Clim Dyn (2017) 48:53-70
DOI 10.1007/500382-016-3062-2

@ CrossMark

The effects of monsoons and climate teleconnections on the
Niangziguan Karst Spring discharge in North China

Juan Zhang' - Yonghong Hao? - Bill X. Hu** - Xueli Huo%® - Pengmei Hao’ -

Zhongfang Liu®

Received: 8 October 2015 / Accepted: 26 February 2016 / Published online: 21 March 2016

© Springer-Verlag Berlin Heidelberg 2016

Abstract  Karst aquifers supply drinking water for 25 %
of the world’s population, and they are, however, vulner-
able to climate change. This study is aimed to investigate
the effects of various monsoons and teleconnection patterns
on Niangziguan Karst Spring (NKS) discharge in North
China for sustainable exploration of the karst groundwater
resources. The monsoons studied include the Indian Sum-
mer Monsoon, the West North Pacific Monsoon and the
East Asian Summer Monsoon. The climate teleconnec-
tion patterns explored include the Indian Ocean Dipole, E1
Nifio Southern Oscillation, and the Pacific Decadal Oscil-
lation. The wavelet transform and wavelet coherence meth-
ods are used to analyze the karst hydrological processes in
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the NKS Basin, and reveal the relations between the cli-
mate indices with precipitation and the spring discharge.
The study results indicate that both the monsoons and the
climate teleconnections significantly affect precipitation in
the NKS Basin. The time scales that the monsoons resonate
with precipitation are strongly concentrated on the time
scales of 0.5-, 1-, 2.5- and 3.5-year, and that climate tele-
connections resonate with precipitation are relatively weak
and diverged from 0.5-, 1-, 2-, 2.5-, to 8-year time scales,
respectively. Because the climate signals have to overcome
the resistance of heterogeneous aquifers before reaching
spring discharge, with high energy, the strong climate sig-
nals (e.g. monsoons) are able to penetrate through aqui-
fers and act on spring discharge. So the spring discharge is
more strongly affected by monsoons than the climate tele-
connections. During the groundwater flow process, the pre-
cipitation signals will be attenuated, delayed, merged, and
changed by karst aquifers. Therefore, the coherence coef-
ficients between the spring discharge and climate indices
are smaller than those between precipitation and climate
indices. Further, the fluctuation of the spring discharge is
not coincident with that of precipitation in most situations.
Karst spring discharge as a proxy can represent ground-
water resource variability at a regional scale, and is more
strongly influenced by climate variation.

Keywords Monsoon - Climate teleconnection - Karst
spring - Wavelet transform - Wavelet coherence - Global
coherence coefficient

1 Introduction

Karst terrains cover 7-12 % of the Earth’s continental sur-
face area, and karst aquifers supply freshwater resources for
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about 25 % of the world population entirely and partly (Ford
and Williams 2007; Hartmann et al. 2014). Karst aquifers are
generally considered to be particularly vulnerable to climate
change (Leibundgut 1998). Despite the vital contributions to
freshwater supply, the study on the relationship between cli-
mate change and karst groundwater resource is very limited,
which restricts the ability of government to plan and man-
age karst groundwater resource. Karst groundwater deple-
tion occurs in many places throughout the world, such as
the United States (Beynen et al. 2007), France (Gams et al.
1993), Italy (Sauro 1993), Germany (Heinz et al. 2008),
Serbia (Jemcov 2007), and China (Guo et al. 2005). In the
northern China, karst spring discharges have been declining
due to climate change and anthropogenic activities since the
1950s. Many large karst springs have become dry, such as
Jinci Springs, Lancun Springs, Gudui Springs, Heilongdong
Springs, and Zhougong Springs (Liang et al. 2008).

The Niangziguan Karst Spring (NKS) complex is the
largest karst springs in North China with average discharge
of 9.81 m/s (1959-2011). The NKS Basin is surrounded
by an impermeable boundary, and precipitation infiltra-
tion is the main source recharging groundwater (Han et al.
1993). The only natural discharge outlet of the groundwater
system in the basin is NKS (Liang et al. 2008). Therefore,
understanding the relations between the large scale climate
variation and spring discharge would be helpful for water
resource management in the NKS Basin.

The magnitude and frequency of climate change have
increased since the beginning of last century (IPCC 2007,
2012). The relation between climate change and groundwa-
ter resource is complex (Taylor et al. 2013). In recent years,
the effects of teleconnections/large scale climate phenom-
ena on groundwater have been received more attentions.
Holman et al. (2011) demonstrated that groundwater levels
at three boreholes in different aquifers across UK were cor-
related with North Atlantic ocean—atmosphere teleconnec-
tion patterns based on a wavelet coherence analysis. Gur-
dak et al. (2007) identified the importance of interannual
to interdecadal climate variability on water-flux estimation
in thick vadose zones and provided better understanding of
the climate-induced variations responsible for the observed
deep infiltration and chemical-mobilization events. To bet-
ter understand groundwater recharge in Canada, Tremblay
et al. (2011) used correlation, wavelet analysis and wave-
let transform coherence methods to investigate the rela-
tions between climatic indices and groundwater level in
three Canadian regions. Groundwater levels in the three
regions were affected by different teleconnection patterns.
The groundwater level in Prince Edward Island region was
mostly influenced by the Arctic Oscillation (AO) and the
North Atlantic Oscillation (NAO), the groundwater level
in southern Manitoba in the vicinity of Winnipeg region
was affected by the Pacific-North American Pattern (PNA),
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and the groundwater level in Vancouver Island region
was impacted by NAO, AO and the multivariate E1 Nifio
Southern Oscillation (ENSO). Furthermore, Perez-Valdivia
et al. (2012) used Spearman rank correlation and spectral
analyses to assess the effects of climate teleconnection pat-
terns on the groundwater levels in Canadian Prairies, and
found that the groundwater level varied with 2—10-year
and 18-22-year oscillations in response to the influences of
ENSO and the Pacific Decadal Oscillation (PDO), respec-
tively. Kuss and Gurdak (2014) used singular spectrum
analysis, wavelet coherence analysis, and lag correlation
to quantify the effects of teleconnection patterns on prin-
cipal aquifers in the U.S. Their study results indicate that
groundwater levels are partially controlled by inter-annual
to multi-decadal climate variability and are not solely a
function of temporal patterns in pumping. Although those
studies have linked large scale climate patterns to ground-
water level, relations between large-scale climate pattern
variability and karst groundwater are not well studied.

The purpose of this project is to study the effects of mon-
soons [i.e. the Indian Summer Monsoon (ISM), the West
North Pacific Monsoon (WNPM), and the East Asian Sum-
mer monsoon (EASM)], and teleconnection patterns [i.e.
the Indian Ocean Dipole (IOD), ENSO, and PDO] on NKS
discharge, in North China. Different from previous studies
in which groundwater level is used as proxy to reflect the
groundwater system condition, we use spring discharge as
proxy in this study to describe the groundwater condition.
Because a spring is a natural discharge point of an aquifer,
and its discharge variation reflects the combined informa-
tion of aquifer permeability and groundwater level variabil-
ity over a regional scale, while groundwater level change
only represents groundwater variation in a local scale.

2 Study area and data
2.1 Study area

The NKS complex is located in the Mianhe Valley, Taihang
Mountains, Eastern Shanxi Province, and extends about
7 km along the Mianhe riverbank (Fig. 1). The main aqui-
fers of the basin are comprised of Cambrian and Ordovi-
cian karstic limestone, Quaternary sandstone and unconsol-
idated sediments. The limestone and Quaternary sediment
aquifers are hydraulically connected (Han et al. 1993).
Karst groundwater flows from the north and the south
toward NKS in the east. At the Mianhe Valley, the ground-
water flows upward due to a geologic unconformity, where
groundwater perches on low-permeable strata of dolomite,
and eventually intersects the land surface and discharges at
the NKS (Hu et al. 2008). The western part of the basin is
higher than the eastern part, with the general topography of
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Fig. 1 The location and digital
elevation model of Naingziguan
Springs Basin
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the basin inclining to the east. The Mianhe Valley, where
NKS is located, has the lowest elevation in the NKS Basin,
ranging from 360 to 392 m above mean sea level (Fig. 1).
The main outcropping strata in the NKS Basin are Ordovi-
cian carbonate rocks, Carboniferous coal seams, Permian
and Triassic detrital formations, and Quaternary deposits.

The NKS Basin is in the warm temperate zone with a
semiarid continental monsoon climate. The largest total
annual precipitation recorded was 844 mm in 1963 and the
smallest is 292 mm in 1972. The average annual precipi-
tation is 530 mm based on the record from 1958 to 2010.
As much as 60-70 % of annual precipitation usually occurs
from July to September.

The NKS is the largest karst springs in North China.
According to records from 1959 to 2011, the NKS com-
plex has an annual average discharge of 9.81 m?/s, a maxi-
mum monthly flow rate of 18.10 m?/s (in September 1985),
and a minimum monthly flow rate of 4.69 m*s (in March
1995). NKS receives water from a catchment with the
area of 7394 km?, covering the city of Yangquan, and the
counties of Pingding, Heshun, Zuoquan, Xiyang, Yuxian,
and Shouyang (Fig. 1). The NKS Basin is surrounded by

impermeable boundaries and the only discharge outlet of
groundwater system in the basin is NKS. So precipitation is
the primary source of recharge to the aquifers in the basin
(Han et al. 1993). The annual recharge rate is 27 % in the
exposed karst region, and 10 % in the buried karst region in
the NKS Basin (Yuan 1982).

2.2 Data

Monthly NKS discharge data from January 1959 to Decem-
ber 2011 were collected from the Niangziguan gauge sta-
tion in the Mianhe River. The monthly precipitation data
were obtained from six meteorological stations (Yangquan
City, Yuxian County, Shouyang County, Xiyang County,
Heshun County and Zuoquan County) in the NKS Basin
from January 1959 to December 2010. In this study, we
used the principal component analysis method to analyze
the precipitation data from six stations, and the first prin-
ciple component obtained could explain 90.29 % of the
variance.

Monthly mean data for monsoon indices of ISM and
WNPM are available from the Monsoon Monitoring
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website, http://apdrc.soest.hawaii.edu/projects/monsoon/.
Monthly mean data of EASM is collected from National
Oceanic and Atmospheric Administration’s (NOAA) web-
site (http://www.cpc.ncep.noaa.gov/products/Global_Mon-
soons/Asian_Monsoons/Figures/Index/EastAsiaPacific/oct.
shtml). Monthly data for teleconnection patterns of ENSO
are obtained from the website of the Climate Prediction
Center of National Weather Service, http://www.cpc.ncep.
noaa.gov, whereas the PDO is available from the Joint
Institute of the Study of the Atmosphere and Ocean, the
University of Washington (JISAO), http://jisao.washington.
edu/pdo/PDO.latest. The IOD index from HadISST data
set is defined as the SST anomaly difference between the
western equatorial Indian Ocean (10°N-10°S, 50°E-70°E)
and the south eastern equatorial Indian Ocean (0°N-10°S,
90°E-110°E).

3 Methods
3.1 Principal component analysis

Principal component analysis (PCA) is a multivariate sta-
tistical method which can be used to simplify multiple
related variables to a few unrelated variables and reveals
the relationship between the variables. The fundamental
idea is to reduce the dimension from a simplified variance
and covariance by the structure. PCA is used to extract
the important information from observations by reducing
the noises (Takio 2014). The number of principal compo-
nents is less than or equal to the number of original vari-
ables. This transformation is defined in such a way that the
first principal component has the largest possible variance
(that is, accounts for as much of the variability in the data
as possible), and each succeeding component in turn has
the highest variance possible under the constraint that it is
orthogonal to uncorrelated components. The principal com-
ponents are orthogonal because they are the eigenvectors of
the covariance matrix, which is symmetric. PCA is sensi-
tive to the relative scaling of the original variables.

3.2 Pre-processing

Hydrological processes have been significantly affected by
human activities including groundwater pumping (Milly
et al. 2008). A systematic method to investigate the influ-
ence of atmospheric circulation on spring discharge must
provide a method to separate a natural process from anthro-
pogenic influence (Hanson et al. 2004). A general method
to remove anthropogenic impacts on a process is to sub-
tract the trend by human activity from the observed data
(Perez-Valdivia et al. 2012). In the NKS Basin, the spring
discharge has decreased for many years, but the declining
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rate is gradually alleviated recently due to the recent imple-
mentation of sustainable exploration and policy of ground-
water resource protection (China Preparatory Committee
for United Nations Conference on Sustainable Develop-
ment 2012). In this study, the trend of Niangziguan Spring
discharge is fitted by an exponential function. By subtract-
ing the exponential function from the spring discharge, we
acquire the residual spring discharge (i.e. detrended spring
discharge), which successfully separates the human effect
from a natural process of the spring discharge.

3.3 Continuous wavelet transform

A wavelet series is a representation of a square-integral
function by a certain orthonormal series generated by
a wavelet, and wavelet transformation is one of the most
popular candidates of the time—frequency transformation.
A wavelet function ¥ (), defined as fj;o Y()dt =0, is a
special kind of the waveform which has a finite length and
a zero average value. Wavelet analysis is used to analyze
irregular and asymmetrical data in a time scale through
decomposing the signals into a series of wavelet functions,
a main difference from the trigonometric functions used in
classic Fourier analysis (Kriechbaumer et al. 2014). These
wavelet functions are made by translating and stretching a
mother wavelet function on the scale, so it is most suitable
to use the wavelet function to imitate the signals from local
properties. Each wavelet is derived from a mother wavelet
¥ (¢) by expansion and translation to form v, 1 (¢),

wa,f(z)z\/lagb(taf), a7 €Ra>0 )
where a is the scale expansion factor, 7 is the time shift fac-
tor and ¢ is dimensionless time; v is the mother wavelet
function, R represents the real number set.

There are many mother wavelet functions that could be
selected, such as Mexican Hat wavelet, Morlet wavelet,
Haar wavelet and so on. In this study, we use the complex
non-orthogonal Morlet wavelet function. The function has
been used to generate robust results in analysis of time
series records (Grinsted et al. 2004; Appenzeller et al. 1998;
Gedalof and Smith 2001). The Morlet wavelet is defined as,

Wo(t) = n—1/4eiw0te—12/2 )

where wq is dimensionless frequency and ¢ is dimensionless
time. In general, the Morlet wavelet (with wg = 6) is a good
choice since it provides a good balance between time and
frequency localization.

Continous wavelet transform (CWT) of a time series
(x;,t =1,...,N) with uniform time step At, is defined as
the convolution of x; with the scaled and transformed wave-

let ¥ (2),
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where * denotes the complex conjugate; a is the scale
expansion factor, t is the time shift factor and ¢ is dimen-
sionless time. W, (a, T) reflects the essential characteristics
of a time series x;, which is projected into a two-dimen-
sional time frequency space.

The CWT has an edge artifact problem because the
wavelet is not completely localized in time. Therefore, a
Cone of Influence (COI) is introduced to solve the edge
effect problem, in which the wavelet power |Wx(a,t)|2
caused by a discontinuity at the edge has dropped to e =2 of
the value at the edge.

3.4 Cross wavelet transform

The cross wavelet transform (XWT) between two time
series x; and y; is defined as,

Wiyy(a, ) = Wy(a, )Wy (a, 7) “4)

where * denotes the complex conjugate; a is the
scale expansion factor, t is the time shift factor.
We(a, t) = |Wi(a, 7)| exp(P«(a, 7)) because they are com-
plex numbers. |Wy(a, )| denotes the wavelet amplitude,
®,(a, 7) is the absolute phase. Further, we define the cross
wavelet power as |Wy, (a, T)|, and it depicts the cross covari-
ance between the two time series. The relative phase differ-
ence between the two time series can be calculated as,

[ (S Wy (a, 1)) B
®yy(a, ) = tan (R(S(a—lwxy(a,t))) €[-m, 7] (5)

where S represents a smoothing operator, a is the scale
expansion factor, t is the time shift factor. It should be
pointed out that this definition depends essentially on the
action of the smoothing operator on the various wavelet
spectra. I and R indicate the imaginary and real part of
Wy (a, 7), respectively. Areas which have two time series in
the time—frequency plane exhibit common power, and the
consistent phase behavior indicates a relationship between
the signals.

3.5 Wavelet coherence

XWT reveals the areas with high common power. The
wavelet coherence is a method for analyzing how coherent
the XWT in a time frequency space. The wavelet coherence
coefficient is defined by Torrence and Compo (1998) as,

S~ Wiy (a, 1)

2 —
B = S h@op - Sa Wh@oh

where R? (a, t) takes a value between 0 and 1, and is used
to measure the wavelet coherence as a localized correlation
coefficient in time frequency space. S is a smoothing opera-
tor and is defined as,

S(W) = Sscate(Stime(W (a, T))) @)

where Sscqr. and Syipe represent smoothing along the wave-
let scale axis and in time scale, respectively. For the Mor-
let wavelet, Torrence and Webster (1999) defined a suitable
smoothing operator as,

b}

2
StimeW)la = (W(Cl, 7) '6‘12“2 )

®)

a

Sscate W)l = (W(a, 1) - c211(0.6a))|,

where ¢j and ¢ are normalization constants and I7 is the
rectangle function; a is the scale expansion factor; 7 is the
time shift factor. The wavelet is stretched in time by vary-
ing its scale (a). The factor of 0.6 is the empirically deter-
mined scale decorrelation length for the Morlet wavelet
(Torrence and Compo 1998). In practice both convolutions
are done discretely and therefore the normalization coeffi-
cients are determined numerically.

The statistical significance level of the wavelet coher-
ence is estimated using Monte Carlo methods. The estima-
tion requires the order of 1000 surrogate data set pairs with
the same AR (1) coefficients as the input data sets. We cal-
culate the wavelet coherence for each pair. The significance
level for each scale is estimated using only values outside
the COI. The number of scales per octave should be high
enough to capture the rectangle shape of the scale smooth-
ing operator while minimizing computing time. Our pre-
trial study results indicate 12 scales per octave are required.
The 5 % significance level against red noise is taken into
our analysis after the calculations.

3.6 Global coherence

The global wavelet coherence coefficient at a certain
scale, a, is defined as time-averaged wavelet coherence
coefficients,

= 1 “
R (a) = " ZR (a,1) 9)

=1

where a is the scale parameter in the frequency domain; 7 is
the location parameter in the time domain; » is the number
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of points in the time series (Torrence and Compo 1998;
Partal and Kucuk 2006).

The global coherence coefficient is used to estimate the
correlation between two time series on different scales,
which is helpful to examine the characteristic periodicities
(Torrence and Compo 1998; Labat 2010).

The Matlab package of wavelet coherence provided by
Grinsted et al. (2004) is used for the calculation in this
study, and the package is available from the URL http://
noc.ac.uk/using-science/crosswavelet-wavelet-coherence.

4 Results

4.1 Principal component analysis of precipitation
data set

Monthly precipitation data were collected from six meteor-
ological stations located in Yangquan City, Yuxian County,
Shouyang County, Xiyang County, Heshun County and
Zuoquan County over the NKS Basin (Fig. 1). To obtain
the precipitation characteristics of the basin (i.e. the rep-
resentative precipitation series of the basin), the PCA is
used to analyze the interrelationships among six precipita-
tion sequences. We acquire a representative precipitation
sequence that could be used to explain these variables, and
it is called the principal component which has a minimum
loss of original precipitation information.

The PCA results of precipitation data set which consists
of six precipitation sequences are listed in Table 1. The
variance proportion of the first principle component Y1 is
90.29 %, which is greater than the required 80 %. There-
fore, the first principal component of the precipitation data
set is used as the precipitation sequence to represent pre-
cipitation in the NKS Basin.

4.2 Data preprocessing for Niangziguan Karst
Springs discharge

As shown in Fig. 2a, an exponential function fits the long-term
trend of Niangziguan Springs discharge, and the function is,

Virenda = 14.9 exp(—0.001471) (10)

where y.nq denotes the long-term trend of the spring dis-
charge; ¢ is time.

The residual of the spring discharges over the time
process is obtained by subtracting the exponential func-
tion from the spring discharge, and it is is assumed to be
affected only by natural conditions (Fig. 2b).

O = Xt — Ytrend (11

where x; denotes the spring discharge; Q; represents the
detrended spring discharge.
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Table 1 Principal component analysis of precipitation data set

Principal components Latents Variance proportion (%)

Y1 17,083 90.29

Y2 800 4.23

Y3 451 2.38

Y4 238 1.25

Y5 198 1.05

Y6 151 0.80

a 207

— Spring discharge
-=-~--Trend

Spring discharge(m3/s)

4 Lin TR
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010
Time (year)

10 1

— Residual spring discharge

21

Residual spring discharge(m3/s) =
N

~41960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010
Time (year)

Fig. 2 Niangziguan Springs discharge and the detrended spring dis-
charge

Hereinafter the detrended spring discharge is referred to
as spring discharge and the following analysis is based on
the detrended data.

4.3 CWT for climate phenomena, precipitation
and the spring discharge

To better understand the variabilities of the climate indi-
ces, precipitation and the spring discharge, we analyze
their oscillations using CWT (Figs. 3, 4, 5). For the mon-
soon indices, the obvious 0.5-year and 1-year periodicities
are observed for ISM (Fig. 3a), and apparent periodicity
of 1-year is observed for WNPM and EASM (Fig. 3b, c).
For the large-scale climate patterns, the periodicities of


http://noc.ac.uk/using-science/crosswavelet-wavelet-coherence
http://noc.ac.uk/using-science/crosswavelet-wavelet-coherence

The effects of monsoons and climate teleconnections on the Niangziguan Karst Spring... 59

Fig. 3 The wavelet transform a Wavelet Transform of ISM
for the monsoon indices
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Fig. 4 The wavelet transform a Wavelet Transform of IOD
for the climate teleconnection

indices

Period(year)

1960 1965 1970 1975 1980 1985 1990 1995 2000 2005
Time (year)

b Wavelet Transform of ENSO

Period(year)

> e — ;
{0 I S R ) T e Y Y O B M O B B

1960> 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010
Time (year)

c Wavelet Transform of PDO

Period(year)

Ix‘ NI o 8 S |||;iii| 1ii;;b;lllilllllllll'[\ll
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010
Time (year)

@ Springer



The effects of monsoons and climate teleconnections on the Niangziguan Karst Spring... 61

Fig. 5 The wavelet trans- a
form for precipitation and the
detrended spring discharge
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2—-4-year, and 2—-6-year are observed for IOD, and ENSO
(Fig. 4a, b). The periodicities of 10-23-year can be seen for
PDO (Fig. 4c). Simultaneously the periodicities of 0.5-, 1-,
and 7-year are observed for precipitation (Fig. 5a), and 1-,
3.5-, 7-, and 16-year are observed for the NKS discharge
(Fig. 5b). From the results, we can find that the signals
between climate indices,precipitation and the spring dis-
charge have resonance, respectively. For example, ISM,
WNPM and EASM resonate with precipitation and the
spring discharge at the periodicity of 1-year. Therefore fur-
ther investigation is needed to reveal the relations between
climate indices, precipitation and the spring discharge.

1980 1985 1990 1995 2000 2005 2010
Time (year)

1975

4.4 Coherence between precipitation and climate
phenomena

We calculate the wavelet coherence coefficients and global
coherence coefficients between monthly precipitation and
climate indices, and the results are shown in Figs. 6 and 7.
The wavelet coherence between precipitation and ISM
(Fig. 6a) shows a continuously significant region (sur-
rounded by thick black contour) at 1-year time scale.
The intermittent significant regions during 1960-1964,
1966-1980, 1981, 1988-1990, 1993-1996 and 2000-
2010 at 0.5-year time scale are apparent. The intermittent
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Fig. 6 The wavelet coherence a Wavelet Coherence:Precipitation-ISM Global Coherence
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significant regions at 2.5-year time scale are mainly found = which means ISM affects precipitation positively. The
in 1971-1976 and 1984-2000. All the significant regions  in-phase relation indicates a complete positive correla-
show in-phase relation over all periods except 1984-2000,  tion. The peak of global coherence between precipitation
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Fig. 7 The wavelet coherence a Wavelet Coherence Precipitation-IOD Global Coherence
between precipitation and the
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and ISM are 0.97, 0.71, and 0.49 at 1-, 0.5-, and 2.5-year the significant region is located out of COI. We think ISM
time scales, respectively (Table 2). Although there is a  affects precipitation mainly at 1-, 0.5-, and 2.5-year time
peak at the time scale of 16-year, it is ignored because  scales.
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Table 2 Peaks of global coherence coefficients between precipitation
and climate indices

Time scale of significant region 0.5 1 2 25 35 8
(years)

Monsoon

ISM 0.71 097 - 049 - -
WNPM 047 096 - 0.52 - -
EASM 0.46 097 - - 0.44 -
Climate teleconnection

10D - 044 037 - - 0.75
ENSO 042 035 - 044 - -
PDO 0.39 0.53 - - - -

Similarly, the wavelet coherence between precipita-
tion and WNPM (Fig. 6b) shows a continuously signifi-
cant region at l-year time scale. The intermittent signifi-
cant regions at 0.5-year time scale are obvious during time
periods of 1960, 1981-1983, 1993-1997, 2002 and 2005—
2008. The apparently significant regions during 1963-1973
and 1994-2002 are observed at 2.5-year time scale. The
significant regions at 1-year time scale show in-phase rela-
tion over all periods, which means that WNPM affects
precipitation positively. The peaks of global coherence
between precipitation and WNPM are 0.96, 0.47, and 0.52
at 1-, 0.5-, and 2.5-year time scales, respectively (Table 2).
Although there is a peak at the time scale of 14-year, the
significant region is located out of COI, so it is neglected.
The WNPS affects precipitation mainly at 1-, 0.5-, and 2.5-
year time scales.

Figure 6c shows a continuous significant region at
1-year scale band between precipitation and EASM. The
intermittent significant regions at 0.5-year scale are also
obvious during time periods of 1960, 1972, 1978-1979,
1981-1982, 1993 and 2006-2007, respectively. The appar-
ent significant regions during 1992-2002 are observed
at 3.5-year scale band. The significant regions at 1-year
scale show in-phase relation over all periods, meaning that
EASM affects precipitation positively. The in-phase corre-
lation is also found during the periods of 1981-1982 and
2006-2007 at 0.5-year scale band. The maximum global
coherence coefficient corresponding to the significant
region is 0.97 at 1-year scale band. The global coherence
coefficients at 0.5- and 3.5-year scales peaking locally are
0.46 and 0.44, respectively (Table 2).

The wavelet coherence between precipitation and 10D
(Fig. 7a) shows intermittent significant regions at 8-year
time scale during 1971-1973, and 1982-1999. The inter-
mittent significant regions at 1 year time scale are observed
during the time periods of 1962-1965, 1969—-1971, 1988-
1991 and 2005-2008. The obvious intermittent signifi-
cant regions at 2-year time scale are still observed during
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1971-1977 and 1995-2001. The peaks of global coherence
between precipitation and IOD are 0.75, 0.44, and 0.37 at
8-, 1-, and 2-year time scales, respectively (Table 2).

The wavelet coherence between precipitation and ENSO
(Fig. 7b) shows that there are three groups of intermit-
tent significant regions located at time scales of 0.5-year
(1970, 1974, 1987-1989 and 1999-2001), 1-year (1978-
1980, 1992-1994 and 2000) with anti-phase correlation
in 1978-1980, and 2.5-year (1978-1980, 1992-1994 and
2000). The anti-phase relation indicates completely nega-
tive correlation. Although there are significant regions at 7-
and 16- year time scales, they are neglected since they are
located out of COI. The peaks of global coherence between
precipitation and ENSO are 0.42, 0.35, and 0.44 at 0.5-, 1-,
and 2.5-year time scales, respectively (Table 2).

The wavelet coherence between precipitation and PDO
(Fig. 7c) shows intermittent significant regions at time
scales of 0.5 year (1960, 1962, 1975-1977, 1979, 1985 and
2007) with the in-phase relation occurring over 1975-1977
and of I-year (1973-1975 and 1990-1994). The 1-year
band is found over the period 1973-1975 and 1990-1994
with in-phase correlation. Still there are significant regions
at 10- and 16-year time scales, but they are neglected
because they are out of COI. The peaks of global coherence
between precipitation and PDO are 0.39, and 0.53 at 0.5,
and 1-year time scales, respectively (Table 2).

The previous results reveal that the monsoons (ISM,
WNPM and EASM) have striking continuous significant
regions of wavelet coherence with precipitation at 1-year
time scale, and top two global coherence coefficients are
0.97 for ISM and EASM, and 0.96 for WNPM (Fig. 6a—).
Meanwhile the intermittent significant regions at 0.5-, 2.5-
and 3.5-year time scales are observed in wavelet coherence
between precipitation and monsoons. Thus the monsoons
strongly affect precipitation at intra-annual, annual, and
inter-annual time scales. The conclusions are consistent
with those obtained by Wu and Liu (2005) that monsoon
is strongly correlated with precipitation in northern China.

In the climate teleconnections, IOD has intermittent
significant regions of wavelet coherence with precipitation
at 8-year time scale (Fig. 7a). Simultaneously the intermit-
tent significant regions at 1- and 2- year time scales are
observed in wavelet coherence between precipitation and
IOD. The global wavelet coherence coefficients at 1-, 2-,
and 8-year time scales are 0.44, 0.37, and 0.75 respec-
tively. Thus, IOD impacts the precipitation at annual and
inter-annual time scales. The conclusions are consistent
with those made by Yang and Guan (2007) that IOD has
significant impacts on precipitation in northern China.
ENSO has intermittent significant regions in wavelet
coherence with precipitation at 0.5-, 1-, and 2.5-year time
scales (Fig. 7b). The global wavelet coherence coefficients
at 0.5-, 1-, and 2.5-year time scales are 0.42, 0.35, and



The effects of monsoons and climate teleconnections on the Niangziguan Karst Spring... 65

0.44, respectively. Therefore, ENSO influences precipita-
tion at intra-annual, annual, and inter-annual time scales.
These conclusions are coincident with Li and Zhao’s
(2000) who investigate the effects of ENSO on the autumn
rainfall in northwest China, and their results indicate the
presence of obvious inverse correlation between precipita-
tion and ENSO. PDO has intermittent significant regions
in wavelet coherence with precipitation at 0.5- and 1-year
time scales (Fig. 7c). The global wavelet coherence coef-
ficients at 0.5-, and 1-year time scale are 0.39 and 0.53,
respectively. PDO is a multi-decade climate indice, how-
ever, any significant regions larger than 10 year time scale
are not found in wavelet coherence analysis. On the other
hand, the global wavelet coherence coefficients at 0.5-,
and I-year time scales are small. So we conclude that the
impacts of PDO on precipitation are weak in the NKS
Basin.

4.5 Coherence between the spring discharge
and climate indices

We calculate the wavelet coherence coefficients and
global coherence coefficients between the monthly spring
discharge and climate indices. The results are shown in
Figs. 8, 9 and 10.

Figure 8a illustrates the wavelet coherence coefficients
and the global coherence coefficients between the spring
discharge and ISM. From Fig. 8a we can see two groups of
significant regions at 0.5-, and 1-year time scales, respec-
tively. The significant regions at 1-year time scale are appar-
ently found in the periods of 19621966, 1972-1973, 1976—
1978, 1982, 1985-1986, 1995-1996 and 1999-2010. The
corresponding peak of global coefficient is 0.62 (Table 3).
The significant regions at 0.5-year time scale are observed
in the periods of 1963-1964, 1967-1968, 1971-1972, 1976,
1980, 1987, 1989 and 1994 with the in-phase relation occur-
ring over 1987 and 1989. The corresponding local peak of
global coefficient is 0.44 (Table 3). So ISM strongly affects
the spring discharge at seasonal and annual time scales.

The wavelet coherence coefficients and global coher-
ence coefficients between spring discharge and WNPM
are shown in Fig. 8b. There are two groups of signifi-
cant regions at 1- and 3.5-year time scales, respectively.
The significant regions at l-year time scale are appar-
ently found during 1962-1966, 1972-1973, 1976-1979,
1985-1986, 1995-1997 and 2000-2010. The correspond-
ing peak of global coefficient is 0.63 (Table 3). The in-
phase relation at this scale is found over 1985-1986. The
significant regions at 3.5-year time scale are observed in
the period of 1964—1970. The corresponding local peak of
global coefficient is 0.44 (Table 3). So WNPM obviously
affects the spring discharge at annual and inter-annual
time scales.

The wavelet coherence between the spring discharge
and EASM is shown in Fig. 8c. Three groups of significant
regions at 0.5-, 1- and 3.5-year scale bands are observed
intermittently. The significant regions at 0.5-year scale
band are apparently found in the periods of 1962, 1965—
1967, 1972 and 1994. The corresponding peak of global
coherence coefficient is 0.41. The significant regions at
1-year scale band are observed in the periods of 1962-
1966, 1972-1973, 1976-1979, 1982, 1985-1986, 1995-
1996 and 2000-2008 with the corresponding local peak
of global coherence coefficient of 0.64. The intermittent
significant regions at 3.5-year scale band are observed dur-
ing the time periods of 1975-1977 and 1995-1999 with the
peak of global coherence coefficient of 0.39 (Table 3).

The wavelet coherence coefficients and global coher-
ence coefficients between the spring discharge and 10D
in Fig. 9a indicates that spring discharge responses to the
variability of IOD at three characteristic scales, 1-year,
3.5-4-year (centering on 4-year) and 5-8-year time scales.
The significant region at 1-year time scale is found during
2005-2008. The corresponding peak of global coefficient is
0.29 (Table 3). At 4-year time scale, the significant region is
observed during 1995-1996, and the corresponding peak of
global coefficient is 0.41 (Table 3). The significant region
at 5-8 year time scale is found during 1985-1988. The
corresponding peak of global coefficient is 0.48 (Table 3).
Thus, 10D influences the spring discharge at annual and
inter-annual time scales.

The wavelet coherence coefficients and the global
coherence coefficients between the spring discharge and
ENSO are shown in Fig. 9b. The significant regions are
mainly distributed in the 0.5-year, 1-year and 3.5-year
time scales. The significant regions at 0.5-year time scale
are found during 1964, 1980-1981 and 1995. The cor-
responding peak of global coefficient is 0.34 (Table 3).
The significant region at 1-year time scale is found dur-
ing 1978-1980. The corresponding peak of global coeffi-
cient is 0.32 (Table 3). The significant region at 3.5-year
time scale is found during 1986-1995. The corresponding
peak of global coefficient is 0.46 (Table 3). In other words,
ENSO impacts the spring discharge on seasonal, annual,
and inter-annual time scales.

The wavelet coherence coefficients and global coher-
ence coefficients between spring discharge and the PDO
show that the significant regions concentrate on 1-year
and 2-year time scales (Fig. 9c). The significant regions at
1-year time scale are found during 1971-1973, 1984—-1986,
1995-1997 and 2000-2001. The corresponding peak of
global coefficient is 0.40 (Table 3). The significant regions
at 2-year fluctuation are mainly found in 1962-1963 and
1992-1994. The corresponding peak of global coefficient
is 0.35 (Table 3). PDO as a multi-decade climate index,
however, is found to have the significant regions with the
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Fig. 8 The wavelet coherence a Wavelet Coherence'Detrended spring discharge-ISM Global Coherence
between the detrended spring
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spring discharge only at 1- and 2-year time scales. These Figure 10 illustrates the wavelet coherence between the
results indicate the impact of PDO on the spring discharge  spring discharge and precipitation. The significant regions
is weak. are mainly distributed in the 0.5-year, 1-year and 5-8-year
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Fig. 9 The wavelet coherence a Wavelet Coherence:Detrended Spring discharge-IOD Global Coherence
between the detrended spring
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bands (centering on 6.5-year). The significant regions at  The in-phase correlation is found in 1985-1986 and the
0.5-year time scale are found over 1963-1964, 1966-1967, anti-phase correlation is observed in 2003-2004. The cor-
1971-1972, 1976-1977, 1985-1986, 1995 and 2003-2004.  responding peak of global coefficient is 0.46 (Table 3). The
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Fig. 10 The wavelet coherence Wavelet Coherence:Detrended spring discharge—Precipitation Global Coherence
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Table 3 Peaks Of, global Time scale of significant region (years) 0.5 1 2 35 4 5-8
coherence coefficients between
the detrended spring discharge Monsoon
and climate indices ISM 0.44 0.62 3 3 3 _
WNPM 0.63 - 0.44 - -
EASM 0.41 0.64 - 0.39 - -
Climate teleconnection
10D - 0.29 - - 0.41 0.48
ENSO 0.34 0.32 - 0.46 - -
PDO - 0.40 0.35 - - -
Weather
Precipitation 0.46 0.67 - - - 0.88

significant regions at 1-year fluctuation are mainly found
during 1962-1966, 1972-1973, 1976-1982, 1985, 1995-
1997 and 2000-2009. The corresponding peak of global
coefficient is 0.67 (Table 3). The anti-phase relation in
the 1-year scale band is found over 1995-1997 and 2000—
2002, and the in-phase relation is also found in 1985-1986.
The significant regions at 5-8-year time scale are found in
the whole period. The corresponding peak of global coef-
ficient is 0.88 (Table 3). Therefore, the spring discharge
strongly responds to precipitation at seasonal, annual, and
inter-annual time scales.

5 Discussions

The study results indicate that both the monsoons and
climate teleconnections affect precipitation in the NKS
Basin, and their effects on precipitation vary with time
scales. Comparing the wavelet coherence coefficients of
precipitation with monsoons to that of precipitation with
climate teleconnections, we find that the coefficients of
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monsoons are much larger than that of climate telecon-
nections (Figs. 6, 7; Table 2). The results indicate that
the precipitation is more strongly affected by monsoons
than by climate teleconnections. In the monsoon indices,
ISM, WNPM and EASM impact on precipitation almost
at same time scales and in equivalent strength, because
coherence coefficients of ISM, WNPM and EASM with
precipitation are very close (Fig. 6; Table 2). The mon-
soons is the dominate factor to precipitation in the NKS
Basin.

For the climate teleconnections, the indices influence
precipitation in multiple time scales (Fig. 7; Table 2).
IOD impacts precipitation at annual and inter-annual time
scales. ENSO affects precipitation at multiple time scales,
including intra-annual, annual, and inter-annual time
scales. The time scales where PDO influences precipitation
do not reflect its major fluctuation characteristics (i.e. dec-
adal oscillation). So the effects of PDO on precipitation are
weak. The climate teleconnections affect precipitation in
the NKS Basin in diversified time scales in relatively weak
strength.
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In summary, the effects of the monsoons on precipi-
tation are stronger than that of the climate teleconnec-
tions. Because precipitation is the main source to recharge
groundwater in the NKS Basin, those climate indices which
strongly affect precipitation would also be the indices
impacting on spring discharge.

The reach of climate effect to spring discharge has to
overcome the resistance of heterogeneous aquifers. Dur-
ing the groundwater flow process, the climate signals will
be attenuated, delayed, merged, and changed. Thus, the
coherence coefficients between the monsoons and spring
discharge are much smaller than those between monsoons
and precipitation (Figs. 6, 8; Tables 2, 3). The time scales
that the monsoons resonate with spring discharge are not
the same as those with precipitation (Tables 2, 3). Simi-
larly, the coherence coefficients between teleconnections
and spring discharge are much smaller than those between
teleconnections and precipitation (Figs. 7, 9; Tables 2, 3).
The time scales that teleconnections resonate with spring
discharge are not the same as those of the teleconnections
resonate with precipitation (Tables 2, 3).

The effects of climate teleconnections on the spring dis-
charge are transmitted and realized by precipitation since
precipitation is very closely related to spring discharge
(Fig. 10; Table 3). However, the time scales that precipita-
tion resonates to spring discharge are different from those
of precipitation to climate indices because of the role of an
aquifer in hydrological processes. An aquifer will adjust
rhythm or fluctuation of precipitation when the precipita-
tion infiltrates through it, and groundwater is endowed with
new periodicity when it discharges to surface as a spring.

6 Conclusions

From the above study results, we conclude that both the
monsoons and the climate teleconnections affect precipita-
tion in the NKS Basin. But the time scales of the monsoons
resonating with precipitation are concentrated and strong,
and those of the climate teleconnections are diversified and
relatively weak. So the monsoons are the major factors to
precipitation, meanwhile the climate teleconnections also
affect precipitation in the NKS Basin.

The effects of the monsoons on the spring discharge are
stronger than those of the climate teleconnections. Because
the climate signals have to overcome the resistance of
heterogeneous aquifers before reaching to the spring, the
strong climate signals (e.g. monsoons) have more energy to
penetrate through aquifers and act on spring discharge.

Karst aquifers play a vital role in hydrological pro-
cesses, especially in relations between climate change
and groundwater. Climate change impacts precipitation
through atmospheric circulation, and precipitation affects

groundwater by infiltration and groundwater propaga-
tion, and groundwater discharges at the spring. During the
processes, the climate signals will be attenuated, delayed,
merged, and changed by karst aquifers. Therefore, the fluc-
tuation of the spring discharge is not coincident with that of
precipitation in most situations. Only the strong signals can
penetrate through aquifers and show their variation charac-
teristics in the spring discharge, but most of the signals will
be adjusted by karst aquifers.

Karst aquifers are, in general, highly heterogeneous.
Different observation wells may have significantly differ-
ent groundwater levels in a karst aquifer. It is difficult, and
sometimes impossible, to find a “representative” ground-
water level as the proxy of a karst aquifer. In another word,
the groundwater level measured at a particular location is
a “localized” quantity, and does not represent a regional
behavior of a karst aquifer. On the other hand, a karst
spring is a natural discharge point of an aquifer, and its dis-
charge variation reflects the combined information of per-
meability and groundwater level change in the aquifer over
a regional scale. Thus, spring discharge is a better proxy for
groundwater resource variability at a regional scale, and is
more closely related to climate variation. In general, the
methods developed in this study could be applied to many
other karst springsheds in the Northern China. This study
makes a solid step towards using meteorological variation
to predict groundwater resource variation.
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