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In this study, we use several methods including the minimum cross entropy, wavelet transform coherence
method, and the Mann-Kendall test to study the changes in the frequency of precipitation extremes and their
contributions to total precipitation at different extreme percentile thresholds (90th percentile, 95th percentile,
and 99th percentile) in the Beijing metropolitan area. Overall, the spatial distribution of the extreme precipitation thresholds is consistent with that of total precipitation, with the highest distribution appearing in the
northeast part of the study area and the lowest distribution appearing in the west. The extreme precipitation
events with high-percentile thresholds have more spatial and temporal variability than those at the low-percentile thresholds. We consider two types of indices representing frequency of extremes and their contributions
to total precipitation. The frequency indices show similar spatial and temporal trends relative to the total precipitation than the contribution ratio indices. Additionally, the possible impacts of global climate indices, urban
expansion and topography on the change in precipitation extremes are also considered. The weakening Eastern
Asian monsoon (EAM) since 1970s has significantly influenced the change in contribution from indices of extreme precipitation over Beijing. The changes in precipitation extremes are also influenced by rapid urban
expansion and topography, especially in spatial changes, with the higher values appearing in the urban and plain
areas. In the context of global climate change and rapid urbanization, greater challenges in urban flooding and
safety are caused by the changes in precipitation extremes.

1. Introduction
There is a broad recognition that global climate is changing over
history, not only generally referring to global warming, but also extreme events, which are projected to increase in intensity and magnitude (Janssen et al., 2016; Kunkel et al., 2012; Pakalidou and Karacosta,
2018). Generally, extreme events have a large potential to cause significant damage to agriculture, ecology, and infrastructure, as well as
disrupt economic activities and lead to the loss of human life. As a
result, their characteristics and any change or trend thereof have attracted a great deal of attention (Allan and Soden, 2008; Cheng et al.,
2014; Easterling et al., 2000; Hao et al., 2013; Lenderink and Van
Meijgaard, 2008; Liang and Ding, 2017; Min et al., 2011; Yang and
Smith, 2018; Zhai et al., 2005). In recently years, many extreme

precipitation events have taken place around the world, and they have
caused serious impacts on the human society and ecological environment (Wu and Lau, 2016). For example, in 2017 alone, the United
States experienced four major flooding events from extreme precipitation, resulting in 211 deaths and over 180 billion dollars in damages
(Touma et al., 2018). Understanding the spatial characteristics of these
extreme precipitation events is important not only because of their
considerable social impacts, but also because these characteristics have
been changing in recent decades as atmospheric temperatures increase
(Touma et al., 2018). Therefore, numerous studies have investigated
the trends and variability of precipitation extremes around the world or
in the special regions (Cavalcanti, 2012; Goswami et al., 2018; Sun
et al., 2016; Tabari and Willems, 2018; Thapa et al., 2018; Tong et al.,
2019; Wibig and Piotrowski, 2018; Xie et al., 2018; Zarekarizi et al.,
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2018).
Extreme precipitation events often pose more complex short-term
challenges than analyzing annual or seasonal precipitation amount and
variability (AghaKouchak, 2014; Gao et al., 2016). For instance, nonstationary patterns have been observed in many climate records,
especially in the second half of the 20th century (AghaKouchak et al.,
2011; Cheng and AghaKouchak, 2014). Yet the trend of those extreme
events is too complex to offer a clear picture (Alexander et al., 2006;
Donat et al., 2016; Frich et al., 2002). For example, since approximately
the 1950s, while more in-land areas in the world (e.g., North and
Central America, southern Europe, East Asia, and Mediterranean region) have witnessed an increasing number of heavy or extreme precipitation events(Zolina et al., 2014), other areas (e.g., North China,
Australia, eastern Germany) have seen the opposite (Han et al., 2015;
Zhai et al., 2005). Even at smaller spatial scales, substantial heterogeneity in extreme precipitation distribution and their trend is evident;
largely due to complex climate dynamics and their interaction with
many other factors, including human activities, land-use change, and
urbanization, as observed by Feng et al. (2014) in the case of China. A
series of related studies also revealed the dramatic contrasts in extreme
precipitation trends in different parts of the country: While an increasing trend has been found in the Yangtze River basin, southeastern
and northwestern China as well as the southern and northern Tibetan
Plateau; the Yellow River basin, northern China, and the central Tibetan Plateau observe reducing occurrences (Chen and Zhai, 2013;
Damberg and AghaKouchak, 2014; Dong et al., 2011; Gao et al., 2018;
Gao et al., 2017; Wang et al., 2008b; Wang and Zhou, 2005; Yao et al.,
2010; Zheng et al., 2006; Zhou and Lei, 2018).
Climate change can exert profound stresses on urban environments,
which are sensitive to extreme meteorological events (Ali and Mishra,
2018; Georgescu et al., 2014) because urban areas are centers of
wealth, human population and built infrastructure (Willems, 2013).
Generally, urban areas are considered by some to be “first responders”
to climate change (Rosenzweig et al., 2010), and are the fundamental
units for climate change mitigation and adaptation (Georgescu et al.,
2014), with increasing flooding risk (Hallegatte et al., 2013). It is of
great value and necessity to investigate the changes of precipitation
extremes (e.g., intensity, frequency) and their possible variations associated with climate change's impacts, particularly in metropolitan
areas. Additionally, through this investigation, one gains an enhanced
understanding of extreme precipitation processes and possible anthropogenic or natural causes of change. In the recent past, extreme precipitation events, which cause disproportionate damage to urban
transportation system and pose challenges to urban stormwater drainage systems (Mishra et al., 2012), have affected many large urban
areas including Beijing (2012), Bangkok (2011), Brisbane (2011),
Guangzhou (2007), Mumbai (2005) and Washington DC (2005). For
example, the Beijing metropolitan area is socio-economically vulnerable to extreme precipitation events and associated flooding due to
global climate change and intense human activity, as observed during
the event of July 21, 2012 (Zhao et al., 2014a; Zhao et al., 2013).
Therefore, the changes in extreme events in urban areas have become a
hotspot issue for hydrologists and meteorologists. For example,
Kishtawal et al. (2010) found that increase in trend of extreme precipitation was significantly higher in urban than in rural areas by
analyzing in situ and satellite-based precipitation and population datasets. Ali et al. (2014) examined changes in extreme precipitation over
57 major urban areas in India under the observed (1901–2010) and
projected future climate (2010–2060). Pingale et al. (2014) analyzed
the trends in extreme annual daily precipitation for 1971–2005 in 33
urban areas in Rajasthan arid and semi-arid regions of India and found
negative trends in annual rainfall and extreme annual daily precipitation in most of the cities. Mishra et al. (2015) discussed the climate
extremes including temperature and precipitation extremes, using observed station data for 217 urban areas across the globe during the
period of 1973–2012. They found that significant increases in the

frequency of daily precipitation extreme and in annual maximum precipitation only occurred at smaller fractions (17% and 10% respectively) of the total urban areas. Li et al. (2015) discussed the changes of
precipitation and extremes based on daily precipitation at 15 stations in
Beijing with the homogenization method. Zhang et al. (2015) addressed
the precipitation frequency under nonstationary conditions based on
the 12 stations in Beijing-Tianjin-Hebei region of China. Siswanto et al.
(2016) emphasized that the extreme precipitation in Jakarta exhibited a
positive trend over the 1866–2010 period with an even stronger trend
over the period of 1961–2010 based on long-term observed records.
Zhou et al. (2017) noted that the extreme precipitation for all the cities
in Jing-Jin-Ji (Beijing-Tianjin-Hebei) City Cluster had a decreasing
trend while an increasing trend in the Yangtze City Cluster by analyzing
the trends in extreme precipitation in 146 cities in China during
1960–2014. Liang and Ding (2017) found that extreme hourly precipitation events had a significantly increasing trend during the period
of 1916–2014, and the urbanization in Shanghai contributed greatly to
the increase in both frequency and intensity of extreme precipitation.
Thus, especially in urban areas, it is very important to understand how
and why precipitation extremes have changed in the past as well as how
they will change in the future. Another problem is how changes in
precipitation extremes can affect urban flooding and urban water security management.
To extend the many existing studies in this field, this work focuses
on examining spatial and temporal changes in precipitation extremes in
Beijing and attempts to provide a more comprehensive picture of extreme precipitation events in the region. Toward this end, we use highquality daily data from a relatively dense rain-gauge network in Beijing
during 1960–2012. Additionally, this study aims to analyze the frequency and magnitude of extreme precipitation events, both temporally
and spatially, and attempts to discuss the possible causes and implications for urban flooding. The paper is organized as follows: We describe
the data and methods in section 2, including detailed descriptions of the
sources of daily data, definitions of the indices and analysis methods.
Results are presented in section 3. We also offer some discussion of the
results in section 3 followed by conclusions in section 4.
2. Data and methods
2.1. Study area and data set
2.1.1. Brief description of the study area
Beijing, located in the North China Plain, is one of the most populous cities in the world (Fig. 1). The main city lies on flat land surrounded by mountains from the southwest to the northeast. Beijing has
a monsoon-driven humid continental climate, characterized by hot
humid summers and cold dry winters (Song et al., 2014). Generally,
Beijing belongs to a sub-humid and sub-arid region, with a mean annual
precipitation around 600 mm. However, since 2000, the annual precipitation has significantly decreased to < 500 mm (Song et al., 2014),
while extreme precipitation events have been widely reported with
abominable effects on human activities and the economy of the region.
As a result, we selected the Beijing metropolitan area as the study area.
2.1.2. Precipitation data
The main dataset for this study is daily precipitation records collected from 60 rain-gauge stations located in the study area (Fig. 1) and
covering 1960–2012. These records are mainly supplied by the Beijing
Hydrological Center (BHC) of the Beijing Water Authority with some
exceptions extracted from the Annual Hydrological Report: Hydrological
Data of Haihe River Basin. All data has been subjected to vigorous
quality-control procedures before being released. The rain-gauged stations have a reasonably good spatial coverage and hence can be used to
reveal the regional variability of extreme precipitation.
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Fig. 1. The locations of the rain-gauge stations over the study area. The study area was divided into six sub-regions, including UA (urban area), ISAS (inner suburb
area in the south), ISAN (inner suburb area in the north), OSA (outer suburb area), NWMA (northwestern mountain area), SWMA (southwestern mountain area). Red
speckles represent the construction land areas in 2010 with the spatial resolution of 1km*1km.
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threshold values (R90pD, R95pD, and R99pD) and contribution ratios
for three thresholds (R90pR, R95pR, and R99pR), as shown in Table 1.

2.1.3. Global climate indices
Several climate indices related to precipitation extremes are included in this study. In this work, the SOI (Southern Oscillation Index)
and MEI (Multivariate ENSO Index) were used to discuss the ENSO (El
Niño-Southern Oscillation) phenomenon. Generally, the negative values of SOI (known as El Niño episodes) are usually accompanied by a
reduction in rainfall over eastern China (Fu et al., 2013), and positive
values of the SOI (Tedeschi et al., 2016) are associated with wetter in
eastern China than in normal year. The SOI indices during 1960–2012
were extracted from the Bureau of Meteorology of Australia (http://
www.bom.gov.au/climate/current/soi2.shtml). The MEI indices during
1960–2012 were extracted from the National Oceanic and Atmospheric
Administration (NOAA).
Another index used in this study is PDO (Pacific Decadal
Oscillation), the leading principal component of monthly sea surface
temperature anomalies in the North Pacific Ocean poleward of 20°N.
The PDO is most frequently referred to as a long-lived ENSO-like pattern of Pacific climate variability, which might influence precipitation
variation over China. The values of PDO index used here are also taken
from NOAA covering a period of 1960–2012.

2.2.2. Minimum cross entropy for change detection
In this study, we first evaluate changes in the distribution function
of precipitation extremes (and indicators representing extremes discussed below) using the concept of minimum cross entropy
(AghaKouchak, 2014; Singh, 2011). The principle of entropy is a
powerful tool, widely used in different fields (Cui and Singh, 2017; Hao
and Singh, 2012; Mishra et al., 2009; Sang et al., 2018). Minimum cross
entropy is fundamental to information theory and is the basis for the
Kullback–Leibler (KL) test (Kullback and Leibler, 1951) used to evaluate
the divergence of two distributions from each other. Previous studies
argue that the Kullback–Leibler test, also referred to as relative entropy,
can be employed to detect changes in hydrologic time series
(AghaKouchak, 2014). Here, the Kullback–Leibler test is used to measure changes in the statistics of extremes from 1981 to 2012 relative to
the baseline of 1960–1980. The test reveals whether the distributions of
precipitation extremes are different at a certain statistical significance
level (here, α = 0.05 significance level, representing 95% confidence).
Let's assume that the two different cumulative distribution functions
of H and G represent the distribution functions of two extreme indicators (e.g., precipitation exceeding a certain threshold for two different periods). The Kullback-Leibler divergence (KL) can be expressed
as:

2.1.4. East Asian monsoon indices
While extreme precipitation events may well be teleconnected with
pronounced ocean circulation anomalies, such as ENSO, it is worth
investigating another closer link, the East Asian Monsoon (EAM). China
is primarily affected by the EAM, which is divided into a warm and wet
summer monsoon and a cold and dry winter monsoon (Ding, 1994). The
EAM is characterized by strong northerly winds from the cold-core
Siberia-Mongolia High in the winter and southerly winds with warm
and moist air masses from the South China Sea and the Bay of Bengal in
the summer. Several methods have been developed that aim to measure
EAM intensity (Li and Zeng, 2002; Wang et al., 2008a; Wu et al., 2008).
In this study, the East Asian summer monsoon index (EASMI) suggested
by Li and Zeng (2002) was used. The dataset was downloaded from
http://ljp.gcess.cn/dct/page/65577.

KL (h, g ) = Eh log

h (x )
g (x )

(1)

where, h and g, denote the density functions of H and G, respectively. H
and G can be any indicator or data set with a distribution function. In
Eq. 1, x is the indicator variable (in this study, precipitation extremes)
and Eh represents the expectation over the density function h. Having
discrete probability distribution functions described as h = {h1, …, hn}
and g = {g1, …, gn}, the Kullback-Leibler divergence can be expressed
as:
n

hi log

hi
gi

2.2. Methods

KL (h, g ) =

2.2.1. Extreme precipitation indices
Following Bonsal et al. (2001) and Wang et al. (2014), we define
extreme precipitation events as those that exceed certain threshold
percentiles of effective daily precipitation (≥ 0.1 mm). In our analysis,
three percentiles—90% (R90pT), 95% (R95pT), and 99%
(R90pT)—were chosen as the thresholds for extreme daily precipitation
analyses. A threshold is defined in terms of a fixed percentile of the
daily rainfall amount series for each station, considering only days with
non-zero rainfall, i.e., daily precipitation not < 0.1 mm.
Additionally, the frequency and contribution ratios were also used
to describe the number of days in which the daily rainfall amount exceeds a threshold and the ratio of the corresponding extreme precipitation to the annual total precipitation. Hence, in total, six extreme
precipitation indices were used, i.e. frequency indices for three

where n denotes the sample size. Statistical hypothesis testing can be
used to test the significance of the test. Here, the null hypothesis that
the two distributions are statistically similar at α = 0.05 significance
level will be tested in 1981–2012 relative to 1961–1980.

i

(2)

2.2.3. Trends, correlations and heterogeneity analysis
The nonparametric Mann-Kendall test (Kendall, 1975; Mann, 1945)
is also applied to identify the trend of all six indices. The main consideration of choosing the Mann-Kendall test is its non-parametric
nature that assumes no particular underlying distributions (Ahmad
et al., 2018; Pakalidou and Karacosta, 2018; Wang et al., 2017). A
significance level α = 0.05 was used in the test. The detailed information for the Mann-Kendall test is available in Mann (1945),
Kendall (1975) and Song et al. (2014).

Table 1
List of the thresholds and extreme precipitation indices used in this study.
Acronym

Description

Unit

R90pT
R95pT
R99pT
R90pD
R95pD
R99pD
R90pR
R95pR
R99pR

Threshold value in the 90th percentile of daily precipitation series
Threshold value in the 95th percentile of daily precipitation series
Threshold value in the 99th percentile of daily precipitation series
Number of days with precipitation exceeding the threshold of the 90th percentile
Number of days with precipitation exceeding the threshold of the 95th percentile
Number of days with precipitation exceeding the threshold of the 99th percentile
Ratio of extreme precipitation exceeding the 90th percentile to annual precipitation
Ratio of extreme precipitation exceeding the 95th percentile to annual precipitation
Ratio of extreme precipitation exceeding the 99th percentile to annual precipitation

mm
mm
mm
days
days
days
–
–
–
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The Pearson's correlation coefficient was used to explore the relationship between the extreme precipitation indices (variable X) and
the climate indices (variable Y):

r=

(X
(X

X )(Y
X )2

pattern, the precipitation amounts and the thresholds from rain gauges
were interpolated using the ordinary Kriging method. Fig. 2a shows a
clear spatial trend for the total precipitation over Beijing with amounts
increasing from the west to the east, and the largest amount appearing
in the northeastern part of Beijing. Overall, the thresholds have a very
similar spatial pattern, with a more apparent west-east variation pattern (Fig. 2b-d). They also vary from region to region, with the western
mountainous areas having the lowest thresholds and the eastern plains
area the largest. The R90pT, R95pT, and R99pT range from
18.2–29.4 mm (Fig. 2b), 25.8–43.8 mm (Fig. 2c), and 47.5–90.2 mm
(Fig. 2d), respectively. According to the Chinese categorical classification of daily rainfall amounts (as shown in Table S1), R90pT rainfall
events were found to be moderate (10–24.9 mm/day), except for the
northeastern and southwestern areas. On the other hand, the R95pT
and R99pT rainfall events are classified as “heavy rain”, and “rainstorm”, respectively.
For the same thresholds, the spatial patterns of the frequency of
extreme precipitation and their contribution ratios are presented in
Fig. 3 after interpolation using the same technique. Overall, the spatial
patterns of frequency are similar to that of total precipitation and the
extreme thresholds, indicating more extreme events in the northeastern
part. However, the spatial distributions of the frequency (e.g., R90pD,
R95pD, and R99pD) do not necessarily match those of the high
thresholds shown in Fig. 2. For example, the lowest value of R90pD is in
the southeastern part of Beijing, not in the western mountainous area,
as commonly believed. The highest value of R99pD is in the southwestern region near the Zhangfang station and in the northeastern region near the Xiahui station (Fig. 3c). Fig. 3 also provides the spatial
pattern of the contribution ratio of extreme precipitation to the annual
total precipitation amount. We found that the highest values of R90pR
and R95pR are in the edge zones between the mountainous area and the
plains area with zonal distribution (Fig. 3d-e). The largest value of
R99pR occurs at the Fangshan and Zhangfang stations in the Fangshan
district, which is known to have a high risk of flooding (Zhang et al.,
2013). This indicates that one extreme event (Thiombiano et al., 2017)
can contribute to 13%–14% of the annual total precipitation (see
Fig. 3f) and lead to high flood risk.

Y)
(Y

Y )2

(3)

where X and Y are the mean of X and Y, respectively. The statistical
significance of the correlation coefficient was calculated using the
Student's t-test (two-tailed test of the Student t distribution) at a significance level of α = 0.05.
In order to reveal the geographical heterogeneity of the extreme
precipitation indices, we followed Choi et al. (2014) and Ghosh et al.
(2012) and calculated the spatial standard deviation and spatial
skewness of extreme precipitation indices. To measure the deviation of
the extreme precipitation index values from the mean across space, we
calculated the standard deviation and skewness of each index across the
area for each year. Higher values indicate a larger deviation across the
area from the mean, and lower values indicate a smaller deviation.
Positive skewness indicates that the data are spread out to the right of
the mean and negative to the left. The skewness of a perfectly symmetric distribution is zero.
2.2.4. Wavelet transform coherence methods
Wavelet analysis allows one to determine dominant modes of
variability and the change of those modes of time series. Traditional
mathematical methods, such as Fourier transform, examine the periodicity of phenomena by assuming they are stationary in time. Wavelet
analysis, however, decomposes time series into a time-frequency space
and thus is able to extract localized intermittent periodicities. It is
therefore particular useful in analyzing non-stationary time series. In
this study, we make use of the wavelet transform coherence (WTC)
method to analyze the coherence and phase lag between two time series
as a function of both time and frequency (Grinsted et al., 2004;
Jevrejeva et al., 2003; Soon et al., 2014).
Following Torrence and Webster (1999) for analysis of the covariance of two time series, the cross-wavelet spectrum of two time series X
(e.g. extreme precipitation indices in this study) and Y (e.g. climate
indices used in this study) with wavelet transforms WX and WY as

WXY (s, t ) = WX (s, t ) WY (s, t )

3.2. Temporal trend of extreme precipitation indices

(4)

Time series of extreme precipitation indices (Fig. 4) indicate that
temporal variations of extreme precipitation in Beijing had both interannual and inter-decadal variability. The changes in the frequency indices (R90pD, R95pD and R99pD) during 1960–2012 are showed in
Fig. 4a, Fig. 4b and Fig. 4c, respectively. The results show that the
R90pD varies from a low of 2.7 days in 1980 to a high of 9.5 days in
1969, with a mean of 5.9 days. Similarly, the R95pD ranges from 1 day
(1980) to 5.4 days (1969) with a mean of 3 days, and the R99pD ranges
from 0.1 day to 1.5 days with a mean of 0.6 day during the 1960–2012
period. For the contribution ratio indices (Fig. 4d-f), the highest values
of precipitation extremes were 66.50% and 51.04% in 1994 for R90pR
and R95pR and 29.41% in 1963 for R99pR, respectively. The lowest
values were 26.57% and 13.30% in 1980 for R90pR and R95pR, and
1.23% in 2010 for R99pR, respectively. The five-year moving-average
curves for extreme precipitation indices emphasize the inter-annual and
inter-decadal variability and the time series of these six indices show
diverse temporal variations, as displayed in Fig. 4. Note that higherpercentile indices often have larger variations. In addition, the signature of several major climate conditions, including severe droughts, is
evident in the time series. For example, during the 12-year drought
from 1999 to 2010 there were remarkably fewer extreme rainfall
events. In contrast, 2012 was a wet year and the results show a high
frequency and contribution rate for extreme thresholds. The inter-annual variability of precipitation extreme indices is somewhat similar to
that of the annual precipitation reported in Song et al. (2014).
Fig. 4 also shows that all six indices exhibit a decreasing trend

where * denotes complex conjugation. And the cross-wavelet power is
|WXY(s, t)|. The phase angle of WXY describes the phase relationship
between X and Y in time-frequency space.
Additionally, the wavelet coherence is another measure of the intensity of the covariance of the two series in time-frequency space,
which is defined as

R2 (s, t ) =

S (f

|S (f 1 WXY (s, t ))|2
(s, t )) S (f 1 WY (s, t ))

1W
X

(5)
−1

where S is smoothing operator in both time and scale. The factor f is
used to convert to an energy density. The statistical significance level
(α = 0.05) of the wavelet coherence against back-ground red noise was
estimated using Monte Carlo sampling. The detailed information about
it can be referred to the work of Jevrejeva et al. (2003) and Torrence
and Webster (1999). The MATLAB wavelet coherence package used
here can be downloaded from http://www.glaciology.net/waveletcoherence.
3. Results and discussion
3.1. Spatial pattern of extreme precipitation indices
For illustrative purposes, Fig. 2 portrays the spatial distribution of
the chosen percentile values (the thresholds) and the annual total
precipitation averaged over time. To better visualize the overall spatial
138
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Fig. 2. The spatial distribution of annual mean precipitation (a) and extreme precipitation thresholds in Beijing during 1960–2012 at: (b) the 90th percentile, (c) the
95th percentile, and (d) the 99th percentile, respectively.

during the last 50 years. The regional R90pD and R95pD indices show a
stronger decreasing trend of −0.15 day per decade in the 1960–2012
period, while R99pD has a slope of −0.07 day per decade during the
same period. For the contribution ratio indices, the decline magnitudes
are 2%, 2%, and 1% per decade for R90pR, R95pR and R99pR, respectively. Overall, the declining trend of all six indices becomes
stronger when the threshold percentiles vary from the 90th percentile
to the 99th percentile. Feng et al. (2007) and Fu et al. (2013) showed
that the 1960s were the wettest period for northern China, resulting in a

general decreasing trend and serious water crisis in the region. Additionally, the Mann-Kendall test was also used to detect the trend of all
the six indices, as shown in Fig. 5. Overall, all the six indices showed a
negative trend since 1980s, especially during the second half of the
2000s, with a statistically significant trend at a level of α = 0.05. From
Fig. 5, we can also detect an abrupt point for these indices. The changing point occurs in the middle and late-1990s for the frequency indices, while it appears in 1980 for the contribution ratio indices, except
for R99pR which has more than one change point.
139
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Fig. 3. The spatial variation of the frequency (R90pD, R95pD and R99pD) and contribution ratio (R90pR, R95pR and R99pR) of extreme precipitation at the different
threshold percentiles (the 90th, 95th and 99th percentiles).

The results of the Mann-Kendall test for each station are shown in
Fig. 6. For R90pD, most stations (50) do not show any significant
trends. Trends are significant for 10 stations at the 95% confidence
level (Fig. 6a). While for R90pR, there are 10 stations with a statistically significant decreasing trend and 7 stations with a statistically
significant increasing trend at the α = 0.05 level (Fig. 6d). Regarding to
the R95pD (Fig. 6b) and R95pR (Fig. 6e), there are nine and eight
stations with a statistically significant positive trend, respectively. For

the same indices, 5 and 11 stations show a statistically significant negative trend. From Fig. 6c and f, we can see that only one station shows
a significant decline trend for the R99pD. For R99pR, one station shows
a significant increasing trend and three stations show a statistically
significant decreasing trend. Overall, increasing trends for the extreme
precipitation indices mostly occurred in urban areas and the southern
part of the Beijing plain area.
In order to detect whether the extreme precipitation indices show
140
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Fig. 5. The time series of the Mann-Kendall trend test for all extreme precipitation indices.

significant change between the different periods (1960–1980 and
1981–2012), we also perform change detection analysis using the entropy-based approach explained in Section 2.2.2. Fig. 7 shows the
Kullback-Leibler (KL) divergence test results for extreme precipitation
indices for each station during the two periods (1960–1980 and
1981–2012). The results show that most of the stations (46 stations,
76.67%) for the R90pD and the R95pD, 31 (51.67%) for the R99pD, 48

(80%) for the R90pR, 50 (83.33%) for the R95pR and the R99pR) show
a significant change at α = 0.05 significance level in 1981–2012 relative to 1960–1980. For the frequency indices, almost half of the stations (e.g. 31, 34 and 27 for the R90pD, R95pD and R99pD, respectively) show a significantly decreasing trend between the two periods
(Fig. 7a-c), while the percentage of the ones that exhibit statistically
significant increase falls from 25% (15 stations) for the R90pD (Fig. 7a)
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Fig. 6. Spatial distribution of annual trends of (a) R90pD, (b) R95pD, (c) R99pD, (d) R90pR, (e) R95pR, (f) R99pR. Filled red triangle denotes significant increase at a
level of α=0.05, inverted filled blue triangle denotes significant decrease, open triangle denotes no significant change. SSD means statistically significant decreasing.
SSI means statistically significant increasing. NSD represents non-significant decreasing, and NSI is non-significant increasing.

to 5% (3 stations) for the R99pD (Fig. 7c). This indicates that 25% of
the stations show the precipitation extremes based on R90pD have increased, while only 5% exhibit a similar behavior for R99pD. Similar
results are provided for the contribution ratio indices (Fig. 7d-f). As
shown for contribution indices, a decreasing trend has been observed in
most stations, especially for higher thresholds.
Fig. 8 shows the mean values of the six extreme precipitation indices

for each station during the two periods (1960–1980 and 1981–2012).
For 60 stations (the detailed information can be seen in Table S2), the
rate of change in the frequency indices is −3.2%, −8.6% and − 19.8%
for the R90pD, R95pD and R99pD, and − 7.32%, −12.67%
and − 22.42% for the three contribution indices (e.g. R90pR, R95pR
and R99pR), respectively. That is to say, the frequency and contribution
indices show a decreasing trend, similar to the above gradual change in
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Fig. 7. Statistically significant change of the extreme precipitation indices at 95% confidence in 1981-2012 relative to the baseline period of 1960-1980 using the
principles of entropy. Black circle represents non-significant change during the two periods. Blue triangle means decreasing trend and red triangle is increasing trend.

the six indices. In view of these results, we found some stations that
exhibit insignificant change based on the KL test, yet they seem to have
high rates of change in the extreme precipitation indices in 1981–2012
relative to 1960–1980. This indicates that in some stations, the extremes have changed, but the overall distribution function has not
changed significantly. Overall, the results of the KL test are consistent
with the MK trend test analysis results.

3.3. Changes in the spatial variability of extreme precipitation indices
Temporal changes of each extreme precipitation indices for each
station during 1960–2012 are illustrated in Fig. 9. The extreme precipitation events usually occur at the same time of the year for a large
portion of the stations considered in this study, implying high spatial
correlation patterns of extreme precipitation events. Generally
speaking, the high occurrences of frequency of precipitation extremes
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Fig. 8. The mean of the extreme precipitation indices for each station between the periods of 1960-1980 and 1981-2012. The hollow box represents the mean value
of precipitation extremes in the period of 1960-1980, and the filled box represents the mean value in 1981-2012. The length of box represents the magnitude of mean
values. The box-plot shows the ratio of changes during the two periods, with the mean ratio marked black squares. The source data can be seen in Table S2
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Fig. 8. (continued)
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Fig. 9. Changes of extreme precipitation indices for all rain-gauge stations during 1960–2012.

(R90pD, R95pD, and R99pD) are observed mainly in the late-1960s,
late-1970s, and mid-1990s (Fig. 9a-c). A similar feature is observed for
the contribution ratio indices, i.e., R90pR and R95pR (Fig. 9d-e). For
R99pR, the high values occur in the early-1960s, mid-1970s, and late1990s, approximately (Fig. 9f). In summary, conspicuous spatial dependence of precipitation extremes implies higher probability of

simultaneous occurrences of heavy precipitation regimes across the
entire Beijing area, thereby exposing the region to flood hazards.
Fig. 10 shows the geographical heterogeneity of the indices in terms
of their spatial distribution of standard deviation and spatial skewness.
The frequency indices of extreme precipitation commonly have high
values in the late-1960s, late-1970s, and mid-1990s. Except for R90pD,
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Fig. 10. Spatial standard deviation and spatial skewness of extreme precipitation indices for each year (1960–2012).

geographical heterogeneity of extreme precipitation indices shows a
slight decreasing trend (Fig. 10b-c, Fig. 10g-i). Additionally, higher
spatial variability of the frequency indices also occurs in the late-1960s,
late-1970s, and mid- and late-1990s. Similar results are also observed
for the contribution ratio indices. Fig. 10 also portrays the skewness for
each year. Positive skewness is dominant except for R90pR and R95pR,
indicating that histograms will be stretched to the right. Negative
skewness is dominant for R90pR with the histogram stretching to the
left. R95pR shows some fluctuation between positive and negative
within a small range, indicating a near symmetric distribution around
the mean.
Fig. 11 shows scatterplots between the spatial standard deviation
and the spatially averaged indices. All three frequency indices show a
positive correlation, suggesting that geographical heterogeneity tends
to increase with the indices. For the contribution ratios, similar results
10

are also shown for R99pR. However, R90pR and R95pR reveal a negative correlation, as shown in Fig. 11b. The positive correlation
coefficient between the spatially averaged value and spatial standard
deviation implies positive skewness of extreme precipitation indices
(Figs. 9 and 10). Similarly, the negative correlation coefficient represents negative skewness for precipitation extremes.
3.4. Possible causes to changes of extreme precipitation
The changes of the total and extreme precipitation over China are
very complicated, with many influence factors or drivers, such as the
East Asian monsoon, global climatic indices (i.e., ENSO, PDO, IOD,
NAO, etc.), global climate change, etc. However, a thorough and
comprehensive discussion of this issue is beyond the scope of this study.
Instead, the influences of ENSO, PDO, East Asian monsoon, urban heat
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Fig. 11. Scatterplot between the spatially averaged value of extreme precipitation indices and spatial standard deviation for the extreme precipitation indices.
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island and topography on the extreme precipitation over Beijing area
are briefly discussed as follows.

ENSO (SOI and MEI) and the extreme precipitation indices at the 90th
and 95th percentile do not have statistical significance, except for
R99pD and R99pR within a certain time period.

3.4.1. ENSO and PDO
ENSO significantly influences extreme precipitation at local and
regional scales in some parts of the world (Kenyon and Hegerl, 2010;
Min et al., 2011). However, the influence of ENSO on extreme precipitation can be positive in some areas and negative in other areas, or
the reverse, depending upon the phase of the ENSO cycle. The influence
of ENSO on extreme precipitation in China has been well studied (Fu
et al., 2013; Li et al., 2011; Niu et al., 2014; Wang et al., 2012; Wei
et al., 2014; Ye, 2014; Zhang et al., 2014). For example, Li et al. (2011)
found that during winter and spring, extreme precipitation events occur
more often during El Niño events than during La Niña events. During
summer and autumn, the opposite is true. Shen (2012) and Wang
(2011) discussed the effect of the ENSO on the extreme precipitation
events in northern China. They found that precipitation decreases in a
stronger La Niña year, but it increases when El Niño or a weak La Niña
occurs. Fu et al. (2013) found that the extreme precipitation of northern
China has a teleconnection with SOI at interdecadal scale but is only
statistically significant during certain times. Additionally, the relationship between the PDO and precipitation in China has also been
well studied. For example, Chen et al. (2013) concluded that abovenormal precipitation tends to occur more in northern China during the
negative PDO phases, while above-normal precipitation occurs in central China during the positive PDO phases. Chan and Zhou (2005) found
that the interdecadal variation in summer precipitation over south
China coincides more with dry monsoon years during the periods of
high PDO index, and vice versa. Ouyang et al. (2014) revealed that
precipitation decreased overall during El Niño/PDO warm phase periods and increased during La Niña/PDO cool phase periods in most of
China. Zhao et al. (2014b) found consistency in the periodic variation
of extreme precipitation in Pearl river basin and that of the PDO.
As already noted, the indices of ENSO (measured by the SOI and
MEI) and PDO considered in this study are the annual average values
and the annual time series of the SOI, MEI, and PDO are illustrated in
Fig. S1. It appears that the SOI shows a decreasing trend while the MEI
and PDO show an increasing trend. The PDO experienced an obvious
shift from a cool phase to a warm phase around 1976; while the
minimum SOI and maximum MEI occurred at around 1987. The relative
higher MEI or lower SOI occurred around 1983, 1992, 1997. As mentioned in Section 3.2, the change-point for extreme precipitation indices
appeared around the beginning of 1980s and the end of 1990s. To some
extent, the change point of extreme precipitation may be influenced by
the ENSO In this study, we also considered a link between the observed
extreme precipitation modes of variability and the possible influence of
well-established climate indices. Table 2 shows the Pearson correlation
coefficients between the annual precipitation, extreme precipitation
indices and climate indices. There is a negative correlation between
annual precipitation and the three climate indices, though not a statistically significant one. Except for the R95pD, the SOI and MEI exist as
different phases of the correlation coefficients with the extreme precipitation indices. For the PDO, a negative correlation was found for all
the extreme precipitation indices, but is only statistically significant for
the contribution indices of extreme precipitation. Additionally, we explore the coherence of the leading extreme precipitation indices with
ENSO and PDO through the cross wavelet spectra as shown in Fig. 12.
This indicates that the inter-decadal teleconnection between climate
indices and extreme precipitation indices is statistically significant at
certain time periods. For example, a statistically significant relationship
exists between the R90pD (R95pD) and the PDO at an 8- to 10- year
period scale, whereas the R99pD and the PDO have a significant relationship at a 5- to 6- year period scale. For the contribution indices
and the PDO a significant relationship exists at a 1- to 2- year period
scale. Overall, significant relationships occurred during the end of the
1990s. However, Fig. 12 also shows that relationships between the

3.4.2. The East Asian Monsoon
The influence of the East Asian monsoon on precipitation regimes
over China has been well studied. For example, Wang and Zhou (2005)
have shown a strengthening trend of the Eurasian continental high and
a weakening trend of the western Pacific subtropical high, thus limiting
the northward extension of the summer monsoon in the central-east
China and causing a longer Meiyun season in the Yangtze river basin as
well as a shorter rainy season in North China. As a result, they concluded that the annual and summer mean precipitation and the extreme
precipitation events consistently decreased. Similar conclusions are also
obtained by other researchers (Ding, 2007; Ding and He, 2006; Ding
et al., 2007; Ding et al., 2009; Ding et al., 2008; He et al., 2006; Liu and
Ding, 2008; Liu et al., 2014; Ren et al., 2012; Xu et al., 2006; You et al.,
2011; Zhou et al., 2010), which agrees well with the results on the
frequency of extreme precipitation in this study. Fig. S1 shows a decreasing trend for the annual mean EASMI from 1950 to 2012. Overall,
the EASMI shows a decreasing trend during this period. We analyzed
the relationship between precipitation indices and EASMI and the results are also shown in Table 2. Only the annual precipitation and the
R90pD show negative correlations with the EASMI, although the correlations are not statistically significant. The other two frequency indices show a positive correlation with the EASMI. Significantly positive
correlations were found between the EASMI and all the contribution
indices of extreme precipitation. From Fig. 12, we can conclude that
there is a significant relationship between the EASMI and the extreme
precipitation indices during the end of 1970s and the 1980s, except for
the R99pD and R99pR. To some extent, the decreasing trend of EASMI
since the end of 1970s has significantly influenced extreme precipitation over Beijing, especially for the contribution indices at the 90th and
95th percentile.
3.4.3. Urban expansion and UHI
Since China implemented the reform and open policy and began the
transition from a centrally-planned, rural-based economy to a marketoriented, urban-based economy in 1978, Beijing has experienced fast
economic development and unprecedented urbanization (Wu et al.,
2015; Zhang et al., 2016). Urban expansion is known to affect precipitation. To emphasize the important role of urbanization in extreme
precipitation, we address the differences in the change of extreme
precipitation indices for the urban and suburb areas in Beijing. According to the work by Song et al. (2014), the suburb areas include the
inner suburb and the outer suburb areas in Beijing. However, there are
reversed differences in precipitation amounts between the outer suburb
and urban area due to the impact of terrain in Beijing's case. Thus, in
this study, we primarily focus on the differences in precipitation extremes between the inner suburb and the urban areas to analyze the
effect of urban expansion on the distribution of precipitation extremes.
Similar to Song et al. (2014), the inner suburb area was divided into
two parts, i.e. the inner suburb area in the north (ISAN) and in the south
(ISAS). There are 21 stations located in the inner suburb and the urban
areas, as shown in Fig. 1 and Table S3, including 9 stations (WQ, YFZ,
SLZ, LJHY, GBD, YAM, DHM, LGQ, TZ) in the urban area (UA), 6 stations (SH, SY, SZ, DSGZ, SSL, TYK) in the ISAN, and 6 stations (HC,
MJQ, YLZ, BBD, FHY, NGZ) in the ISAS. The ISA includes the ISAN and
ISAS. We estimate the extreme precipitation indices for the four subregions to assess the change in the precipitation extremes, and then
compare the changes of extreme precipitation indices in the urban area
with that of the suburb area, as shown in Table 3 and Fig. 13. Overall,
most of extreme precipitation indices in the UA are slightly larger than
that in the ISA/ISAN/ISAS for these three different time series. For the
second period (1981–2012), the ratios of frequency indices (e.g. the
R90pD and R95pD) in the UA to that in the ISA have less of an increase
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Fig. 12. Wavelet squared coherence between the standardized extreme precipitation indices and the climate indices during the period of 1960-2012. The thick black
line is the 5% significance level using the red noise model and the thin black line indicates the cone of influence. Phase arrows indicate the relative phase relationship
between the extreme precipitation indices and climate indices series, point right (in-phase), pointing left (anti-phase), pointing down (extreme precipitation indices
leading climate indices by 90°), and pointing up (climate indices leading extreme precipitation indices by 90°)

compared with the first period (Gao and Xie, 2016). While the ratio of
R99pD in the UA to that in the ISA has an opposite change, changing
from 1.10 to 1.06. However, for the contribution ratio indices, there are
different change patterns for the three thresholds. The ratio of R90pR in

the UA to that in the ISA increases by 4% from the first period to the
second period, while the ratios for the other two thresholds have a
slight decrease with a decline rate of 9% and 15%.

Table 2
Pearson correlation coefficient between the precipitation indices and the climate indices.

PDO
SOI
MEI
EASMI
⁎

Annual precipitation

R90pD

R95pD

R99pD

R90pR

R95pR

R99pR

−0.111
−0.032
−0.013
−0.093

−0.029
−0.110
0.036
−0.068

−0.133
−0.027
−0.031
0.025

−0.216
0.007
−0.031
0.244

−0.307⁎
0.040
−0.121
0.283⁎

−0.326⁎
0.086
−0.135
0.299⁎

−0.303⁎
0.058
−0.078
0.341⁎

indicates the significant correlation at a level of α = 0.05.
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elevation bands are shown in Fig. 15. The largest mean values for all the
indices appeared at 100–200 m. All the extreme precipitation indices
showed similar fluctuations in value with elevation, where the values
increased and then descended with the increase of elevation. Overall,
the higher values of precipitation extremes appeared in relatively lowelevation areas. Additionally, in order to further discuss the effect of
topography on changes in precipitation extremes, the differences of
precipitation extremes between the plain and the mountain areas are
also detected. The values of precipitation extremes in the plain areas,
located in the southeast of the study area as shown in Fig. 1, are estimated from 25 rain-gauges in this study (NGZ, FHY, BBD, HC, MJQ,
YLZ, DHM, LGQ, YAM, LJHY, GBD, TZ, SLZ, YFZ, WQ, SZ, DSGZ, SY,
SH, PG, TYK, SSL, TZS, HR and MY). The values in mountain areas are
calculated based on the other 35 rain-gauges. The time series of precipitation extremes in the plain and mountain areas are shown in Fig.
S2, and the differences between the plain and mountain areas are
shown in Fig. 16. The results show that all the mean of the extreme
indices except for R90pD in plain areas are larger than that in mountain
areas. Interestingly, we find that almost each extreme index in plain
areas is larger than that in mountain areas during 1960–1980 whereas
most of these indices in plain areas is relatively lower than that in
mountain areas during the period of 1981–2012. In conclusion, the
changes in precipitation extremes in Beijing are also affected by elevation changes, especially in spatial changes, but these effects have no
any statistical significance. Therefore, the further and deeper discussion
will be investigated in the future work.

Table 3
Statistics of extreme precipitation indices in the urban and sub-urban areas.

1960–1980

1981–2012

1960–2012

R90pD
R95pD
R99pD
R90pR
R95pR
R99pR
R90pD
R95pD
R99pD
R90pR
R95pR
R99pR
R90pD
R95pD
R99pD
R90pR
R95pR
R99pR

UA

ISAN

ISAS

ISA

UA/ISAN

UA/ISAS

UA/ISA

6.02
3.13
0.77
0.54
0.38
0.15
5.79
2.90
0.51
0.47
0.30
0.09
5.88
2.99
0.62
0.50
0.33
0.11

6.19
3.18
0.68
0.53
0.36
0.13
5.36
2.66
0.48
0.45
0.29
0.09
5.69
2.86
0.56
0.48
0.32
0.10

5.51
3.27
0.77
0.57
0.35
0.14
4.43
2.30
0.48
0.45
0.30
0.10
4.86
2.69
0.60
0.50
0.32
0.11

5.94
3.20
0.70
0.54
0.35
0.13
4.90
2.48
0.48
0.45
0.30
0.09
5.31
2.77
0.57
0.49
0.32
0.11

0.97
0.98
1.13
1.02
1.06
1.15
1.08
1.09
1.06
1.04
1.03
1.00
1.03
1.05
1.11
1.04
1.03
1.10

1.09
0.96
1.00
0.95
1.09
1.07
1.31
1.26
1.06
1.04
1.00
0.90
1.21
1.11
1.03
1.00
1.03
1.00

1.01
0.98
1.10
1.00
1.09
1.15
1.18
1.17
1.06
1.04
1.00
1.00
1.11
1.08
1.09
1.02
1.03
1.00

3.4.4. Topographical effects
Many studies have reported that changes in extreme precipitation
are associated with elevation changes (Mei et al., 2018; Liu et al., 2013;
Chen et al., 2015; Zhang et al., 2014), although the relationships can
vary regionally. To investigate the relationship between the extreme
precipitation and elevation, we calculated the correlations between
extreme indices and the elevations. In this study, the elevation of raingauges ranges from 18 to 782 m. The relationships between extreme
precipitation indices and elevations, with Pearson's correlation coefficients and statistical significance are shown in Fig. 14. All the frequency
indices of extreme precipitation were positively and non-significantly
correlated with elevation, with correlation coefficients lower than 0.2.
However, all the contribution indices of extreme precipitation were
negatively correlated with elevation, with no statistically significant at
a level of 0.05. The statistical results of each index in categorized

3.5. Implication of extreme precipitation on urban flooding
Cities, as the concentrated representation of human society, are
identified among the most vulnerable regions in the context of climate
change. In addition, many urban areas are developing rapid population
growth and asset accumulation, which further exacerbates the vulnerability of these cities to climate-related extreme events (Tangang et al.,
2017). Urban flooding is the major threat to many cities around the
world. High frequency urban flooding with more significant impacts on

Fig. 13. Box plot of extreme precipitation indices in urban and suburban areas. Blue points represent the dataset during 1960–1980 and green points are the dataset
during 1981–2012. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
149

Atmospheric Research 222 (2019) 134–153

X. Song, et al.

Fig. 14. Correlations between extreme precipitation indices and elevation.

Fig. 15. Box plot of extreme precipitation indices in categorized elevation bands.

developing countries has made it necessary to develop more efficient
urban flood management planning (Solaiman et al., 2011). Generally,
heavy precipitation, combined with an insufficient sewer system capacity can cause urban flooding.
Recently, more local waterlogging events in Beijing were caused by
extreme precipitation events, which has aroused widespread attention
by the local community. According to the statistical results released by

the Beijing Water Authority, the number of extreme precipitation
events with hourly rainfall > 70 mm reached 37 during the period of
2003–2012. However, the areal average annual precipitation is
527.7 mm in 2003–2012 because Beijing suffered a long-term drought
from 1999 to 2010. Obviously, the contribution of hourly precipitation
to the total precipitation is > 13.3%. This indirectly affects the speed of
urban drainage and causes local waterlogging due to a lower drainage
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Fig. 16. Time series of the differences in extreme precipitation indices between the plain and mountain areas.

standard (Song et al., 2014). For example, on July 10, 2004, a sudden
strong rainstorm hit Beijing. The thunderstorm continued for about
three hours with an average of 70 mm in urban areas and a maximum
downpour of 106 mm fell on Tiananmen Square. The thunderstorm
flooded about 5000 houses and injured three people in addition to
causing a traffic jam in the downtown area. Another storm event happened on June 23, 2011, with an average precipitation of 96 mm in
southwest Beijing. > 29 bridges and roads were flooded and 3 people
died. On July 21, 2012, Beijing experienced one of the heaviest rain
events of the past six decades (the area with > 100 mm of rain covered
86% of the whole area of Beijing). The heaviest precipitation, an
average of 219 mm the central city, triggered flash floods and landslides
that killed 79 people, caused $2 billion in direct economic losses, destroyed at least 8200 homes in the city, and affected > 1.6 million
people (Zhang et al., 2013).
Changes in precipitation extremes dramatically affect the design of
stormwater management structures. This issue is critical because variations in extreme precipitation may be larger than those of average
estimates (Notaro et al., 2015). Therefore, the design criteria for drainage infrastructure requires revision to take into account the expected
changes in the intensity and frequency of heavy rainfall events. Due to
variations of extreme precipitation characteristics, neglecting their effects in the hydraulic design of urban infrastructure could lead to underestimation or overestimation of design storms. For most severe
urban inundations, rainfall often exceed design rainfall values. Therefore, it is necessary to redesign infrastructure systems to drain storm
water more efficiently.

the frequency and contribution ratio during 1960–2012. The main
findings from the study include the following:
(1) Overall, all the extreme precipitation indices showed a decreasing
trend across the Beijing area in 1960–2012. A visible negative trend
was detected since 1980s, especially during the second half of the
2000s, with a statistically significant trend at a level of α = 0.05.
The changing point occurs in the middle and late-1990s for the
frequency indices, while it appears in 1980 for the contribution
ratio indices except for R99pR.
(2) The spatial distributions of extreme precipitation indices are similar
to the spatial distribution of annual total precipitation with a more
apparent west-east variation pattern, caused by topographical and
urbanization effects. An increasing trend for the extreme precipitation indices mostly occurred in urban areas and the southern
part of the Beijing Plain area.
(3) The frequency and contribution indices show a decreasing trend
during the two periods (1960–1980 and 1981–2012). The rate of
change is −3.2%, −8.6% and − 19.8% for the R90pD, R95pD and
R99pD, and − 7.32%, −12.67% and − 22.42% for the R90pR,
R95pR and R99pR, respectively. But the distribution functions of
precipitation have not changed significantly in 1981–2012 relative
to 1960–1980.
(4) The extreme precipitation events tend to have more concentrated
spatial structure with narrow spatial standard deviations. The frequency indices show more similar spatial and temporal trends relative to total precipitation than the contribution ratio indices.
(5) The changes in precipitation extremes are likely caused by the
urban expansion and climate change. The spatial dependence of
extreme precipitation events implies a higher probability of simultaneous occurrences of heavy precipitation events across the
entire Beijing area. The urban area and the southeast mountainous
area will face a relatively higher risk in extreme precipitation and
flooding events due to the larger frequency and contribution ratio
of extreme precipitation.

4. Conclusions
This study was based on observational data from 60 rain-gauge
stations in the Beijing metropolitan area during 1960–2012. Six indices
of extreme precipitation were employed to analyze the temporal and
spatial distribution characteristics of extreme precipitation using a
variety of methods including the minimum cross entropy, wavelet
transform coherence method, and the Mann-Kendall test. We examined
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