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Abstract: In this study, based on daily precipitation records during 1958–2017 from 28 meteorological
stations in the Beijing-Tianjin-Hebei (BTH) region, the spatio-temporal variations in precipitation
extremes defined by twelve indices are analyzed by the methods of linear regression, Mann-Kendall
test and continuous wavelet transform. The results showed that the spatial patterns of all the indices
except for consecutive dry days (CDD) and consecutive wet days (CWD) were similar to that of annual
total precipitation with the high values in the east and the low value in the west. Regionally averaged
precipitation extremes were characterized by decreasing trends, of which five indices (i.e., very heavy
precipitation days (R50), very wet precipitation (R95p), extreme wet precipitation (R99p), max one-day
precipitation (R × 1day), and max five-day precipitation (R × 5day)) exhibited significantly decreasing
trends at 5% level. From monthly and seasonal scale, almost all of the highest values in R × 1day
and R × 5day occurred in summer, especially in July and August due to the impacts of East Asian
monsoon climate on inter-annual uneven distribution of precipitation. The significant decreasing
trends in annual R × 1day and R × 5day were mainly caused by the significant descend in summer.
Besides, the possible associations between precipitation extremes and large-scale climate anomalies
(e.g., ENSO (El Niño Southern Oscillation), NAO (North Atlantic Oscillation), IOD (Indian Ocean
Dipole), and PDO (Pacific Decadal Oscillation)) were also investigated using the correlation analysis.
The results showed that the precipitation extremes were significantly influenced by ENSO with
one-year ahead, and the converse correlations between the precipitation extremes and climate indices
with one-year ahead and 0-year ahead were observed. Moreover, all the indices show significant
two- to four-year periodic oscillation during the entire period of 1958–2017, and most of indices show
significant four- to eight-year periodic oscillation during certain periods. The influences of climate
anomalies on precipitation extremes were composed by different periodic components, with most of
higher correlations occurring in low-frequency components.

Keywords: extreme precipitation; wavelet analysis; atmospheric circulation; beijing-tianjin-hebei region

1. Introduction

With the global hydrological cycle accelerating subsequently in the background of climate
warming [1], extreme climate events have become more frequent [2], which has a significant impact on
human society and even causes serious losses to people’s lives and property [3–5]. Correspondingly,
extreme events and related societal impacts are becoming an increasingly interesting area and has
also attracted great attention, especially in the field of meteorology [6]. The Expert Team on Climate
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Change Detection and Indices (ETCCDI) has defined a set of climate indices to provide the widespread
overview of daily temperature and precipitation. These extreme indices have been widely used all
around the world for analyzing the changes in extreme in the past as well as in the future [7–9].

Because natural disasters associated with precipitation extremes have greater widespread impact
on human society and economy, understanding the variation in precipitation extremes is important
for protecting the safety of water resources, terrestrial ecosystems, and eventually the sustainability
of human society [10]. Therefore, given the potentially significant social, economic, and ecological
impacts of extreme precipitation events, comprehensive and up-to-date assessments of precipitation
extremes at a local scale are beneficial for water resources management, flood control, and prevention
under a changing environment. Previous studies investigated trends and variability of precipitation
extremes in many parts of the world. On a global scale, the changes in precipitation extremes have a
complicated pattern and have apparent regional characteristics [11,12], with the largest changes in the
tropics [13]. Increasing precipitation extremes are shown in large areas, but the spatio-temporal patterns
of precipitation extremes are much more complicated than for temperature extremes. On regional
scales, many studies on precipitation extremes have emerged in recent years [14–20], and the results
have also shown small spatial coherence. For example, over North America, there has been a sizable
increase in the frequency of extreme precipitation events since the 1920s/1930s in the U.S. whereas there
has been no discernible trend in the frequency of the most extreme events in Canada [21]. For South
America, the pattern of trends for extreme precipitation is generally the same as that for total annual
rainfall, with most parts of this region increasing since 1960s [22]. In Europe, significant increasing
trends in annual precipitation extremes have been detected in different regions [23,24]. The extreme
precipitation events in western African and western Indian regions have shown a descending trend
since the middle of the last century [25,26]. In China, on average, the frequency and intensity of
extreme precipitation events have increased, and they show apparent spatial differences [6,27–29],
with the positive trends occurring in the Yangtze River basin, southeastern China, and northwestern
China, while the negative trends existing in the Yellow River basin, northern China, and central Tibetan
Plateau [30–32]. These results highlight the tendencies and characteristics of extreme precipitation
events in different regions [33], showing that the long-term temporal trends of extreme precipitation
have varied regionally around the world, indicating the importance of more localized studies [34,35].

In the context of global warming, the effects of extreme events on economic and social development
have exacerbated in China. This is particularly true for those urban agglomeration areas, such as
Beijing-Tianjin-Hebei (BTH), Yangtze River Delta, and Pearl River Delta urban agglomerations.
The BTH region is one of the most important economic, political, cultural, and transportation centers
in China, and is becoming more and more important in the world encouraged by the coordinated
development of BTH. Recently, more and more extreme events are reported in this region, such
as the severe drought in Tianjin during 1980–1982, the continuous high temperature event over
Beijing in the early July 2010, and the extraordinary rainstorm disaster in Beijing in 2004, 2011, 2012,
and 2016, and so on. Therefore, a comprehensive understanding of changes in extreme precipitation
in this area would be helpful for the regional disaster prevention and mitigation, and sustainable
development. Previous studies have reported that extreme precipitation has changed over the past
few decades in this region or neighboring regions (e.g., North China, Haihe River basin). For example,
Mei et al. [33] analyzed the spatial and temporal changes in extreme precipitation in this region based
on the ETCCDI indices and 26 meteorological station data during 1960–2013, and found the indices of
R × 1day and R × 5day showed significantly decreasing trend and there were visible spatial variations
of all the indices influenced by the spatial distribution of terrain. Zhang et al. [36] discussed the
nonstationary of extreme precipitation over the BTH region with Generalized Additive Models for
Location, Scale, and Shape (GAMLSS) method using the annual maximum daily precipitation series
from 12 meteorological stations, and found that maximum daily precipitation in the BTH region
also showed a decreasing trend from 1960 to 2013. Wei et al. [37] conducted the recent trends of
extreme precipitation in Beijing-Tianjin Sand source region based on 53 stations during 1960–2014,
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and found most extreme precipitation indices showed an insignificant decreasing trend with exception
in R × 1day and R × 5day. Shen et al. [38] summarized the spatial and temporal variations of extreme
precipitation over the BTH region using the percentile method and 174 station data during 1981–2016,
and they found the spatial patterns of extreme precipitation indices except for extreme precipitation
days are similar and extreme precipitation events frequently occurred in July, August, and October.
Additionally, for the neighboring regions of BTH, Du et al. [39] reported that alterations in extreme
precipitation mainly occurred north of 38◦ N, and decreasing trends in extreme precipitation were
detected at most stations in the Haihe River basin. Zhou et al. [40] reported that all cities in the BTH
region showed decline trends in extreme precipitation during 1960–2014, with a significant decreasing
trend in megacities based on linear regression method.

Additionally, variations of precipitation extremes are caused by many forcing factors, such
as large-scale atmospheric circulation, topography, and local climate [14,32,41–49]. For example,
Xiao et al. [41] analyzed the teleconnections between precipitation extremes and El Niño Southern
Oscillation (ENSO), North Atlantic Oscillation (NAO), Indian Ocean Dipole (IOD), and Pacific Decadal
Oscillation (PDO) using the regression method, and found that regional responses of precipitation
extremes to climate indices varied at different stages. Chen et al. [42] investigated the possible association
between temporal patterns of precipitation extreme over China with large-scale ocean-atmospheric
indices (e.g., NAO, PDO, Arctic Oscillation (AO), NINO3 (Niño3 sea surface temperature (SST) index),
NINO3.4 (Niño3.4 SST index), and other SST indices) based on grid daily precipitation data during
1963–2013, and found that precipitation extremes in four different seasons were influenced by the
different combinations of large-scale climate indices with different time lags, and their regional relations
are complex when the climate indices were at different phases. Xue et al. [10] discussed the long-term
trends of precipitation extremes and underlying mechanisms in U.S. Great Basin during 1951–2013,
and found that the effects of ENSO and PDO on precipitation and precipitation extremes were low,
while the intensifying high-pressure system over the western North Pacific in winter and increasing
water vapor and air temperature of the atmosphere over the basin in winter and spring were mainly
responsible for the upward trends of precipitation extremes. With advances in the field of synoptic
climatology, it has been found that ocean-atmosphere interactions are not chaotic or random, it is
therefore possible to identify the relationship between ocean-atmospheric modes and hydrological
variables. Related studies revealed that the ENSO, PDO, and other large-scale atmospheric circulation
are likely to be important factors in the variability of precipitation extremes on both spatial and
temporal scales. And these climate anomalies will be helpful for prediction/forecasting of precipitation
extremes. However, few efforts have been made on the possible linkage between precipitation extremes
over BTH and the large-scale atmospheric circulation. Thus, to better understanding the changes
of precipitation extremes, the associations between regional precipitation extremes and large-scale
climate anomalies should be further discussed.

Although many researchers have conducted analyses regarding the changes of precipitation
extremes, the long-term trends with different scales over the BTH region and the possible teleconnection
with large-scale climate anomalies still need to be strengthened. Additionally, assessing the temporal
trends and spatial patterns of precipitation extremes in BTH will provide information for managing
water resources effectively and better responding the extreme events. Therefore, the main objectives of
our study are (1) to investigate the spatial-temporal variability of extreme precipitation at different
scales over the BTH region using several trend detecting and periodicity analysis methods based
on the 28 meteorological stations during 1958–2017, and (2) to identify the dominant climate factors
in explaining extreme precipitation changes by investigating the statistical association between
temporal patterns of extreme precipitation signals with large-scale ocean-atmosphere indices using
correlation analysis.
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2. Materials and Methods

2.1. Study Area

The study area (Figure 1a), which is located in 113◦04′–119◦53′ E, 36◦01′–42◦37′ N, has a total area
of about 217,185 km2. It includes Beijing municipality, Tianjin municipality, and other 11 cities in Hebei
Province (the BTH region), also known as Jing-jin-ji Metropolitan Region or Jing-Jin-Ji (JJJ). As shown
in Figure 1c, the spatial pattern of elevation exhibits the obvious feature of “high in the northwest and
low in the southeast”. The eastern and southern part of BTH are adjacent to the Yellow River and Bohai
Sea, with elevation less than 500 m. Taihang and Yan mountains are in western and northern part of
the BTH region, which constitute 53.6% of the total area. The monsoon climate has obvious seasonal
variations characterized by hot, rainy summers, and cold, dry winters. Meteorological disasters in this
region are frequent and have caused serious damages to human life especially in recent years. Drought
often strikes in the spring and flooding occurs in the summer. From the annual precipitation totals,
BTH as a whole is commonly regarded as a semi-humid region, with a mean annual total precipitation
of 540 mm. Figure 1b showed the spatial distribution of annual mean precipitation over BTH during
1958–2017. The annual mean precipitation increased from the west to the east in the BTH region,
ranging from 393 mm to 723.4 mm, with the highest value (Zunhua station (No. 13 in Figure 1)) located
in the belt between the mountain and plain areas.

Table 1. Geographical coordinates of the weather stations.

No. Station Code Station Name Latitude (N) Longitude (E) Elevation (m)

1 53399 Zhangbei 41.15 114.70 1393.3
2 53593 Yuxian 39.83 114.57 909.5
3 53698 Shijiazhuang 38.03 114.42 81
4 53798 Xingtai 37.07 114.50 77.3
5 53892 Handan 36.62 114.47 66.6
6 54308 Fengning 41.22 116.63 661.2
7 54311 Weichang 41.93 117.75 842.8
8 54401 Zhangjiakou 40.78 114.88 724.2
9 54405 Huailai 40.40 115.50 536.8
10 54406 Yanqing 40.45 115.95 489
11 54416 Miyun 40.38 116.87 71.8
12 54423 Chengde 40.98 117.95 385.9
13 54429 Zunhua 40.20 117.95 54.9
14 54436 Qinglong 40.40 118.95 227.5
15 54449 Qinhuadao 39.85 119.52 2.4
16 54511 Beijing 39.80 116.47 31.3
17 54518 Bazhou 39.12 116.38 9
18 54525 Baodi 39.73 117.28 5.1
19 54527 Tianjin 39.08 117.07 2.5
20 54534 Tangshan 39.67 118.15 27.8
21 54535 Caofeidian 39.28 118.47 3.2
22 54539 Laoting 39.43 118.88 10.5
23 54602 Baoding 38.85 115.52 17.2
24 54606 Raoyang 38.23 115.73 19
25 54618 Botou 38.08 116.55 13.2
26 54623 Tanggu 39.05 117.72 4.8
27 54624 Huanghua 38.37 117.35 6.6
28 54705 Nangong 37.37 115.38 27.4
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Figure 1. (a) Meteorological stations used for precipitation data in this study. The meteorological
stations noted as the number are listed in Table 1. (b) Annual mean precipitation spatial distribution
during the period of 1958–2017. The trends and slopes were calculated by the linear regression method,
with the significant changes filled red five stars at 0.05 level. (c) Digital elevation model (DEM) data
in the study area. DEM data set [50] is provided by Geospatial Data Cloud site, Computer Network
Information Center, and the Chinese Academy of Sciences.

2.2. Data Collection and Processing

2.2.1. Precipitation Data

The daily precipitation dataset [51] of 28 meteorological stations (Table 1 and Figure 1) provided by
the China Meteorological Administration (CMA) was used to extract time series of extreme precipitation.
The weather stations have a reasonable spatial coverage, consequently being able to emphasize the
regional behavior and variability of the precipitation extremes in the BTH region. The geographical
coordinates of the stations are shown in Table 1. Before constructing the precipitation indices series,
data quality control and homogeneity assessment were performed on the initial data set of daily
precipitation amounts from each station. Based on the daily data, we calculated the monthly, seasonal
and annual precipitation to do the trend analysis.

2.2.2. Climate Indices

In this study, ENSO, NAO, IOD, and PDO were chosen to analyze their effects on precipitation
extremes in the BTH region. ENSO is indicated by the NINO3.4 index, derived from sea surface
temperature anomaly estimated in the Niño 3.4 region (5◦ N–5◦ S, 120◦–170◦W) [52]. NAO is defined as
a meridional dipole in the atmospheric pressure with centers of actions near the Azores and Iceland [53].
A higher NAO index is associated with westerlies stronger than average in the mid-latitude North
Atlantic, while the opposite is true for negative values of the index [54]. IOD is defined as the SST
anomaly difference between the western equatorial Indian Ocean (50◦–70◦ E, 10◦S–10◦ N) and the south
eastern equatorial Indian Ocean (90◦–110◦ E, 10◦ S–0◦ N), referred to as Dipole Mode Index [55]. PDO
is most frequently referred to as a long-lived El Niño like pattern of the Pacific climate variability which
is considered as the leading principle component of monthly sea surface temperature anomalies in the
North Pacific Ocean, poleward of 20◦ N [56]. In this study, annual NINO3.4 index is calculated based
on the average value from July to December, and the NAO is estimated from December to March [41].
The annual PDO and IOD indices are averaged from January to December based on the monthly series.
Four seasons such as spring (March–May), summer (June–August), autumn (September–November),
and winter (December–February) were also analyzed in the study. The seasonal climate indices are
averaged from the monthly series.
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2.3. Methods

2.3.1. Definition of Extreme Precipitation Indices

The ETCCDI defined 27 core extreme indices based on daily temperature and precipitation.
The RClimDex [57] developed by Xuebin Zhang and Yang Feng at Climate Research Division, was used
for data quality control and extreme indices calculation. In this study, we employed a set of 12 indices
(listed in Table 2) related to extreme precipitation, including two user-defined thresholds (R25 and
R50) according to the Standard for Grade Classification of Precipitation Intensity of China released
by the China Meteorological Administration (Light rain: Daily precipitation <10 mm; Moderate rain:
10 mm≤ daily precipitation <25 mm; Heavy rain: 25 mm≤ daily precipitation <50 mm; Torrential
rain: 50 mm ≤ daily precipitation <100 mm; Extraordinary rainstorm: Daily precipitation ≥100 mm).
In this study, the baseline period of 1961–1990 was used for the estimation of threshold values for the
percentile-based indices. These indices can reflect the changes of extreme precipitation in different
aspects. Some of these indicators alone or together with other indices were previously widely used to
assess climate changes of the extreme precipitations in different regions of the world [1,11,33,41].

Table 2. Expert Team on Climate Change Detection and Indices (ETCCDMI) precipitation-related
extreme indices used for this study.

Acronym. Definition Unit

R10 Annual number of days with more than 10 mm/day days
R20 Annual number of days with more than 20 mm/day days

R25 * Annual number of days with more than 25 mm/day days
R50 * Annual number of days with more than 50 mm/day days
CDD Maximum number of consecutive dry days 1 days
CWD Maximum number of consecutive wet days 2 days
R95p Annual total precipitation when daily precipitation >95th percentile mm
R99p Annual total precipitation when daily precipitation >99th percentile mm

R × 1day Annual, seasonal and monthly maximum one-day precipitation mm
R × 5day Annual, seasonal and monthly maximum five-days precipitation mm

SDII Annual total precipitation divided by the number of wet days in the year mm/d
PRCPTOT Annual total amount of precipitation cumulated in wet days mm

* 25 mm and 50 mm were the thresholds defined by the authors. 1 Dry days are those days when daily precipitation
was < 1 mm; 2 Wet days are those days when daily precipitation was ≥ 1 mm.

2.3.2. Statistical Analysis

In this study, temporal trends of indices for each station were determined using the least-squares
linear regression method and Mann-Kendall test, which were widely used in the meteorological and
hydrological fields [10,30,37,58]. Furthermore, the Spearman’s rank correlation and two-tailed t-test
were used to test the significance of the relation between precipitation extremes and annual total
precipitation and climate indices in Sections 3.3 and 3.4.

Linear regression is a parametric method used to obtain the slope of hydro-meteorological
variables over time, which can be represented as

y = a + bx + ε (1)

The slope b can be used as an indicator of trend and is calculated as

b =

n
n∑

i=1
xiyi −

n∑
i=1

xi
n∑

i=1
yi

n
n∑

i=1
x2

i −

(
n∑

i=1
xi

)2 (2)

where yi is a climatic factor (e.g., precipitation extremes in this study), xi is time, and n is the length of
the time series. The linear trends are also considered to be statistically significant on the 0.05 level
using Pearson correlation analysis.
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For a given time series Y = (y1, y2, . . . , yn), the Mann-Kendall test statistic S is defined by

S =
n−1∑
i=1

n∑
j=i+1

sgn(y j − yi) (3)

where yi and yj are the sequential data values, and the function sgn(y) is defined as

sgn(y) =


1 y > 0
0 y = 0
−1 y < 0

(4)

The statistic S is approximately normally distributed with the mean E(S) = 0 and variance as

Var(S) =
n(n− 1)(2n + 5) −

n∑
i=1

ti(i)(i− 1)(2i + 5)

18
(5)

where ti is considered as the number of ties up to sample i. The standardized normal test statistic Z is
given by

Z =


S−1√
Var(S)

S > 0

0 S = 0
S+1
√

Var(S)
S < 0

(6)

A positive (negative) value of Z signifies an upward (downward) trend [44]. In this study, we
chose a significance level of 0.05 for the Mann-Kendall test.

2.3.3. Wavelet Analysis

Wavelet analysis was widely applied to examine multi-temporal scale features of precipitation
extremes or other climate events [59–65]. Wavelet transform (WT) decomposes time series into
time-frequency space and identifies the dominant modes of variability and the characteristics how
these modes vary in time [66]. Continuous wavelet transform (CWT) is appropriate for extracting a
wide range of possible dominant frequencies from geophysical and hydroclimate time series [67,68].
In this study, CWT with Morlet wavelet was used to obtain information about the periodic structure of
precipitation extremes, which can be defined as [68]

ψ(η) = π−1/4eiωη−0.5η2
(7)

where ω is the dimensionless frequency, and η is the dimensionless time parameter. The wavelet is
stretched in time (t) by varying its scale (s), so that η = s/t. It is possible to obtain a picture depicting
the change of amplitude with scale and its variation with time by varying the wavelet scale s and
translating along the localized time index η.

For a given wavelet ψ0(η), it was assumed that Yj is a time series of length N (Yj, j = 1, 2, . . . , N)
with equal time spacing ∆t. The continuous wavelet transform of a discrete sequence Yj is defined as a
convolution of Yj with the scaled and translated wavelet ψ0(η):

WY
n (s) =

N∑
j=1

Y jψ
∗

[
( j− n)∆t

s

]
(8)

where asterisk (*) indicates the complex conjugate.

3. Results

3.1. Spatial Variation of Extreme Precipitation Events

The spatial distribution of precipitation extremes over the BTH region from 1958 to 2017 was
shown in Figure 2. In general, the spatial distributions of precipitation extremes apart from consecutive
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dry days (CDD) and consecutive wet days (CWD) were similar to that of annual precipitation in BTH,
with the highest values in the northeast and the lowest in the northwest (Figure 1b). In terms of
PRCPTOT, the highest value (709.8 mm in Zunhua station (No. 13)) was observed in the northeast
while the lowest value (375.1 mm in Zhangbei station (No. 1)) was found in the northwest of BTH.
Similarly, the SDII varied from 7.2 mm/day (Zhangbei station (No.1)) to 13.8 mm/day (Zunhua station
(No. 13)), with the high values (12–14 mm/day) occurring on the east coast around the Bohai Bay.
Spatial patterns in R95p and R99p were similar, with the largest being observed in the northeast and
the lowest in the northwest. The indices in R × 1day and R × 5day increased from the northwest to
the southeast, with the highest value of 105.8 mm and 153 mm in Zhangbei station (No. 1). However,
the low value (43.5 mm) in R × 1day also occurred in Qinhuangdao station, which was only about half
value of the nearest stations (80–90 mm). On the other hand, the value of R × 5day in Qinhuangdao
(143 mm) match with its surroundings (130–150 mm). The mean values of CDD were greater in the
northwest of BTH than those in the southeast, with the highest value of 94.2 days in Fengning station
(No. 6) and the lowest value of 67.6 days in Caofeidian station (No. 21). Only about 10.7% of locations
(Fengning (No. 6), Laoting (No. 22), and Huanghua (No. 27), all around the Bobai Bay) in CDD index
were less than 70 days, while about 42.9% of stations (covering Beijing city and the northern part of
Hebei province) were larger than 80 days. The spatial pattern of CWD was most unique, with the
high value in the north and south and the low value in the middle of the region. Specially, the lowest
value of CWD occurred in the eastern coast around the Bohai Bay with the value ranging from 3.4 to
3.7 days. In terms of R10, R20, R25, and R50, the spatial patterns were similar, with a decrease from
the east to the west. Overall, the spatial patterns of precipitation extremes found in this study agree
well with the findings from Mei et al. [33]. The landforms in the northern and western parts of BTH
are of a mountainous nature, which act as orographic barriers for the advancing air masses and limit
precipitation distribution [69].
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Figure 2. Spatial distribution of annual averaged extreme indices in Beijing-Tianjin-Hebei (BTH) during
1958–2017. (unit for PRCPTOT, R × 1day, R × 5day, R95p, and R99p: mm per year; unit for SDII:
mm/day per year; unit for consecutive dry days (CDD), consecutive wet days (CWD), R10, R20, R25,
and R50: Days per year).
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3.2. Temporal Variations Extreme Precipitation Events

3.2.1. Annual Scale Trends in Extreme Precipitation Indices

To analyze overall changes in extreme precipitation of BTH in 1958–2017, Figure 3 shows the
average annual time series of BTH for all indices, while Table 3 shows the number of individual stations
detected with positive or negative trends for the indices analyzed in the study. The spatial patterns of
these results are shown in Figures 4 and 5 based on the Mann-Kendall and linear regression method,
respectively. Overall, in these indices, negative trends dominate over positive trends, which mean that
extreme precipitation over BTH shows more decreasing than increasing trends in the study period.Atmosphere 2019, 10, x FOR PEER REVIEW  10 of 30 
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Table 3. Results of the statistical tests for regional extreme precipitation indices and the number of
stations with positive or negative trends over the BTH region from 1958 to 2017.

Index

Mann-Kendall Trend Test Linear Regression Trend

Z Score
Positive Negative No

Trend
Slope of

Change (b)
p

Value
Positive Negative No

TrendTT SS TT SS TT SS TT SS

CDD −0.778 4 0 24 2 0 −0.143 0.337 10 0 18 0 0
CWD −1.843 3 0 25 2 0 −0.007 0.06 3 0 25 6 0

PRCPTOT −0.887 5 0 23 2 0 −1.027 0.183 2 0 26 2 0
R10 0.070 15 0 13 0 0 −0.009 0.684 8 0 20 0 0
R20 −0.472 6 0 21 0 1 −0.012 0.377 4 0 24 0 0
R25 −0.619 6 0 21 0 1 −0.013 0.261 4 0 23 3 1
R50 −2.398 7 0 21 3 0 −0.01 0.025 3 0 22 5 3

R95p −2.137 6 0 22 3 0 −0.85 0.041 5 0 23 4 0
R99p −2.749 7 0 21 3 0 −0.478 0.036 5 0 23 5 0

R × 1day −3.042 5 0 23 3 0 −0.265 0.022 4 0 24 3 0
R × 5day −2.532 5 0 23 4 0 −0.505 0.021 3 0 25 5 0

SDII −0.874 8 0 20 1 0 −0.009 0.361 8 0 19 1 1

TT, total number of stations with positive or negative trends; SS, statistically significant at the 0.05 level. Bold font
for Z score or slope of change (b) means the statistically significant at a level of 0.05.
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Figure 4. Spatial distribution of Mann-Kendall (MK) test results for precipitation extremes in BTH
region during 1958–2017. SSD means statistically significant decreasing at the 5% level, while NSD
and NSI represent non-significant decreasing and increasing trend, respectively. NT means no any
change trend.
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Figure 5. Spatial distribution of decadal trend rate for precipitation extremes during 1958–2017 using
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trends, respectively. Triangles are scaled according to trend magnitude. Significant changes at the 5%
level are indicated by filled black five stars. Open circle means no any change trend.
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Over 1958–2017, all the indices showed a decreasing trend based on the linear regression
method, while only five indices (R50, R95p, R99p, R × 1day, and R × 5day) showed a statistically
significant decreasing trend (p ≤ 0.05) during this period, at a rate of 0.1 day/decade, 8.5 mm/decade,
4.78 mm/decade, 2.65 mm/decade, and 5.05 mm/decade, respectively. As for the average time series of
PRCPTOT, it exhibited a non-significant (p = 0.183) decreasing trend at a rate of 10.27 mm/decade,
whereas the average SDII time series of BTH had decreased by 0.09 mm/d per decade. The CDD,
ranging from 45 days to 119 days with a mean value of 77.8 days, had a decreasing trend at a
rate of 1.43 days/decade from 1958 to 2017. The decreasing trend (p = 0.06) for CWD was more
significant than that for CDD (p = 0.337) although the decreasing rate of CWD is relatively lower
(0.07 day/decade). The regionally averaged occurrence of heavy precipitation days (R10) and heavier
precipitation days (R20 and R25) have decreasing trends, nonetheless, they were not statistically
significant. The decreasing rates in R10, R20, and R25 were 0.09, 0.12, and 0.13 day/decade, respectively.
Similar trends can be also concluded from the Mann-Kendall trend test, as shown in Table 3. All the
indices except R10 had a decreasing trend, but also only five indices (i.e., R50, R95p, R99p, R × 1day,
and R × 5day) showed a statistically significant decreasing at the 0.05 level.

Overall, the preponderance of evidence indicated that the decline trends in indices were more
frequent than the increasing ones although considerably few decreasing trends exceeding 95%
confidence level during 1958–2017. However, there are slight discrepancies in trends between the
Mann-Kendall test and the linear regression. Compared with Mann-Kendall test, the greater number
of stations (34 versus 23) with significantly decreasing trends are found based on linear regression.
Additionally, based on the Mann-Kendall test, about 53.6% (46.4%) of the stations showed upward
(downward) trends for R10, while none of these trends are statistically significant. On the contrary,
most of stations (71.4%) for R10 showed negative trends based on the result of linear regression method.
For the other indices, the similar trends can be found based on the two methods. Generally, although
most of locations exhibited downward trends for the precipitation extremes, less than 25% of them
showed significant decreasing trends in the BTH region during 1958–2017.

3.2.2. Monthly and Seasonal Changes in Precipitation Extremes

In this study, R × 1day and R × 5day were used to analyze the monthly and seasonal changes in
precipitation extremes, as shown in Figure 6. It was found that the monthly mean values in R× 1day and
R × 5day during the period of 1958–2017 varied from 1.6 to 56.1 mm, and 2.4 to 88.7 mm, respectively.
The wettest season in BTH is summer (June-July-August) due to effects of eastern Asian Monsoon
climate, of which the precipitation amount accounts for about 70% of annual totals [67]. Obviously,
almost all of the highest values in R × 1day and R × 5day occurred in summer (both about 98.3% of
totals), especially in July (37 and 36, respectively) and August (19 and 22, respectively). And the lowest
values frequently occurred in winter (December-January-February). On average, the highest values of
R × 1day and R × 5day occurred in July (28.6~123.8 mm and 41~182.3 mm, respectively) and the lowest
in January (0.02~9.7 mm and 0.1~14.1 mm). The trends of monthly and seasonal time series were also
detected by the Mann-Kendall test, as shown in Figure 6e. In terms of R × 1day, a significant increasing
trend was found in May while a significant decreasing trend occurred in July and August, which
may result the trend of significant upward in spring and significant downward in summer. Other
monthly and seasonal series also had increasing or decreasing trends but are not significant at the level
of 0.05. Similarly, a significant increasing (decreasing) trend in May (July and summer) was also found
in R × 5day. However, a significant upward trend for R × 5day was also detected in June. Overall,
the decreasing trend in summer (especially in July and August) may be the cause the decreasing trend
in annual series. Furthermore, the statistical results of trends for all the stations are shown in Figure 6f.
An increasing trend was dominant in spring (100% of locations), autumn (75% and 71.4%) and winter
(96.4% and 89.3%) for R × 1day and R × 5day, respectively, while about 85.7% of locations showed
a downward trend in summer for both indices. Certainly, the number of significantly increasing or
decreasing trends (SI or SD) was less than that of non-significantly increasing or decreasing trends
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(NSI or NSD) for all the seasons. Analogously, the monthly series can also be classified by two groups
except February and March. One was dominated by increasing trends, including April, May, June,
September, October, and December, and the other was leaded by decreasing trends, including January,
July, August, and November. In February, the stations with increasing or decreasing trends both
accounted for about half of the totals in R × 1day (50%) and R × 5day (53.6% and 46.4%). Interestingly,
in March, more stations showed decline trends in R × 1day, whereas the opposite results were found in
R × 5day. In conclusion, the decline trends in annual series may be caused by significant decreasing
trends in summer, especially in July and August. Although significant increasing trends were also
found in several months or seasons, their effects on the trends in annual series were less than that in
summer, because most of values in the annual series occurred in summer.
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Figure 6. Time series of monthly (a,b) and seasonal (c,d) precipitation extremes in R × 1day (a,c) and
R × 5day (b,d) in BTH during the period of 1958–2017. The regional trends (e) and statistical results
for all the stations (f) in monthly and seasonal precipitation extremes using the Mann-Kendall test.
NT means no trends, SD and SI mean significantly decreasing or increasing trends, and NSD and NSI
mean non-significantly decreasing or increasing trends, respectively.

3.2.3. Decadal Variability in Precipitation Extremes

We divided the period 1958–2017 into the following six sub-periods: 1958–1967 (T1), 1968–1977
(T2), 1978–1987 (T3), 1988–1997 (T4), 1998–2007 (T5), and 2008–2017 (T6). Anomaly percentages of
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decadal mean precipitation extremes for all the stations were also calculated to analyze their variations,
as shown in Figure 7. The detailed information of precipitation extremes in each sub-period can be
found in Table S1. It was found that all the maximum values of decadal mean indices for sub-period
occurred in T1, except for CDD (T2) and R10 (T6), while all the minimum values except CDD (T3)
occurred in T5. The decadal changes in CDD suggested that the BTH appeared more dryness in T2
because of the higher consequence dry days, and the discrepancies ranged from 9.5 to 19.3 days (about
12.2–24.8% of mean value in CDD during 1958–2017) compared with the other sub-periods. The results
from the other indices suggested that the extreme precipitation events or flood events may be more
acute in T1 over BTH, whereas the relatively less probability or weights of extreme precipitation
events occurred in T5. Figure 7 also showed that there were greater variations in R50, R95p, and R99p
compared with other indices, which mean the higher spatial variations. Additionally, it was worth
noting that all the indices except CDD experienced clear fluctuations among these sub-periods with
a complex trend of decreasing (from T1 to T3)—increasing (from T3 to T4)—decreasing (from T4
to T5)—increasing (from T5 to T6).
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Figure 7. Box-plots of anomaly percentages for decadal-averaged precipitation extremes from 1958
to 2017 (from left to right: 1958–1967, 1968–1977, 1978–1987, 1988–1997, 1998–2007, and 2008–2017).
The upper and lower limits of the box indicate the 75th and 25th percentile value among these stations.
The horizontal line in the box indicates the median and the whiskers show the range of these stations.
Black solid squares are the mean values of all the stations, connected by the red lines. Open circles
represent the outliers.

In order to further analyze inter-decadal changes for precipitation extremes, Figure 8 demonstrated
decadal changes for all the extreme precipitation indices. In general, the spatial patterns for all the
indices in the six sub-periods were similar with slight variations. That is, the spatial distributions
in each sub-period had no any significant change, which agreed well with that in the entire period
of 1958–2017. As mentioned previously, the decadal changes in CDD were different from the other
indices. About 42.9% of stations in the CDD in T2 was larger than 90 days, covering about 54.5% of
BTH, while only one station in T3 was larger than 90 days. In T3 sub-period, the lowest value of the
CDD located in the east of BTH, less than 60 days. In terms of CWD, in T2, T5 and T6 sub-periods,
the lower values occurred in the middle of BTH, while the higher values located in the southern and
northern areas of Hebei province. However, in T1 and T4, the lowest value of CWD located in the
eastern part of the BTH region. In T1 sub-period, about 35.7% of locations in PRCPTOT was larger
than 620 mm, mainly located in the eastern BTH and the south of Hebei province. However, none of
them was higher than 600 mm in T5, and PRCPTOT for all the stations except Zunhua (No. 13) and
Qinglong (No. 14) stations (located in the eastern BTH) was less than 550 mm. The similar decadal
variations were found in R × 1day and R × 5day. The decadal averages of R × 1day and R × 5day had a
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same pattern of “high value in the southeast and low value in the northwest” for different sub-periods.
The similar decadal variations and spatial patterns can be obtained for the indices of precipitation
days (e.g., R10, R20, R25, and R50). In terms of R95p and R99p, the spatial patterns are different, with
the lowest value occurring in the middle of the BTH region in T5 and in the western mountain areas
during the other sub-periods. For the index of SDII, there was no difference among the six sub-periods,
with the same spatial patterns of “high value in the southeast, and low value in the northwest”.
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3.2.4. Periodicity Analysis of Extreme Precipitation Indices

The wavelet power spectra of the regional average series of precipitation extremes over the
BTH region were shown in Figure 9. We can observe significant periodic oscillations in all indices.
For all the indices, the significant two- to five-year periods at the 5% level were predominant during
1958–2017. Furthermore, the CDD wavelet power spectrum showed 6–10-year modulations of variation,
which occurred in the 1970s to the mid-1980s. Similarly, the significant inter-decadal (approximately
8–11 years) oscillations were active from the 1970s to the 1980s. For SDII, the power was broadly
distributed, with a period of 2–11 years from the 1990s to 2000, and with a period of 8–11 years in the
1980s. Additionally, continuous wavelet spectrum for R95p also showed the significant wavelet power
at 8–10 years during 1982–1993. The global wavelet power spectrum (GWPS) is an equal-weighted
average of all the local wavelet power spectra for each scale, which shows dominant scales with
no temporal transformation (Figure 9). Regional averaged GWPS shows a statistically significant
low-frequency oscillation with a period of 2–9 years in CDD, a period of 2–12 years in CWD, a period of
2–8 years in R10, R20, R25, and RPCPTOT, a period of 2–10 years in SDII, a period of 2–14 years in R95p,
a period of 2–15 years in R50 and R99p, and a period of 2–16 years in R × 1day and R × 5day. According
to the local wavelet spectra (Figure 9), inter-annual (2–4 years and 4–8 years) and inter-decadal
(8–16 years) time scales are significantly above the red noise background spectra over certain time
periods. Therefore, these three scale bands (2–4 years, 4–8 years, and 8–16 years) were selected to
compute the scale-averaged wavelet power (SAWP), as shown in Figure 10. The results showed that
significant inter-annual (2–4 years) oscillations for all the indices almost occurred during the entire
period of 1958–2017. In terms of CDD, significant inter-annual (4–8 years) oscillations occurred in the
1970s and 1980s, while inter-decadal oscillations were active from 1966 to 1982. For the index of CWD,
significant inter-annual (4–8 years) fluctuations occurred in the periods of 1958–1984 and inter-decadal
oscillations were active from 1966 to 1996. PRCPTOT showed an obvious inter-annual (4–8 years)
oscillations during the entire period and inter-decadal oscillations during 1974–1986. For R10, R20,
R25 and R50, the significant inter-annual oscillations were almost active in the entire period, but
inter-decadal oscillations occurred in 1980s for R20 and R25, and in 1990s for R50. Both R95p and R99p
showed significant inter-annual fluctuations in 1960s–1990s, and obvious inter-decadal oscillations
in 1980s–1990s. Inter-annual oscillations for R × 1day and R × 5day were active from 2009–2017 and
inter-decadal oscillations occurred in 1970s. Moreover, the extra inter-annual oscillations for R × 5day
were also significant during 1958–1986. SDII showed relatively longer inter-decadal oscillations
during 1973–2007.
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Figure 9. Continuous wavelet power spectrum (left panel) and global wavelet spectrum (right panel)
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where edge effects might distort is shown as the dashed U-shape line. The dashed line in the global
wavelet power spectrum is the 5% significance level, using a red-noise background spectrum test.

3.3. Relationship Between Precipitation Extremes and Annual Total Precipitation

Previous studies have indicated that the annual total precipitation correlates well with extreme
precipitation [33,70–72]. In this study, we estimate the Spearman’s rank correlations between the
extreme precipitation indices and annual total precipitation, as shown in Figure 11. All the indices
except CDD showed significantly positive correlations at a level of α = 0.05. The correlation coefficients
between extreme indices and total precipitation exceeded 0.6, except for CDD, which implied that these
precipitation extremes had significant correlations with annual precipitation, especially the PRCPTOT,
R10, R20, and R25 (correlation coefficient >0.90). Therefore, the decrease in precipitation extremes over
BTH reflect the decrease in annual total precipitation to some extent, which match with the finding of
previous studies [69]. In reverse, the decline in precipitation extremes mainly caused by the descend in
annual total precipitation. Figure 11 also illustrates the correlation coefficients among the extreme
precipitation indices. Except for CDD, all the indices have a significant correlation with most of the
coefficients higher than 0.5 (p < 0.01). The weak negative correlations between CDD and the other
extreme precipitation indices were also found in Figure 11.
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Figure 10. Scale-average wavelet power over the 2–4 years, 4–8 years, and 8–16 years scale bands for
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(i) R99p, (j) R × 1day, (k) R × 5day, and (l) SDII. The dashed line is the 95% confidence level assuming
red noise.
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3.4. Possible Linkage to Large-Scale Atmospheric Circulation Patterns

As discussed in previous parts, the large-scale circulation patterns have affected the climate in
China. As large-scale ocean-atmospheric phenomena may influence precipitation extremes in one
year and the next year [41], the effects of one-year and 0-year ahead ENSO, NAO, PDO, and IOD on
the annual precipitation extremes were investigated in this study to fully identify their relationships.
The indices of climate variability in previous year (NINO3.4-1, NAO-1, IOD-1, and PDO-1) (i.e., time
series of climate indices: 1957–2016) and this year (NINO3.4-0, NAO-0, IOD-0, and PDO-0) (i.e., time
series of climate indices: 1958–2017) are used to estimate the Spearman’s correlations with precipitation
extremes in this year, as illustrated in Table 4. We found that most of extreme precipitation indices in the
BTH region were significantly influenced by ENSO with one-year ahead (NINO3.4-1). The p-value for
the correlations between NINO3.4-1 and CDD, PRCPTOT, R10, R20, and R25 is less than 0.01. However,
almost of all the regional averaged indices were not significantly influenced by the other climate indices,
especially for NAO-1, POD-1, and POD-0 with none of extreme indices being significant correlation at
5% and 10% significant levels. Interestingly, almost all the extreme indices have a converse correlation
with the climate indices in previous and present year. For example, CDD is positively correlated with
NAO-0 but it has a negative correlation with NAO-1, as shown in Table 4.

Table 4. Spearman’s rank correlation coefficients between regional extreme precipitation indices and
climate variables and the number of stations for positive or negative correlation coefficient between
precipitation extremes and climate variables.

Indices NAO-1 NAO-0 NINO3.4-1 NINO3.4-0 PDO-1 PDO-0

CDD −0.132 0.135 −0.373 0 −0.152 −0.208
CWD 0.03 −0.2 0.273 0.034 0.204 0.038

PRCPTOT 0.09 −0.123 0.379 −0.153 0.074 −0.067
R10 0.111 −0.038 0.397 −0.13 0.129 0.005
R20 0.128 −0.103 0.337 −0.183 0.076 −0.095
R25 0.11 −0.108 0.336 −0.18 0.067 −0.109
R50 −0.026 −0.217* 0.251 −0.181 −0.089 −0.201

R95p 0.012 −0.213* 0.254 −0.247* −0.04 −0.2
R99p 0.019 −0.235* 0.122 −0.236* 0.093 −0.152

R × 1day −0.016 −0.229* 0.205 −0.223* 0.039 −0.198
R × 5day 0.082 −0.188 0.222* −0.258 0.052 −0.152

SDII 0.064 −0.19 0.295 −0.329 0.065 −0.142

Note: Correlation coefficients significant at 5% level are bolded. The mark * represents the significant correlation at
10% level.

Additionally, for each station, the correlation coefficients are illustrated in Figure 12. It can be seen
that the areas with positive correlations between precipitation extremes and atmospheric circulation
indices with one-year ahead were larger than those with 0-year ahead. For instance, about 54.2% of
extreme indices is positively correlated with NAO-1, while about 77.7% of them is negatively correlated
with NAO-0. Similar conclusions can be obtained from other climate indices, with about 84.8%,
50.9%, and 72.3% of extreme indices being positively correlated with NINO3.4-1, PDO-1 and IOD-1,
respectively. Moreover, about 80.1%, 66.7%, and 61.9% of extreme indices are negatively correlated
with NINO3.4-0, PDO-0, and IOD-0, respectively. Overall, from the view of the statistical analysis,
extreme precipitation events in the annual scale over the BTH region may be significantly influenced
by ENSO (NINO3.4) and relatively weaker influenced by the other atmospheric circulation indices.
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In this study, monthly and seasonal R × 1day and R × 5day were also used to analyze their
relationships associated with the climate indices, as shown in Figure 13. In terms of monthly R × 1day,
Figure 13a showed that significant correlation occurred in April (NAO-1), May (PDO-1, PDO-0),
July (NAO-1), August (NINO3.4-1, NINO3.4-0, PDO-0), and November (NINO3.4-0 and IOD-0) at a
significance level of α = 0.05. A similar conclusion can be seen for monthly R × 5day in above five
months (Figure 13b). Additionally, R × 5day in September showed a significantly correlated with
NINO3.4 in previous year. In terms of seasonal series, extreme precipitation in summer and autumn are
significantly influenced by large-scale atmospheric circulation. For example, R × 1day and R × 5day in
summer are significantly correlated with the NINO3.4-1, and R × 5day in summer is also significantly
influenced by NINO3.4-0. R × 1day and R × 5day in autumn are significantly correlated with the
IOD-1, and R × 5day in summer is also significantly influenced by NINO3.4-1.

To fully understand their teleconnections, the periodic structure of precipitation extremes and
large-scale atmospheric circulation indices are considered and estimated in this study. Based on the
length of the original series, we have chosen a suitable scale to construct the periodic components of
the original series in the wavelet transforms. As Figure 11 showed, precipitation extremes have the
significant oscillation with a scale of 2-16 years during a certain period. Therefore, we selected 2, 4,
8, and 16 year scales to develop the periodic components of the precipitation extremes and climate
indices. In this study, we applied the CWT approach to decompose the original series into four identical
resolutions, i.e., two-year periodicity (C1), four-year periodicity (C2), eight-year periodicity (C3),
and 16-year periodicity (C4). The Spearman’s correlations between the decomposed series (C1, C2,
C3, and C4) of precipitation extremes and that of the large-scale atmospheric circulation indices were
calculated, as shown in Table 5. We found that almost half of precipitation extremes were significantly
correlated with NINO3.4-0 at different periodic components, but the significantly correlations between
precipitation extremes and NINO3.4-1 mainly occurred in C1 and C4. The visibly opposite correlations
between precipitation extremes and NINO3.4 with one-year ahead and 0-year ahead were shown for
C1, whereas the same correlations were found for C4. All the extreme indices except for R99p and
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R × 1day showed a significantly positive correlation with the low-frequency component (C4) of NAO,
and nine of extreme indices also showed a significantly positive correlation with NAO-1 for C2. Most
of precipitation indices were significantly correlated with PDO for the low-frequency components
(C3 and C4), accounting for 87.5% (PDO-0) and 66.7% (PDO-1). Moreover, almost all the indices for C1
showed significantly positive correlation with PDO-1 except for CDD and R50. In terms of IOD, eight
of extreme precipitation indices at C4 were significantly correlated with IOD-0 and IOD-1, and almost
all of them showed a significantly positive correlation with IOD-1 for C2. Overall, the influences of
climate indices on regional precipitation extremes were composed by different periodic components,
with the higher correlations mainly occurring at a low-frequency component (e.g., C4). However,
the discrepancies of correlations between precipitation extremes and climate indices with 0-year and
one-year ahead mainly occurred at a high-frequency component (e.g., C1).
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Table 5. Spearman’s rank correlation coefficients between the decomposed series of extreme
precipitation indices and climate variables.

Indices
NINO3.4-0 NINO3.4-1

2-year 4-year 8-year 16-year 2-year 4-year 8-year 16-year

CDD 0.396 −0.382 −0.255 −0.479 −0.565 −0.336 −0.512 −0.483
CWD −0.209 0.063 0.334 −0.224 0.267 0.208 0.362 −0.240

PRCPTOT −0.325 −0.067 0.245 −0.546 0.466 0.045 0.165 −0.519
R10 −0.326 0.100 0.390 −0.656 0.412 0.254 0.469 −0.614
R20 −0.291 −0.027 0.275 −0.674 0.452 0.037 0.304 −0.638
R25 −0.245 −0.103 0.304 −0.591 0.416 −0.014 0.251 −0.569
R50 −0.243 −0.274 0.020 −0.607 0.348 −0.159 −0.144 −0.618

R95p −0.341 −0.306 0.008 −0.355 0.491 −0.160 −0.147 −0.380
R99p −0.140 −0.470 0.009 0.200 0.200 −0.204 −0.060 0.143

R × 1day −0.260 −0.531 −0.174 0.070 0.281 −0.018 −0.163 0.021
R × 5day −0.112 −0.400 −0.036 −0.196 0.321 0.098 −0.177 −0.232

SDII −0.222 −0.304 0.170 −0.691 0.368 0.032 0.190 −0.715

Indices
NAO-0 NAO-1

2-year 4-year 8-year 16-year 2-year 4-year 8-year 16-year

CDD 0.097 0.376 0.015 0.705 −0.208 −0.017 0.287 0.561
CWD −0.377 −0.219 −0.224 0.278 0.276 0.179 0.208 0.368

PRCPTOT −0.212 −0.065 −0.309 0.626 0.334 0.321 0.097 0.569
R10 −0.207 −0.083 −0.262 0.653 0.301 0.209 0.126 0.554
R20 −0.188 −0.065 −0.287 0.678 0.250 0.307 0.146 0.592
R25 −0.194 0.014 −0.301 0.681 0.220 0.350 0.123 0.586
R50 0.026 0.017 −0.314 0.602 −0.023 0.441 0.047 0.633

R95p −0.110 0.038 −0.321 0.488 0.071 0.415 0.072 0.527
R99p −0.366 0.151 0.127 0.110 0.225 0.360 0.423 0.207

R × 1day −0.333 0.355 0.076 0.155 0.238 0.414 0.419 0.242
R × 5day −0.323 0.207 0.098 0.285 0.277 0.430 0.427 0.410

SDII 0.270 0.193 -0.101 0.702 0.093 0.395 0.331 0.746

Indices
PDO-0 PDO-1

2-year 4-year 8-year 16-year 2-year 4-year 8-year 16-year

CDD −0.051 −0.306 −0.122 −0.593 −0.055 0.184 −0.363 −0.707
CWD −0.436 0.139 0.666 0.117 0.562 −0.129 0.628 −0.083

PRCPTOT −0.074 −0.116 0.514 −0.538 0.339 −0.152 0.420 −0.668
R10 −0.088 0.034 0.709 −0.753 0.330 −0.100 0.706 −0.828
R20 −0.120 −0.129 0.614 −0.709 0.324 −0.206 0.581 −0.813
R25 −0.166 −0.190 0.583 −0.652 0.365 −0.208 0.475 −0.770
R50 −0.046 −0.333 0.263 −0.341 0.178 −0.205 0.129 −0.565

R95p −0.110 −0.316 0.276 −0.051 0.355 −0.167 0.154 −0.290
R99p −0.208 −0.308 0.387 0.629 0.459 0.015 0.247 0.415

R × 1day −0.239 −0.320 0.271 0.448 0.499 0.106 0.232 0.232
R × 5day −0.106 −0.193 0.262 0.280 0.422 0.062 0.101 0.047

SDII −0.244 −0.248 0.568 −0.284 0.442 −0.074 0.490 −0.553

Indices
IOD-0 IOD-1

2-year 4-year 8-year 16-year 2-year 4-year 8-year 16-year

CDD −0.273 0.191 0.029 0.939 −0.396 −0.017 0.488 0.925
CWD 0.015 −0.217 −0.266 0.078 0.008 0.435 −0.196 0.027

PRCPTOT −0.018 −0.210 −0.235 0.598 0.206 0.404 −0.052 0.569
R10 −0.064 −0.188 −0.368 0.689 0.262 0.422 −0.353 0.691
R20 0.027 −0.153 −0.232 0.699 0.303 0.417 −0.149 0.698
R25 0.104 −0.117 −0.292 0.748 0.252 0.433 −0.141 0.727
R50 0.115 −0.211 0.093 0.506 0.130 0.414 0.229 0.489

R95p 0.024 −0.147 0.043 0.385 0.160 0.423 0.239 0.334
R99p 0.001 −0.099 0.358 −0.086 −0.047 0.400 0.451 −0.158

R × 1day 0.047 0.136 0.469 −0.006 0.033 0.639 0.525 −0.078
R × 5day 0.048 0.078 0.329 0.011 0.014 0.704 0.442 −0.028

SDII 0.108 0.073 0.047 0.539 0.247 0.617 0.102 0.545

Note: Correlation coefficients significant at 5% level are bolded.
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4. Discussion

Previous studies have reported that extreme precipitation has changed over the past few decades,
but there are apparent discrepancies in regarding these changes over different regions in China, including
BTH or North China [73]. Overall, the temporal trends in our work are similar to previous studies in
reporting decreasing trends in precipitation extremes over the past few decades in BTH [33,36,40] and
the Circum-Bohai-Sea region in the north of China [63,74]. Certainly, there are some discrepancies
between our work and previous studies. For instance, Mei et al. [33] found that the significantly
decreasing trends were only shown in R× 1day and R× 5day during 1960–2013. But we found that more
indices (e.g., R50, R95p, and R99p) exhibited significant decreasing trends in BTH during 1958–2017
(Figure 3 and Table 3). In terms of spatial patterns of precipitation extremes, our results are also
consistent with the previous studies in BTH or neighboring regions. Overall, for most of precipitation
extremes except for CDD and CWD, the highest values located in the eastern BTH region, while the
lowest values occurred in the western part (Figure 2), which was mainly influenced by the terrain
(Figure 1a) with the high values in the northwest and the low in the southeast of BTH. Spatial patterns
of precipitation extremes are similar to that of annual total precipitation (Figure 1b and [69]) with high
correlations (Figure 11), which was consistent with previous studies [6,33]. The correlations between
the trend magnitudes of annual total precipitation and precipitation extremes for all the stations were
also estimated, as shown in Figure 14. All the extreme precipitation indices were positively correlated
with annual total precipitation, which is also different from that found in Mei et al. [33]. In Mei’s
work, they found the annual trend magnitudes of CDD and CWD were negatively correlated with
that of annual total precipitation (ATP), with the correlations being significant for CDD. However, in
our study, all the precipitation extremes are statistically significant at the 0.05 level except for CDD
and CWD. The discrepancies may be caused by the data with different time periods used in the two
studies. Furthermore, we also analyzed variations of the monthly, seasonal and decadal precipitation
extremes, which has been reported in the other regions [64,75,76] but not in the study area [33,36,40].
As all known, North China has a monsoon climate with salient four seasons and about 60–80% of total
precipitation amount in summer. Thus, it is helpful to understand the annual variations by the analysis
of monthly or seasonal changes in precipitation extremes. We found that the decreasing trends in
annual precipitation extremes were mainly caused by the descend in summer, especially in July and
August (Figure 6). Although the significantly increasing trend can be found in many months or seasons
(Figure 6), their increases have not remedied the descends of annual R × 1day and R × 5day over BTH.

As previous mentioned, changes in precipitation extremes are related to the large-scale circulation
change [41,42,77–79]. The periodicity characteristics of precipitation extremes will be helpful to
understand their associations or linkages with climate indices, which has been investigated in the
other regions in previous studies [40,60–65]. Our results showed that the significant two- to five-year
periods at the 5% level were predominant for all the indices during the entire period, which are roughly
consistent with the previous work of Wang et al. [63]. As pointed by Moron et al. [77], there are
appropriate evidences that both the quasi-biennial (2–3 years) and quasi-quadrennial (4–6 years) peaks
of climate variables are related to ENSO. That is, the inter-annual (2–5 years) oscillation in extreme
precipitation over BTH may be influenced by ENSO, which was also verified based by the correlation
analysis (Tables 4 and 5). Moreover, quasi-decadal oscillations of precipitation extremes were also
detected. Furthermore, to better understand their relationships between precipitation extremes and
climate anomalies, the quantitative analyses should be conducted. However, the correlations between
precipitation extremes and climate indices over BTH or north China has not been examined or fully
explained in the previous studies. Thus, we computed the correlations between the precipitation
extremes and large-scale climate anomalies to reveal their relationships. Our results showed that
most of extreme precipitation indices in the BTH region were significantly influenced by ENSO with
one-year ahead (Table 4 and Figure 10), which are consistent with the finding in Xiao et al. [41] and
Gao et al. [79]. Besides, we also found that almost all the extreme indices exist a converse correlation
with the climate indices in one-year ahead and 0-year ahead. That is, the relationships of annual
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extreme precipitation indices with the climate indices are different when the climate indices are at
different stages [41]. Moreover, the precipitation extremes in different months were influenced by
different climate indices or more than one index (Figure 11). To some extent, our results also showed
that precipitation extremes at any scale are influenced by many climate indices together. As previous
studies mentioned, the climate of eastern China is dominated by the East Asian Monsoon, which is
significantly influenced by ENSO [80,81]. Meanwhile, the East Asian Monsoon is also influenced by
NAO, PDO, and IOD, and then affect the regional patterns of precipitation or precipitation extremes.
Our findings also provide an illustration for this conclusion.Atmosphere 2019, 10, x FOR PEER REVIEW  24 of 30 

 

 
Figure 14. Correlations in the annual trend magnitudes between the extreme precipitation indices and 
annual total precipitation (ATP). 

As previous mentioned, changes in precipitation extremes are related to the large-scale 
circulation change [41,42,77–79]. The periodicity characteristics of precipitation extremes will be 
helpful to understand their associations or linkages with climate indices, which has been investigated 
in the other regions in previous studies [40,60–65]. Our results showed that the significant two- to 
five-year periods at the 5% level were predominant for all the indices during the entire period, which 
are roughly consistent with the previous work of Wang et al. [63]. As pointed by Moron et al. [77], 
there are appropriate evidences that both the quasi-biennial (2–3 years) and quasi-quadrennial (4–6 
years) peaks of climate variables are related to ENSO. That is, the inter-annual (2–5 years) oscillation 
in extreme precipitation over BTH may be influenced by ENSO, which was also verified based by the 
correlation analysis (Table 4 and Table 5). Moreover, quasi-decadal oscillations of precipitation 
extremes were also detected. Furthermore, to better understand their relationships between 
precipitation extremes and climate anomalies, the quantitative analyses should be conducted. 
However, the correlations between precipitation extremes and climate indices over BTH or north 
China has not been examined or fully explained in the previous studies. Thus, we computed the 
correlations between the precipitation extremes and large-scale climate anomalies to reveal their 
relationships. Our results showed that most of extreme precipitation indices in the BTH region were 
significantly influenced by ENSO with one-year ahead (Table 4 and Figure 10), which are consistent 
with the finding in Xiao et al. [41] and Gao et al. [79]. Besides, we also found that almost all the 
extreme indices exist a converse correlation with the climate indices in one-year ahead and 0-year 
ahead. That is, the relationships of annual extreme precipitation indices with the climate indices are 
different when the climate indices are at different stages [41]. Moreover, the precipitation extremes 
in different months were influenced by different climate indices or more than one index (Figure 11). 
To some extent, our results also showed that precipitation extremes at any scale are influenced by 
many climate indices together. As previous studies mentioned, the climate of eastern China is 
dominated by the East Asian Monsoon, which is significantly influenced by ENSO [80,81]. 
Meanwhile, the East Asian Monsoon is also influenced by NAO, PDO, and IOD, and then affect the 

Figure 14. Correlations in the annual trend magnitudes between the extreme precipitation indices and
annual total precipitation (ATP).

Overall, in this study, the spatio-temporal variation and characteristics of precipitation extremes
in the BTH region were studied using various methods, and useful information was obtained, which
is potentially is useful for natural disaster prevention and mitigation. In this study, we use the
simple linear regression and Mann-Kendall test to detect the trends of precipitation extremes. Linear
regression method, one of parametric tests, can be capable of quantifying the change in the data,
which assumes the time series and the errors following a normal distribution. A normality test of
regional precipitation extremes is detected using one-sample Kolmogorov-Smirnov test method, which
clearly indicates that all the data can be regarded as normally distributed. Mann-Kendall trend test,
one of the widely used non-parametric tests, being a function of the ranks of the observations rather
than their actual values, is not affected by the actual distribution of the data and is less sensitive to
outliers. Thus, Mann-Kendall test, as well as other non-parametric trend tests, is more suitable for
detecting trends in hydrological time series, which are usually skewed and may be contaminated with
outliers [82]. A common requirement of both parametric and non-parametric trend tests is that the data
be independent [82,83]. In this study, the possible effects of serial correlation have been not considered.
However, in the future work, the serial correlation should be detected and eliminated by pre-whitening
of the data when these methods are used to detect the trends of hydrologic series. Additionally,
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the observed data with the sparseness of meteorological gauges (only 28 national-level meteorological
stations) may have led to uncertainties and limitation in our results and conclusions, especially in
spatial variability [84], which need to be improved in the future work. The higher temporal (e.g., hourly
time series) and spatial (e.g., 316 meteorological stations used in Zhao et al. [69]) resolutions would lead
to more reliable and specific results. Moreover, the selection of indices of climate extremes is also an
important step to assess their variations. A number of indices were suggested, each aimed at depicting
a certain aspect of climate extremes. In this study, the 12 precipitation indices were chosen from the
indicators recommended by the ETCCDMI. From our findings, several indices showed similar results,
especially for these indices belongings to same properties. For instance, the results of spatial patterns
and temporal trends in R10, R20, and R25 are almost similar (Table 3, Figures 3–5). Thus, in order to
quickly and efficiently analyze the variations of precipitation extremes, these similar indicators can be
eliminated based on the different demands. One representative index can be chosen for each type of
precipitation extremes, such as the percentile-based threshold, and fix-based threshold.

In this study, the possible relationship between precipitation extremes and climate indices is also
discussed, including the in-phase and out-of-phase linkages between them. Past studies have revealed
that the relationships between precipitation extremes and different teleconnection phases tend to be
asymmetrical and generally do not portray linear behavior [85]. Thus, the nonlinear and different
influences associated with different phases of these teleconnections have important implications on
this issue. Aside from the above two aspects, the multiple-variables jointly relationships between
precipitation extremes and climate indices should be also further investigated in the future work.
Moreover, the mechanistic understanding of how these climate drivers impact extreme precipitation
in BTH through forcing large-scale atmospheric circulation changes need to be further investigated,
and the analyses of the physical causes of these variability will form the basis of our future research.

5. Summary and Conclusions

In this work, attempts are made to investigate the long-term changes of precipitation extremes
at different scales. The analyses of spatial-temporal variations in precipitation extremes across BTH
are conducted with 12 indices based on daily precipitation records from 28 meteorological stations.
Moreover, the possible relationships between extreme precipitation events and large-scale atmospheric
circulation patterns are also analyzed. Based on the above results and discussion, our mainly findings
are summarized as follows:

(1) The spatial distributions of precipitation extremes apart from CDD and CWD were similar to
the spatial patterns of annual precipitation in BTH, with the highest in the northeast and the lowest
in the northwest. The mean values of CDD were greater in the northwest of BTH than those in the
southeast. The spatial pattern of CWD was most unique, with the high value in the north and south
and the low value in the middle of the region.

(2) Regionally averaged precipitation extremes were characterized by decreasing trends, of which
five indices (R50, R95p, R99p, R × 1day, and R × 5day) exhibited statistically significant decreasing
trends at a level of 0.05. From monthly and seasonal scale, almost all of the high values in R × 1day and
R × 5day occurred in summer, especially in July and August due to the impacts of East Asian monsoon
climate on inter-annual uneven distribution of precipitation. The significant decreasing trends in
annual R × 1day and R × 5day were mainly caused by the significant decreasing trend in summer.

(3) The extreme precipitation events may be more acute in the first decade (T1, 1958–1967) over
those areas, whereas the relatively less probability or weights of extreme precipitation events occurred
in T5 (1998–2007). All the indices except CDD experienced clear fluctuations among these sub-periods
with a complex trend of decreasing (from T1 to T3)—increasing (from T3 to T4)—decreasing (from T4
to T5)—increasing (from T5 to T6).

(4) For all the indices, the significant two- to five-year periods at the 5% level were predominant
during the entire period of 1958–2017 based on the wavelet analysis. Specially, there were a statistically
significant low-frequency oscillation with a period of 2–9 years in CDD, a period of 2–12 years in CWD,
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a period of 2–8 years in R10, R20, R25, and RPCPTOT, a period of 2–10 years in SDII, a period of
2–14 years in R95p, a period of 2–15 years in R50 and R99p, and a period of 2–16 years in R × 1day and
R × 5day.

(5) The precipitation extremes were significantly influenced by ENSO with one-year ahead, and the
converse correlations between the precipitation extremes and climate indices with one-year and 0-year
ahead were observed. Insignificant effects of NAO, PDO and IOD on the regionally average extreme
precipitation indices was also detected based on the Spearman’s rank correlation analysis. Moreover,
the four periodic components of precipitation extremes and climate indices were also used to further
analyze their correlations. The significantly correlations between precipitation extremes and climate
indices were shown in different periodic components.

Our findings above provide assessment of extreme precipitation events under changing
environment, which should be useful for the water resources planning and management, flood
and drought disaster prevention in the BTH region. Especially, we further investigated the possible
relationship between precipitation extremes and large-scale atmospheric circulation. It expands our
knowledge to estimate regional precipitation extremes using global climate anomalies such as ENSO
as potential predictors. To some extent, it is helpful to understand the changes of precipitation patterns
and to better adapt to climate change in the future development.
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