𝑇𝑎 in the north part of the Northern Tibetan Plateau.
In spring and winter, the increasing trends of 𝑇𝑠 are more
obvious, while, in summer and autumn, the rising trends of
𝑇𝑎 are greater than that of 𝑇𝑠 . In BJ and MS3608, which are
located in the south part of the Northern Tibetan Plateau, the
annual increase rates of 𝑇𝑎 are greater than that of 𝑇𝑠 . The
uptrends of 𝑇𝑎 are remarkable in spring and summer, and
the rising tendency of 𝑇𝑠 and 𝑇𝑎 in BJ is more apparent than
that in MS3608. However, in NPAM, the annual increasing
rates of 𝑇𝑠 and 𝑇𝑎 are both 0.01∘ C/a, and the warming trend
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Table 2: The annual and seasonal linear trend of 𝑇𝑠 and 𝑇𝑎 in all sites.
Annual

NewD66
D105
NPAM
BJ
MS3608

Spring
𝑇𝑎
0.03
0.02
0.01
0.10
0.03

𝑇𝑠
0.12
0.12
0.01
0.07
0.01

𝑇𝑠
0.11
0.04
0.01
0.07
0.02

Summer
𝑇𝑎
0.04
0.02
0.02
0.14
0.06

𝑇𝑠
0.02
0.02
0.01
0.03
0.06

310
R = 0.989

Measured Ta (K)

Measured Ta (K)

𝑇𝑎
0.03
0.01
0.01
0.07
0.01

290

280
270
260

280
270
260

250

250

240

240
230

240

250
260
270
280
290
Estimated Ta in h26v04 (K)

300

230

310

310

230

240

250
260
270
280
290
Estimated Ta in h26v05 (K)

300

310

300

310

310
R2 = 0.970

300

R2 = 0.977

300
290
Measured Ta (K)

290
Measured Ta (K)

𝑇𝑠
0.09
0.05
0.01
0.11
0.01

R2 = 0.960

300

290

280
270
260

280
270
260

250

250

240

240

230

Winter
𝑇𝑎
0.08
0.09
0.05
0.07
0.01

310
2

300

230

Autumn
𝑇𝑠
0.01
0.07
−0.07
0.002
0.03

𝑇𝑎
0.08
0.09
0.07
0.13
0.10

230

240

250
260
270
280
290
Estimated Ta in h27v05 (K)

300

310

Linear fit

230

230

240

250
260
270
280
290
Estimated Ta in all areas (K)

Linear fit

Figure 2: Comparisons between the estimated and measured 𝑇𝑎 values in three case study areas covered by the MODIS tiles h26v04, h26v05,
and h27v05. (The figure is cited from Sun et al. [21].)

is not obvious compared with other stations. According to
IPCC5 and some studies [23–25], the global averaged surface
temperature shows a warming of 0.85∘ C over the period
1880–2012, and over the past 60 years the rate of warming
is 0.12∘ C/10a. Since 2001, the increasing rate of 𝑇𝑎 in these
stations is between 0.1∘ C/10a and 1.0∘ C/10a, which means that
the warming rate in the Northern Tibetan Plateau is greater
than that in global areas.
Take BJ station as an example. Figure 4 shows the interannual variations of annual mean 𝑇𝑠 and 𝑇𝑎 in different seasons.

As shown in the figure, the annual increasing rates of 𝑇𝑠 and
𝑇𝑎 are 0.07∘ C/a and 0.10∘ C/a, separately. 𝑇𝑠 and 𝑇𝑎 have been
climbing since 2001, and the change trend of 𝑇𝑎 always keeps
pace with that of 𝑇𝑠 , but the uptrend of 𝑇𝑎 is more obvious
than that of 𝑇𝑠 . The warming rate of BJ is 1.0∘ C/10a since 2001,
which is almost ten times compared to that in global range.
The seasonal rising rates of 𝑇𝑠 are 0.07∘ C, 0.03∘ C, 0.002∘ C, and
0.11∘ C, respectively, in spring, summer, autumn, and winter,
while those of 𝑇𝑎 are 0.14∘ C, 0.13∘ C, 0.07∘ C, and 0.07∘ C.
The air temperatures show warming trend in all seasons,
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Figure 3: Thermodynamic structure from balloon soundings for June–August. (The figure is cited from Boos and Kuang [22].)

especially in spring and summer, while the land surface
temperatures are rising in spring, summer, and winter, and
𝑇𝑠 in autumn remains unchanged. Moreover, the rising trend
of 𝑇𝑠 is more obvious in winter. The increasing rate of 𝑇𝑠 in
winter is greater than that in summer, while the rising trend
of 𝑇𝑎 in summer is more remarkable than that in winter. On
the other hand, the values of 𝑇𝑠 are always greater than that of
𝑇𝑎 , except for several winters. It indicates that the land surface
is a long-term heat source for the atmosphere. Similarly,
Figure 5 shows the interannual variations of annual mean

wind speed and soil moisture in each season. By comparing
Figures 4 and 5, the impacts of wind speed and soil moisture
on temperatures are revealed. In the winter of 2006, both 𝑇𝑠
and 𝑇𝑎 reached their maximum values −7.38∘ C and −8.13∘ C,
while the value of wind speed was the greatest and the soil
moisture value was the lowest. In 2008, the values of 𝑇𝑠 and 𝑇𝑎
were down to the bottom, especially in summer and autumn.
Meanwhile, the value of wind speed was lower than the
average value and the soil moisture value was greater than its
mean value. It can be seen from the analysis that the changes
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Figure 4: Averaged land surface temperature and air temperature change curves for seasons and years at BJ (curved lines are observed values,
and straight lines are liner trend).
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Figure 5: The interannual variation of wind speed and soil moisture in each season at BJ.

of wind speed and soil moisture make the difference to the
temperatures on the Tibetan Plateau.
In addition, according to some researches [26, 27], El
Nino and La Nina phenomenon separately occurred in 2006
and 2008. Based on some analysis [28], the surface heating
field in the Tibetan Plateau has an increasing trend in El
Nino year and weakens in La Nina year. Based on the above
analysis, in El Nino year, the values of 𝑇𝑠 , 𝑇𝑎 and wind speed
are greater than the averaged values, and the soil moisture
values are lower than the averaged, while in La Nina year, the
values of 𝑇𝑠 , 𝑇𝑎 and wind speed are less than the averaged
values, and the soil moisture values are greater than the
averaged. The variation of the previous surface heating field
is a strong signal for the prediction of summer drought-flood
anomalies at the east side of the Tibetan Plateau [29, 30].
It is thus clear that long-term observations in the Tibetan
Plateau exert an important influence on the regional and
global climate prediction.
3.3. Daily Observations at Different Sites. For the sake of
monitoring the weather changes, a number of autoweather
stations (AWSs) were set up in the Tibetan Plateau. Figure 6
shows the diurnal variations of 𝑇𝑠 and 𝑇𝑎 in D105, NPAM,
and BJ stations mentioned in part 2, three stations in the
Northern Tibetan Plateau. As can be seen from the figure,
the variation trends are similar at all sites. 𝑇𝑠 and 𝑇𝑎 change
significantly from daytime to nighttime; the fluctuation is
larger in daytime than that in nighttime. Averagely, 𝑇𝑠 reaches
the peak value at 14:00, while 𝑇𝑎 gets the maximum at 16:00–
18:00. Obviously, the 𝑇𝑎 diurnal variation falls behind 𝑇𝑠 , and
it is closely bound up with the solar radiation. Furthermore,
the diurnal variation is various in different seasons, and what
causes the differences may be the East and South Asian
monsoon. The land surface in the plateau is relatively dry
with less cloud cover and increasing solar radiation in spring,
which is before the summer monsoon onset, so the surface

is cooled rapidly during the night and heated fast during
the day. It can explain why the temperatures get the greatest
diurnal change in spring. With precipitation increasing more,
the soil moisture is growing in summer and autumn, which
are after the monsoon onset, and the temperatures diurnal
variation is the lowest. Besides, the changes are different
in different latitudes and underlying surfaces. The diurnal
variation and difference of 𝑇𝑠 and 𝑇𝑎 in D105, which is mainly
covered by marsh, are less than that of NPAM and BJ with
grassy marshland. The effect of 𝑇𝑎 lagging behind 𝑇𝑠 can give
some information for the daily maximum air temperature
forecast.
The process of making weather forecast consists of observation, data acquisition, data processing, data analysis, and
forecast. All of them are based on the observation, and surface
observation is absolutely necessary and it provides initial and
reference value for the numerical forecasting. It is obvious
that daily observation has an effect on weather forecast in the
Northern Tibetan Plateau.

4. Conclusions
The underlying surface in the Tibetan Plateau is complex
and heterogeneous, and it makes all the difference to the
East Asian and even global climate change. So based on
the in situ measurements, weather and climate prediction
is dependable and convincing. As the first-hand data, data
from weather stations are widely used to validate the satellite
data and model data for studying climate changes. And in
situ measurements are essential to the climate and weather
forecast.
Long-term observations in the Tibetan Plateau exert
an important influence on the regional and global climate
prediction. In the Northern Tibetan Plateau, 𝑇𝑠 and 𝑇𝑎 have
been climbing since 2001, and the change trend of 𝑇𝑎 always
keeps pace with that of 𝑇𝑠 , but the uptrend of 𝑇𝑎 is more
obvious than that of 𝑇𝑠 , especially in spring. Compared with
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Figure 6: The diurnal variation of land surface temperature (𝑇𝑠 ) and air temperature (𝑇𝑎 ) in typical clear days in different seasons at
D105/NPAM/BJ.

the global warming rate with 0.12∘ C/10a over the past 60
years, the warming rate in the Northern Tibetan Plateau over
the past ten years is greater than that in global areas. In El
Nino year, the values of 𝑇𝑠 , 𝑇𝑎 and wind speed are greater than
the averaged values, and the soil moisture values are lower
than the averaged, while the contrary is the case in La Nina
year.
The daily variations of 𝑇𝑠 and 𝑇𝑎 at all sites have similar
trend, with obvious changes in the daytime and no significant
changes in the nighttime. 𝑇𝑎 changes lag behind that of 𝑇𝑠 .
The diurnal variations of 𝑇𝑠 and 𝑇𝑎 are the greatest in spring
and are less in summer and autumn. The diurnal variation in
the area with drier underlying surface is more obvious than
that in the area with moist surface.
According to these observations, amount of weather and
climate research in the plateau can be done continuously. As
the foundation of climate prediction, long-term meteorological observations are worthy to be paid more attention.
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The satellite-derived aerosol optical depth (AOD) data is used to investigate the distribution of aerosol over the South China Sea
(SCS). High correlation coefficients are found between in situ AERONET data and satellite AOD measurements around the SCS
with the highest coefficient of 0.9 on the Dongsha Island (i.e., Pratas Island). The empirical orthogonal function (EOF) analysis
of AOD over the SCS shows that high AOD is always found around offshore areas of China, Indochina, Sumatra, and Borneo.
Besides, spring is the major season of occurring coarse aerosol particles (AOT C) but fine aerosol particles (AOT F) occur yearly.
The biomass burning is found in Indochina during March and April, and so it is in Sumatra and Borneo from August to October.
The results also show that the AOT F are higher during El Niño events, but higher AOT C are found in La Niña years.

1. Introduction
The South China Sea (SCS) is not only the largest marginal
sea of the Pacific in Southeast Asia but also abundant with
marine resources. It covers an ocean area from the equator
to 22∘ N and from 100∘ E to 121∘ E with a bathymetry deeper
than 3000 m in the center and the north. It is also a major
sea route connecting the Pacific Ocean to the Indian Ocean
(Figure 1). The SCS, located within the East Asian monsoon
region [1–4], confronts the prevailing northeaster carrying
dust mixed with anthropogenic aerosols during the winter
monsoon season from November to April. In the summer
monsoon season from June to September, the smoke particles
associated with biomass burning in Borneo and Sumatra are
transported to the southern SCS [5].
Over the SCS, most of the aerosols come from Mainland
China, Indochina Peninsula, and Luzon Island. Besides, the
other origin of aerosols is the biomass burning from Sumatra
and Borneo in Indonesia from August to October [6]. A vast
amount of aerosol, attributed to varied emissions (e.g., dust,
anthropogenic, and biomass burning) from the Asian continent, has widely impacted on the ecosystem [7]. On March
19–21, 2010, a significant Asian dust storm affected large areas
from the Gobi deserts to the West Pacific Ocean and southern
China [8]. The airborne dust over the Central Asia can be

identified by analyzing the satellite data due to the features
of coarse and fine particles [9]. Wang et al. [10] measured the
Asian dust and found that it can be further transported and
sunk to the northern SCS during the springtime. Reid et al.
[11] found that large aerosol events that happened in SCS are
almost always associated with biomass burning. Indochina
fire smoke is transported out over the Pacific Ocean and
beyond during the winter monsoon period. The biomassburning aerosols were transported over the northern and
eastern Southeast Asia [12]. Atwood et al. [13] showed that the
El Niño event enhanced tropical burning. The seasonal winds
at 850 hpa transport the burning smoke from source regions
(Maritime Continent) to the southwest of Singapore during
the summer monsoon. Wang et al. [14] showed that the dry
conditions associated with the El Niño event cause the largest
regional biomass burning outbreak. The smoke was widely
spread over the 5∘ S-5∘ N zone during the seasonal monsoonal
transition period.
From previous studies above-mentioned, the aerosol
variations over the SCS may be affected by monsoon and large
scale atmospheric circulation. Therefore, to more understand
the changes of spatial distribution and time series of aerosol
over the SCS, the satellite base aerosol optical depth (AOD)
data are analyzed thoroughly.
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Table 1: The mean of Aeronet AOD, root-mean-square-error (RMSE), and correlation coefficient (𝑅) between monthly MODIS AOD and
Aeronet AOD 500 nm.
Aeronet St.
Dongsha
Mukdahan
Pimai
Hong Kong
Bac Lieu
Singapore

Location
(116.729∘ E, 20.699∘ N)
(104.676∘ E, 16.607∘ N)
(102.564∘ E, 15.182∘ N)
(114.180∘ E, 22.303∘ N)
(105.730∘ E, 9.280∘ N)
(103.780∘ E, 1.298∘ N)

Data period
2009/09∼2010/05
2003/11∼2009/12
2003/02∼2008/04
2005/11∼2010/01
2006/05∼2009/02
2006/11∼2010/05
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Figure 1: A map of SCS with isobaths. The circle represents Aeronet
observation station, 1: Dongsha, 2: Mukdahan, 3: Pimai, 4: Hong
Kong, 5: Bac Lieu, and 6: Singapore.

2. Data and Methodology
The AOD and fine mode fragment (FMF) at 500 nm,
proved by the National Aeronautics and Space Administration (NASA) Terra Moderate Resolution Imaging Spectroradiometer (MODIS) Level 3 satellite data from January
2001 to December 2012, are used in this study. The MODIS
AOT data are masked when there are clouds. Therefore, no
AOT value can be used during overcast days. Those data
are then monthly averaged and the spatial resolution is 1∘
latitude by 1∘ longitude. The study area is located from the
equator to 25∘ N and from 100∘ E to 125∘ E (Figure 1). Besides,
the monthly in situ data from Aeronet observation stations
around the SCS is also used in this study. To examine
the relationship between MODIS AOD data and in situ
Aeronet measurements, the correlation coefficient (𝑅) and
root mean square error (RMSE) at each station are computed
and presented in Table 1. Except Singapore and Bac Lieu
of Vietnam stations, the stations have a higher correlation
coefficient (larger than 0.7). The values of RMSE between
MODIS AOD and Aeronet AOD at each station are smaller
than the mean of those of Aeronet AOD implying that it

Mean
0.286
0.360
0.355
0.528
0.218
0.338

RMSE
0.078
0.157
0.116
0.153
0.215
0.180

𝑅
0.91
0.70
0.81
0.70
0.52
0.24

can be used for the study of analyzing temporal and spatial
variations of aerosol over the SCS. The AOD data are further
divided into coarse mode aerosol (AOT C) and fine mode
aerosol (AOT F) by FMF data as
AOT F = AOD × FMF,
AOT C = AOD × (1 − FMF) .

(1)

In order to analyze the spatial and temporal variations of
aerosol, the empirical orthogonal function (EOF) and the fast
Fourier transform (FFT) analyses are used. The error of EOF
analysis, 𝑒, is estimated by the method of North et al. [15] as
𝑒 = 𝜆𝑘√

2
,
𝑁

(2)

where 𝜆 𝑘 is the eigenvalues of covariance matrix at the 𝑘th
mode and 𝑁 is the degree of freedom.
It is known that the activities of El Niño and La Niña
may affect the atmospheric and oceanic environments; their
effects are taken into account in this study. The Oceanic Niño
Index (ONI) constructed with the SST anomalies in the Niño
3.4 region (5∘ N-5∘ S, 120∘ W-170∘ W) is used as the indicator in
judging whether El Niño or La Niña phenomena are present.
If the ONI value is larger than 0.5, it is categorized as an onset
of El Niño. If the value is smaller than −0.5, it is classified as
the time of La Niña events. It is deemed to be normal year if
the value is between −0.5 and 0.5.

3. Results and Discussion
3.1. Coarse Mode Aerosol Variation. The EOF analysis of
AOT C data has been performed. The contributions of eigenvalues and typical errors of first five modes are illustrated in
Table 2. The errors of the EOF mode 4 and mode 5 overlap
each other. Therefore, only the first three EOF modes with the
cumulative variance over than 84% are discussed as follows.
The EOF mode 1 (EOF1) of the AOT C is shown in
Figure 2. Both the spatial distribution and the temporal
amplitude are negative, which cause the result of positive
sum. The higher negative value represents the higher AOT C.
Figure 2(a) shows a larger amount of AOT C occurring
in the coastal area of southern China and the Indochina
Peninsula. On the temporal distribution of Figure 2(b), no
periodic signal is found. In TEOF1 (Figure 2(b)), the larger
amplitude appears in March or April normally, but not in
every year. For example, in March 2006, April 2009, and
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Table 2: The contribution of eigenvalue at each EOF mode of
AOT C.
EOF mode

Contributing to variance
(typical errors) (%)

Cumulative
variance (%)

79.42 (69.17∼89.67)
3.82 (3.33∼4.31)
1.97 (1.71∼2.22)
1.05 (0.91∼1.18)
0.94 (0.82∼1.06)

79.42
82.24
84.21
85.26
86.20
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Figure 3: The same as Figure 2 but EOF mode 2 of AOT C.
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Figure 2: (a) The spatial distribution, (b) its corresponding timevarying amplitude for the vector EOF analysis mode 1 of the AOT C
in SCS during 2001/1–2010/12, and (c) the spectrum of (b) with FFT.
The line segment represents the 95% confidence interval.

March 2010, the higher value of AOT C was also obtained at
Hong Kong AERONET station. Correspondingly, according
to the studies of Tsay et al. [7] and Wang et al. [10], the Asia
dust storms usually rage in spring, and the dust would be
transported far to the SCS. This means that EOF1 displays

the random effect of whether accidental wildfires, sandstorm,
or agricultural land development.
The result of EOF mode 2 (EOF2) of the AOT C is
shown in Figure 3. The spatial distribution in the Indochina
Peninsula appears to have a positive value, but it is negative
in southern China (Figure 3(a)). Meanwhile, the amplitude is
positive from May to October with a maximum in September,
while the negative amplitude appears from November to next
April with a peak in January (Figure 3(b)). In other words, the
AOT C value in the Indochina Peninsula is higher than the
average from May to October. Similarly, in southern China,
the AOT C value keeps higher during November and next
April, and the maximum negative value appears in March.
The spatial distribution of EOF mode 3 (EOF3) displays that the positive value expands from the northwestern
Indochina to its southeastern regions and the negative value
is located in southern China (Figure 4(a)). The time series
of EOF3 shows the positive value of amplitude from March
to July, but the negative one from October to next February
(Figure 4(b)). The spectrum analysis shows that the variation
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3.2. Fine Mode Aerosol Variation. Through the EOF analysis,
the first five modes of AOT F data are dealt with through
the typical error analysis and are shown in Table 3, which
contains the contribution of eigenvalues and typical errors of
each EOF mode of AOT F. The fifth mode and the sixth one
overlap each other in typical error range, and the fourth mode
only accounts for the variance amount of 2.19% where only
the first three modes are discussed.

Spectrum

400

is yearly, but there is less energy than mode 1 and mode
2. As the result of mode 3, in the Indochina Peninsula, the
AOT C keeps higher during March and July. Figures 3(c) and
4(c) show the annual cycle regularly. Meanwhile, the coarse
aerosol might erupt with the monsoon.
Consequently, there is a coincidence between the occurrence of high-value AOT C and the high-value AOD
observed at Aeronet observatories. The result indicates that
the coarse aerosol particles mainly come from China and the
Indochina Peninsula and occur annually. It corresponds to
the previous studies [7, 8, 10].
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Figure 5: (a) The spatial distribution, (b) its corresponding timevarying amplitude for the vector EOF analysis mode 1 of the AOT F
in SCS during 2001/1–2010/12, and (c) the spectrum of (b) with FFT.
The line segment represents the 95% confidence interval.

EOF1 of AOT F shows that the largest variation area
is in southern China, followed by Sumatra and Borneo in
Indonesia (Figure 5(a)). The temporal amplitudes show two
larger time phases from March to April and from August
to October (Figure 5(b)). Meanwhile, the high-value fine
aerosol particles were observed both at Aeronet observatories
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Figure 6: The same as Figure 5 but EOF mode 2 of AOT F.

Figure 7: The same as Figure 5 but EOF mode 3 of AOT F.

of Hong Kong and Bac Lieu. The two peaks appear every year
probably due to the time different biomass burnings of these
two regions.
Figure 6(a) shows the spatial distribution of EOF2 of
AOT F. The positive variation is in the Indochina Peninsula,
while it is negative in Borneo. From the time series of
amplitude (Figure 6(b)), the positive amplitude appears from
November to next May, but the negative value is found
during June and September. Therefore, the higher value of
AOT F is found in the Indochina Peninsula during March
and April, and it also appears in Borneo and Sumatra during
August and October. Two larger temporal amplitudes showed
in October 2006 and September 2009. During these two
months, the high value of fine aerosol particles was also found
at the observatories of Hong Kong, Thailand, Dongsha, and
Singapore. The spectrum analysis shows that the variation is
an annual cycle which indicates that the fine aerosol particles
are occurring in the abovementioned areas every year.
Figure 7(a) shows the spatial distribution of EOF3 of
AOT F. Positive values are in the Indochina Peninsula,

the Luzon Strait, and Borneo, but negative values are only
found in China. Combining the time series of amplitude
(Figure 7(b)) indicates that more AOT F are found in the
Indochina and Borneo from February to April and in China
from May to August. The amplitude distribution also shows
that the maximum positive amplitude is larger during El Niño
period. Figure 7(c) shows the significant peak at annual cycle
and semiannual cycle. It corresponds to the results of Lu et al.
[16].
Previous results indicate that the higher AOT F corresponds to the biomass burning around the SCS from March
to April and from August to October [5, 6], which are similar
to the result of this study. Moreover, the AOT is also affected
by El Niño and La Niña events. Figure 8 shows the average
AOT C and AOT F over the SCS during the normal, El Niño,
and La Niña periods. The average AOT C is smaller in El
Niño period. On the contrary, the average AOT F is larger
in the El Niño events. Because during El Niño periods, the
trade winds reverse direction, blowing from west to east (Asia
towards Peru), the source of coarse particle (AOT C) blown
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La Nĩna
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from the sea surface may be reduced, and the source of fine
particle (AOT F) generated by the biomass burning from the
Indochina Peninsula may be increased.

4. Conclusions
In this study, we use coarse mode AOD and fine mode
AOD derived from Terra MODIS at 550 nm from December
2001 to December 2010 to discuss the variation of coarse
aerosol (e.g., dust or ocean spray) and fine mode aerosol
(e.g., biomass burning or anthropogenic pollution) over the
SCS. The variation of AOT C is in high agreement with the
measured coarse aerosol particles of Aeronet observatory.
The high-value AOT C occurs in spring. According to the
spatial distribution and the results of this study, China and
the Indochina Peninsula are the probable source regions of
coarse aerosol particles. Besides, the temporal amplitudes of
AOT C modes show that the average amplitude during the
La Niña period is larger.
The significant EOF modes of AOT F indicate that the
high value occurs annually and semiannually. The spatial
distribution of each mode and other studies also evidence that
the biomass burning, respectively, occurs in the Indochina
Peninsula during March and April but occurs from August
to October in Sumatra and Borneo. Besides, the results also
show that the average amplitude of AOT F is larger during
the El Niño period. It can be concluded that the change of
wind direction in the tropical area during the El Niño period
may change the distribution of aerosols.
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Impacts of two-type ENSO (El Niño/Southern Oscillation), canonical ENSO and ENSO Modoki, on rainfall over Taiwan are
investigated by the monthly mean rainfall data accessed from Taiwan Central Weather Bureau. The periods of the two-type ENSO
are distinguished by Niño 3.4 index and ENSO Modoki index (EMI). The rainfall data in variously geographical regions are analyzed
with the values of Niño 3.4 and EMI by correlation method. Results show that the seasonal rainfalls over Taiwan are different
depending on the effects of two-type ENSO. In canonical El Niño episode, the rainfall increases in winter and spring while it
reduces in summer and autumn. On the contrary, the rainfall increases in summer and autumn but reduces in winter and spring in
El Niño Modoki episode. Nevertheless, two types of La Niña cause similar effects on the rainfall over Taiwan. It increases in autumn
only. The rainfall variations in different types of ENSO are mainly caused by the monsoon and topography.

1. Introduction
El Niño and La Niña events are the phenomenon of interannual scale interactions between atmosphere and ocean [1].
During El Niño episodes, lower than normal pressure is over
the eastern tropical Pacific and higher than normal pressure
is over Indonesia and northern Australia. The air-pressure
oscillation swings between east and west getting associated
with the weaker than normal near-surface equatorial easterly
winds. The normal patterns of tropical precipitation and
atmospheric circulation become disrupted. The abnormally
warm waters rise up and aggregate cloudiness to cause
rainfall in the eastern and equatorial central Pacific [2, 3].
Meanwhile, rainfall has diminished over Indonesia, Malaysia,
and northern Australia. Sometimes a totally reversed phenomenon can be observed after El Niño episode, that is, La
Niña episode. The phenomenon caused by the atmospheric
pressure oscillation between the east and west tropical South
Pacific is called El Niño/Southern Oscillation (ENSO) [4].
Recent studies have shown the distinct warming and
cooling patterns different from those of canonical El Niño
events. A warm anomaly arises in the central Pacific whereas
cold anomalies are on both flanks of the basin. The new
phenomenon is of interest to the climate community which is
called El Niño Modoki [5, 6]. It is also known as central Pacific

El Niño [7] or warm pool El Niño [8]. La Niña Modoki is
named as colder central Pacific is flanked by warmer eastern
and western Pacific [9]. Both phenomena are referred to
as ENSO Modoki. Compared to canonical ENSO, ENSO
Modoki has become more prominent in recent times, thereby
changing the teleconnection pattern arising from the tropical
Pacific [10]. The occurrences of anomalous warm water may
cause changes in air pressure, precipitation, and wind field
[7, 11, 12]. The generation mechanism may significantly be
affected by atmospheric forcing rather than by basin-wide
thermocline variations [8, 13].
In response to rainfall variation, ENSO episodes have
been detected in numerous studies. Trenberth and Caron [14]
described the decrease of rainfall over the northeast coast of
Brazil but increase over the southern Brazil and the Indian
Ocean. During the mature period of El Niño, the anticyclone
runs over the East Asia and enhances the rainfall in southern
China [15]. Weng et al. [16] pointed out that El Niño Modoki
and its climate impacts are very different from those of
canonical El Niño. During the El Niño Modoki episode, a
wet region is in the central Pacific where it is dry during
the El Niño episode. An El Niño Modoki may also cause a
shorter and more intense Australian monsoon precipitation
[17]. Cai and Cowan [18] demonstrated that the La Niña
Modoki is effective in causing an autumn rainfall increase
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Figure 1: Points indicate the rain stations over Taiwan used in this
study. The study area is separated into 3 regions: north, west, and
east.

over northwestern Australia rather than over the east as in a
canonical La Niña because convection shifts westward. Feng
and Li [19] also mentioned that the precipitation increases
in spring over the southern China during the canonical El
Niño, while it decreases during the El Niño Modoki. A similar
feature is also found in southwest America. The precipitation
increases in autumn during the canonical El Niño, but it
decreases during the El Niño Modoki [20]. The canonical
ENSO and ENSO Modoki may affect the rainfall in the Pacific
but also telecommunicate to other areas. Somehow, the effects
of two-type ENSO on rainfall over Taiwan are not clearly
analyzed. Thus, it is necessary to document systematically
how they affect Taiwan.

and mountain. Because there is no rain station on the eastern
mountain subarea that we have a total of five subareas for this
study. Table 1 presents the rain stations in each subarea.
Since the rainfall over Taiwan is mostly affected by
monsoon, we ignore the regular season division of four
seasons: spring from March to May, summer from June to
August, autumn from September to November, and winter
from December to February in most previous studies [5,
18, 19, 22, 23]. Instead, we consider monsoon gradually
increases from November to December, while stands in
January and February. Therefore, we divide the rainy periods
with bimonthly as spring rain from March to April, Meiyu
from May to June, summer rain from July to August, autumn
rain from September to October, early winter rain from
November to December, and winter rain from January to
February. This division of rainy season is similar to Wang
et al. [24] classifying the whole year to five periods: spring
rain period (March and April), Meiyu period (May and June),
summer rain period (July, August, and September), autumn
rain period (October and November), and winter rain period
(December, January, and February). Here, we consider the
rainy season classified in more detail. In data process, the
rainfall data in each station is subtracted by its mean value
from 1980 to 2011, as anomaly data. A 3-month running mean
filter is then applied to remove high frequent variability.
To distinguish the years of El Niño, La Niña, El Niño
Modoki, and La Niña Modoki, the Niño 3.4 index and the
El Niño Modoki index (EMI) are applied to this study. A 3month running mean of sea surface temperature anomaly
(SSTA) at the region of 5∘ S–5∘ N, 170∘ W–120∘ W has been
characterized as the Niño 3.4 index. The EMI is the combination of area average of SSTA at regions A (10∘ S–10∘ N,
165∘ E–140∘ W), B (15∘ S–5∘ N, 110∘ W–70∘ W), and C (10∘ S–
20∘ N, 125∘ E–145∘ E), respectively, as shown in Figure 2 and is
defined as [5]
EMI = [SSTA]A − 0.5 × [SSTA]B − 0.5 × [SSTA]C .

2. Materials and Methods
Taiwan is a subtropical island located in the latitudes between
22∘ N and 26∘ N to the southeast of China. The Central
Mountain Range with an average elevation of 2000 m runs
from the north to the south and separates east and west
to two different ecoregions. Yen and Chen [21] pointed out
that the rainfall over Taiwan is mainly dominated by the
seasonal monsoon, northeasterly in winter and southwesterly
in summer, as well as modified by the local topography. To
study the effect of ENSO on rainfall over Taiwan, we accessed
the data from the Data Bank for Atmospheric Research,
Taiwan Typhoon and Flood Research Institute, collected by
Taiwan Central Weather Bureau. The rainfall data span from
1980 to 2011 at 20 stations in Taiwan as shown in Figure 1 has
been employed in this study. Because the topography is very
complicated in Taiwan, the weather stations distribute from
5 m elevation to over than 3000 m. Therefore, rainfall amount
is localized. To avoid the local effect, we grouped the weather
stations and then divided them into six subareas according
to the terrain of Taiwan. The subareas include north, west,
and east regions. Each region is further separated into plain

(1)

The value of Niño 3.4 lager than or equal to 0.45 is
considered as the canonical El Niño episode, while the value
smaller than or equal to −0.45 is considered as the canonical
La Niña episode. The same value is applied to EMI. The
EMI value lager than or equal to 0.45 is considered as
the El Niño Modoki, while smaller than or equal to −0.45
is considered as the La Niña Modoki. We compute the
correlation coefficient between rainfall anomaly and both
ENSO indices. The positive correlation coefficient means
rainfall increasing associates with positive ENSO indices (i.e.,
El Niño event), or the decreasing rainfall associates with
negative ENSO indices (i.e., La Niña event). On the contrary,
the negative correlation coefficient means rainfall decreasing
associates with positive ENSO indices, or rainfall increasing
associates with negative ENSO indices.

3. Results and Discussion
3.1. Influences during Canonical El Niño Episode. Figure 4
shows correlation coefficients between rainfall anomaly and
Niño 3.4 at five subareas in different rainy periods. In spring
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Table 1: Information of rain stations in this study.

Subarea

Plain
North
Mountain

Plain
West

Mountain

East

Plain

Station name
Tamsui
Taipei
Keelung
Yilan
Hsinchu
Anbu
Zhuzihu
Tainan
Hengchun
Kaohsiung
Chiayi
Taichung
Wuqi
Sun Moon Lake
Yushan
Alishan
Dawu
Chenggong
Hualien
Taitung

Height above sea level (m)
19.0
5.3
26.7
7.2
26.9
825.8
607.1
40.8
22.1
2.3
26.9
84.1
31.73
1017.5
3844.8
2413.4
8.1
33.5
16.0
9.0

Latitude
121∘ 26 24 E
121∘ 30 24 E
121∘ 43 56 E
121∘ 44 53 E
121∘ 00 22 E
121∘ 31 12 E
121∘ 32 11 E
120∘ 12 17 E
120∘ 44 17 E
120∘ 18 29 E
120∘ 25 28 E
120∘ 40 33 E
120∘ 30 54 E
120∘ 54 29 E
120∘ 57 06 E
120∘ 48 18 E
120∘ 53 44 E
121∘ 21 55 E
121∘ 36 18 E
121∘ 08 48 E

Longitude
25∘ 09 56 N
25∘ 02 23 N
25∘ 08 05 N
24∘ 45 56 N
24∘ 49 48 N
25∘ 11 11 N
25∘ 09 54 N
22∘ 59 36 N
22∘ 00 20 N
22∘ 34 04 N
23∘ 29 52 N
24∘ 08 51 N
24∘ 15 31 N
23∘ 52 53 N
23∘ 29 21 N
23∘ 30 37 N
22∘ 21 27 N
23∘ 05 57 N
23∘ 58 37 N
22∘ 45 15 N

40∘ N
30∘ N
20∘ N
10∘ N

Region C
Region A
Region B

0∘
10∘ S
20∘ S
30∘ S
40∘ S

120∘ E 130∘ E 140∘ E 150∘ E 160∘ E 170∘ E 180∘ W 170∘ W 160∘ W 150∘ W 140∘ W 130∘ W 120∘ W 110∘ W 100∘ W 90∘ W 80∘ W 70∘ W 60∘ W

Figure 2: The regions for the definition of EMI.

rain period, one can see that correlation coefficients at all
subareas are positive and higher than 0.7 during the canonical
El Niño episode. Furthermore, the maximum correlation
coefficient can be reached to 0.91 at western mountain
subarea. The result is similar to that of Feng and Li [19] that
the canonical El Niño enhances spring rainfall in Taiwan area.
Meiyu period, mostly cloudy to rainy, happens in May and
June in Taiwan. The equilibrium strength forms a stationary
front between the continental cold air mass and the Pacific
warm air mass in southern China, Taiwan, and the Okinawa
region. Low pressure disturbances often take place in these
areas and bring abundant rainfall in Taiwan. In Figure 3, one

can see that correlation coefficients at all subareas are positive
and higher than 0.5. We consider the effects of Taiwan
topography on this convective line intercept rainfall and
enhance subsequent rainfall at western mountain subarea.
For summer rain period, the correlation coefficients are
not significant at all subareas except for the eastern plain
with the correlation coefficient of −0.62. Since the summer
rain in Taiwan is mainly affected by southwesterly monsoon
and typhoon, the leeward side of monsoon, eastern plain,
apparently has less rainfall related to the Niño 3.4 index. Less
typhoon attacks Taiwan in El Niño episode also need to be
considered.

Spring
Meiyu
Summer

Eastern plain

Western mountain

Western plain

1
0.8
0.6
0.4
0.2
0
−0.2
−0.4
−0.6
−0.8
−1

Northern mountain
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Autumn
Early winter
Winter

Figure 3: Correlation coefficients between rainfall anomaly and
Niño 3.4 at five subareas during canonical El Niño episode.

In general, autumn climate resembles the early winter
in northern Taiwan. During autumn and early winter, the
rainfall is negative correlation with the intensity of El Niño
at all subareas. However, only north area is significant where
the correlation coefficient is −0.48 at plain subarea and −0.40
at mountain subarea in autumn rain period as well as −0.52
and −0.46 at plain and mountain subareas, respectively, in
early winter rain period. The negative correlation coefficient
displayed the negative relation between El Niño 3.4 index
and rainfall anomaly. The intensity of El Niño enhances but
rainfall diminishes more than others. Zhang et al. [25] noted
the formation of time and location of the anticyclone near
the Philippine Sea may affect the autumn rainfall over South
China. The concept has the same idea by coincidence as Wang
et al. [26] proposed that the canonical El Niño event may
weaken the winter monsoon in East Asia, which responds to
the graph shown in the early winter.
As shown in Figure 3, the winter rain period has positive
correlation coefficients between rainfall anomaly and Niño
3.4 index at all subareas, especially in west region. At the
moment, west region has been less affected by monsoon but
more by the convergent cyclone. The correlation coefficient of
0.74 in the western plain during the El Niño episode displays
the influence of El Niño starts from winter and then matures
in the coming spring and summer.
To further explain possible processes of changing the
rainfall, the wind field anomaly over the western Pacific
associated with canonical El Niño is shown in Figure 4 which
is sketched based on Figure 9 in Feng and Li [19]. During the
canonical El Niño episodes, the warming sea surface water in
the eastern Pacific results in asymmetric cyclonic anomalies
on both sides of equator, with strong equatorial westerly
anomalies. The southwesterly strengthens the moist transport
to Taiwan from the South China Sea (SCS) and enhances the
rainfalls in winter, spring, and Meiyu periods.
3.2. Influences during El Niño Modoki Episode. Figure 5
demonstrates correlation coefficients between rainfall anomaly and EMI at five subareas at six rain periods. Different

from the canonical El Niño, El Niño Modoki is associated
with strong anomalous warming in the central tropical Pacific
and cooling in the eastern and western tropical Pacific.
Associated with this distinct warming and cooling patterns,
the teleconnections are very different from the canonical El
Niño episode.
At the formation of El Niño Modoki, the Walker Circulation runs over the tropical Pacific and converges in East Asia.
The relative cold sea surface temperature produces higher
air pressure, and down-welling air produces sunny and less
rainfall.
The influences of El Niño Modoki on rainfall in early
winter and winter are similar to that in spring. In winter and
spring periods, the negative correlation coefficients of rainfall
anomaly and EMI index display the results of dry periods by
the maximum correlation coefficient of −0.67 at western plain
subarea.
For Meiyu, summer, and autumn rain periods, all correlation coefficients are positive and significant (higher than 0.5)
except for the eastern plain. The results indicate that Meiyu,
summer, and autumn rainfall increase in most of Taiwan
during El Niño Modoki episodes, which happens to agree
completely with the interpretation of C. Wang and X. Wang
[23] that strong southwesterly caused by the anticyclone near
the Philippine Sea brings entrained water vapor and enhances
the rainfall in Taiwan during El Niño Modoki episodes.
Figure 6 is sketched based on Figure 9 in Feng and Li
[19] showing the anomalous wind pattern over the western
Pacific associated with El Nino Modoki. The northeasterly
reduces moist transportation to Taiwan from SCS, resulting
in suppressed rainfall from early winter to spring.
3.3. Influences during Canonical La Niña Episode. La Niña
episode is characterized by anomalous cool water in the
central-west equatorial Pacific with the negative Niño 3.4
index. It changes the intensity and distribution of rainfall, the
patterns of sea level pressure and atmosphere circulation. La
Niña episode displays considerable event-to-event variability
and the overall effects tend to be less predictable than those
for El Niño episodes.
In Figure 7, one can find that the rainfall over Taiwan is
affected less obviously by La Niña episodes. Owing to the fact
that the correlation coefficient displays the relations between
rainfall anomaly and Niño 3.4 index, the positive index
indicates less rainfall; however, the negative indicates more
rainfall. The rainfall effects by La Niña seem not obvious,
except for the summer rain period at northern mountain
and autumn rain period at north and east regions. Less
summer rainfall at northern mountain subarea is in response
to the colder sea surface temperature and less typhoon which
brings the major rainfall in Taiwan. Apparently, the summer
rainfall brought by typhoon decreases in the windward side
at northern mountain subarea; likewise, the rainfall increases
in autumn with the coming of stronger northeast monsoon at
north and east regions.
3.4. Influences during La Niña Modoki Episode. During La
Niña Modoki episode, a cold anomaly arises in the central
Pacific flanked by warmer anomalies on both sides of the
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Figure 4: Anomalous patterns of wind vector over the Western Pacific during canonical El Nino episodes. The red arrow indicates the wind
direction near Taiwan (sketched based on Feng and Li [19]).
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Figure 5: Correlation coefficients between rainfall anomaly and EMI at five subareas during El Niño Modoki episode.
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Figure 6: Anomalous patterns of wind vector over the Western Pacific during El Nino Modoki episode. The red arrow indicates the wind
direction near Taiwan (sketched based on Feng and Li [19]).
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4. Conclusions
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Figure 7: Correlation coefficients between rainfall anomaly and
Niño 3.4 at five subareas during canonical La Niña episode.
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Intertropical Convergent Zone (ITCZ). Previous studies have
documented that the rainfall in equatorial regions depends
on the presence of the ITCZ. A small variation in the position
of the ITCZ can have a major effect on rainfall in certain
regions [27, 28]. Dai and Wigley [29] used empirical orthogonal function analysis and showed patterns of ENSO induced
precipitation. From the amplitude of principal component
of precipitation in their study, one can find that there is no
big change in both canonical La Niña and La Niña Modoki
episodes. Somehow, Yuan and Yan [30] indicated that the
changes of sea surface temperature of the two types of La Niña
are not obvious. Compared to both, the atmosphere is more
active during La Niña Modoki than that in canonical La Niña,
which makes the correlation coefficient display apparently.

Autumn
Early winter
Winter

Figure 8: Correlation coefficients between rainfall anomaly and
EMI at five subareas during La Niña Modoki episode.

basin. The air rises up in both sides of Pacific and sinks in
the middle of Pacific, which makes the East Asia locates in a
more rainfall condition. However, it is not the case shown in
Taiwan.
In Figure 8, the positive correlation coefficient (higher
than 0.5) suggests that the rainfall decreases significantly
in spring at west and east Taiwan during La Niña Modoki
episodes. A similar phenomenon can be also found in
summer rain especially at western plain and eastern plain
subareas.
For Meiyu period, obvious relationship is only at northern
mountain with the correlation coefficient of 0.61. Positive
correlation coefficient means Meiyu decreasing during La
Niña Modoki. In autumn rain period, significant negative
correlation coefficients point out the rainfall increases at
north and east regions, which are possibly influenced by the
windward side of monsoon.
The rainfall during La Niña Modoki episode mostly
looks descending. This is possibly affected by the shift of

This study focuses on the influences of rainfall over Taiwan
during two-type ENSO episodes. The rainfall data at 20
stations in Taiwan from 1980 to 2011 are used in this study.
According to the geomorphology of Taiwan, we divide the
study area into north, west, and east regions and further
separate each region into plain and mountain subareas. The
rainfall periods are separated by bimonthly and are defined
as spring rain period (March and April), Meiyu period
(May and June), summer rain period (July and August),
autumn rain period (September and October), early winter
rain period (November and December), and winter rain
period (January and February). We also apply Nino 3.4
index and EMI to differentiate between canonical ENSO and
ENSO Modoki episodes. The different patterns of rainfall
distribution are associated with differences in regional sea
surface temperature anomalies, regional circulation, and the
patterns of ascending or descending air associated with
Walker circulation over this region.
The major findings in this study are summarized as
follows.
(1) The rainfall increases in Taiwan in northeast monsoon and Meiyu seasons during the canonical El Niño
and the almost opposite feature occurs during the El
Niño Modoki but its influence is less than that in
canonical El Niño.
(2) The influence of canonical La Niña on rainfall is
not obvious in Taiwan, except for autumn when the
rainfall increases. A similar phenomenon is found
during La Niña Modoki.
(3) The impacts of canonical La Niña and ENSO Modoki
enhance rainfall obviously in autumn, while the
impacts of ENSO Modoki dominate the rainfall in
summer period.
(4) Relative to the two-type ENSO, canonical El Niño
event affects rainfall over Taiwan predominately.
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