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Abstract Based on daily maximum and minimum temperature records at 78 meteorological stations in the Basin
of China’s largest fresh water lake (Poyang Lake Basin),
the temporal and spatial variability of 11 extreme temperature indices are investigated for the period 1959–2010.
The analysis indicates that the annual mean of daily minimum temperature (Tmin) has increased significantly, while
no significant trends were observed in the annual mean of
daily maximum temperature (Tmax), resulting in a significant decrease in the diurnal temperature range. Trends and
percentages of stations with significant trends in Tminrelated indices are generally stronger and higher than those
in Tmax-related indices; however, no significant trends can
be found in Tmax-related indices (TXMean, TX90p, TXx
and TX10p) at both seasonal and annual time scale. Low
correlations with Global-SST ENSO index are also detected in Tmax-related indices. Significant positive relationships can be found in Tmin-related indices (TNMean, TNx,
TNn and TN90p), however, the most significant negative
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coefficient was also found in cold nights (TN10p) with the
Global-SST ENSO index. Singular value decomposition
(SVD) correlating extreme temperatures over the Poyang
Lake Basin and the North Pacific SST indicates the East
China Sea, Western Pacific and Bering Sea to be stronger
linked with Tmin than Tmax with the first mode (SVD-1)
explaining 90 and 94 % of annual Tmax and Tmin
respectively.
Keywords Extreme temperature indices  Trend
analysis  Poyang Lake Basin  Global-SST ENSO index

1 Introduction
Extreme temperature indices have received much attention
since the first half of the century due to their potential
damages to ecological and socio-economic systems (e.g.,
Easterling et al. 2000; Meehl et al. 2000; Fischer et al.
2012). Difficulties in the analysis of changes in the frequency and intensity of extreme events (e.g., heat waves,
droughts, and hurricanes) arise from the fact that these
changes may occurs without considerably changes in the
mean climate (Trenberth et al. 2007). The analysis of
extreme events is facilitated through the calculation of a set
of extremes indices developed by the World Meteorological Organization (WMO) Commission for Climatology
(CCI)/CLIVAR Expert Team on Climate Change Detection Monitoring and Indices (ETCCDMI). Numerous
studies have been documented this both on regional and
global scale (e.g., Griffiths and Bradley 2007; Gemmer
et al. 2011; Andrade et al. 2012; Guo et al. 2013). On a
global scale daily extreme temperatures show a considerable upward tendency, in particular towards less cold rather
than warmer conditions (Alexander et al. 2006). For China,
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Fig. 1 The geographical
distribution of 78
meteorological stations in the
Poyang Lake Basin

a slightly decreasing trend in the number of hot days (Tmax
over 35 °C) and a significant decreasing trend in the
number of frost days (Tmin below 0 °C) were detected
(Zhai and Pan 2003) during the period of 1951–1999.
However, a number of studies have demonstrated that these
changes are not uniform across China. For example, significant increasing trends in the annual maximum and
minimum temperatures during past 50 years were documented for many regions of China (e.g., Su et al. 2006; You
et al. 2011; Hu et al. 2012), while a decreasing trend of
maximum temperature during 1956–2008 were reported in
the region of the middle and lower reaches of the Yangtze
River and southwestern China (Zhou and Ren 2011). Furthermore, numerous studies documented that atmospheric
anomalies have a significant influence on extreme temperature (e.g., Renom et al. 2011; Loikith and Broccoli 2012;
Unkašević and Tošić 2013). Various authors analyzed SST
anomalies to better understand the factors which cause
anomalous extreme temperature for various regions (e.g.,
Barrucand et al. 2008; Vincent et al. 2011; Hu et al. 2013),
for example, Black and Sutton (2006) linked the 2003
European heat wave with variations in SST anomalies of
both the Mediterranean Sea and the Indian Ocean. In regions
around the Pacific Rim (Kenyon and Hegerl 2008), it has
been demonstrated, for instance, that extreme maximum
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temperatures were significantly cooler during strong La Niña
events than during strong El Niño events over Australia,
southern Africa, India, and Canada while the reverse was
true for United States and northeastern Siberia (Alexander
et al. 2009). In China, also some studies focus on atmospheric anomalies associated with extreme temperature
(Li et al. 2012, 2013; Paula et al. 2010; Chen and Lu 2013).
For example, two key domains in the upper level of the
troposphere that are associated with High temperature
extremes (HTEs) variation, the ‘‘exit’’ and the ‘‘tail’’ of the
East Asian Jet Stream (EAJS), are identified affecting the
high summer HTEs of southeast China (Wang et al. 2013).
Located in the middle and lower reaches of Yangtze
River, Poyang Lake Basin covers an area of 162,200 km2,
which accounts for 9 % of Yangtze River Basin and nearly
97 % of Jiangxi Province. As shown in Fig. 1, the Poyang
Lake, which is the largest freshwater lake in China, is fed
by five river tributaries (Ganjiang River, Xiushui River,
Fuhe River, Raohe River and Xinjiang River). The basin is
dominated by the Southeast Asian Summer Monsoon in
summer, has an average annual temperature of 17 °C and
240–330 frost free days.
Many studies have focused on hydro-climatic changes in
the Poyang Lake Basin at different time scale (Jiang et al.
2006; Guo et al. 2012), however analysis of both, spatial
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and temporal, characteristics of extreme temperature indices and their possible causes are still unavailable. The
Poyang Lake Basin is one of the flood and drought-prone
regions in China and expected to be sensitive to global
warming since it serves important ecological functions
(Hui et al. 2008). Hence there is an urgent need to investigate the spatial and temporal variability of trends of
extreme temperature indices in the basin; furthermore,
physical interpretation is needed to address the possible
causes of those changes.
The objective of this work is to present a comprehensive
analysis of extreme temperature indices in the Poyang Lake
Basin for the period 1959–2010. We furthermore analyzed
the relationship of the extreme temperature indices to the
global-SST ENSO index to gain insight in the mechanisms
governing the observed changes. The paper is structured as
follows: Sect. 2 describes the datasets and the methods
used in this study. In Sect. 3 we analyze the spatial and
temporal variability of the extreme temperature indices
based on observations, as well as their relationships with
the global-SST ENSO index. Conclusions are given in
Sect. 4.

Table 1 Definitions of extreme temperature indices used in this
study
Abbreviation

Indicator name

Definitions

Units

TXMean

Maximum
temperature

Mean of Tmax (daily
maximum temperature)

°C

TNMean

Minimum
temperature

Mean of Tmin (daily
minimum temperature)

°C

DTR

Diurnal
temperature
range

Mean of difference between
Tmax and Tmin

°C

TXx

Max Tmax

Maximum value of Tmax

°C

TNx

Max Tmin

Maximum value of Tmin

°C

TXn
TNn

Min Tmax
Min Tmin

Minimum value of Tmax
Minimum value of Tmin

°C
°C

TN10p

Cool nights

Percentage of days when
Tmin \ 10th percentile

%

TN90p

Warm nights

Percentage of days when
Tmin [ 90th percentile

%

TX10p

Cool days

Percentage of days when
Tmax \ 10th percentile

%

TX90p

Warm days

Percentage of days when
Tmax [ 90th percentile

%

2.2 Methodology
2 Datasets and methodology
2.1 Datasets
Daily maximum (Tmax) and minimum temperature (Tmin)
observations measured at 78 stations were obtained from
the National Climate Center (NCC) of the China Meteorological Administration (CMA). In order to facilitate
calculations of different time series, we select data only
covering the period 1959–2010. Stations with shorter
records are excluded in this study. In order to investigate
the relationship between extreme temperature indices and
large-scale atmospheric processes, the global-SST ENSO
index was used, which is the average SST anomaly equatorward of 20° latitude (north and south) minus the average
SST poleward of 20°, and it captures the low-frequency
part of the El Niño/Southern Oscillation phenomenon. The
global-SST ENSO index was obtained from http://jisao.
washington.edu/data/globalsstenso. The monthly Hadley
Center sea ice and SST (HadISST) dataset over the area of
100E-80W, 20S-60N during 1959–2010 was used to
investigate the spatial correlation between North Pacific
SST and extreme temperatures (Tmax and Tmin) in the
Poyang Lake Basin. HadISST compares well with other
published analyses, capturing trends in global, hemispheric, and regional SST, containing SST fields with more
uniform variance through time and better month-to-month
persistence than those in global sea ice and sea surface
temperature (GISST) (Rayner et al. 2003).

Observed time series often exhibit inconsistencies like
spurious jumps or artificial trends due to changes in station
location, environment, and instrumentation or observing
practice. These inconsistencies may severely affect the
calculation of the extreme temperature indices. So, we
performed a data quality check to account for these
inconsistencies in the time series of daily maximum and
minimum temperature from each station by the following
steps: (1) replacing all missing values into an internal
format that R recognizes, and (2) replace all unreasonable
values into NA (i.e. daily maximum temperature less than
daily minimum temperature). Furthermore, data homogeneity is assessed using the RHtest software, which can be
used to detect, and adjust for, multiple change points that
could exist in a data series that may have first order autoregressive errors. Software and user guide are available
from http://cccma.seos.uvic.ca/ETCCDMI/software.shtml.
After quality control and homogenization we calculated
various extreme indices based on daily maximum and minimum temperatures (see Table 1). Apart from TXMean and
TNMean these are indices recommended by the CCI/CLIVAR-ETCCDMI (http://cccma.seos.uvic.ca/ETCCDMI/).
The non-parametric Mann–Kendall (MK) test was used
to determine whether there is a significant positive or
negative trend in the extreme temperature indices. The test
has been widely used in the analysis of hydro-meteorological time series (Kahya and Kalayci 2004; Partal and
Kahya 2006; Tao et al. 2011). There are two advantages of
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using this test. First, it is a non parametric test and does not
require the data to be normally distributed. Second, the test
has low sensitivity to abrupt breaks due to inhomogeneous
time series (Tabari et al. 2011). The procedure of MK trend
test adopted in this study is as follows:
First the MK test statistic is calculated as
S¼

n1
X

n
X

sgnðxj  xi Þ

ð1Þ

i¼1 j¼iþ1

8
< þ1; xj [ xi
0; xj ¼ xi and n is the sample
where sgnðxj  xi Þ ¼
:
1; xj \xi
size. The statistics S is approximately normally distributed
when n C 8, with the mean and the variance as follows:
EðSÞ ¼ 0
VðSÞ ¼

nðn  1Þð2n þ 5Þ 

ð2Þ
Pn

i¼1 ti iði

18

 1Þð2i þ 5Þ

ð3Þ

where ti is the number of ties of extent i. If no ties between
the observations are present and no trend is present in the
time series, the test statistic is asymptotically normal distributed with
VðSÞ ¼

nðn  1Þð2n þ 5Þ
:
18

ð4Þ

The standardized statistics (Z) for one-tailed test is
formulated as:
8
S1
>
>
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
>
>
>
< VarðSÞ S [ 0
S ¼ 0:
ð5Þ
Z¼
0
>
>
S
þ
1
>
S\0
>
>
: pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
VarðSÞ
At the 5 % significance level, the null hypothesis of no
trend is rejected if |Z| [ 1.96 and rejected if |Z| [ 2.57 at
the 1 % significance level. In this research, both of the
significance level of a = 0.05 and a = 0.01 were applied.
Since numerous studies report that the presence of serial
correlations may lead to an erroneous rejection of the null
hypothesis (Yue and Wang 2002; Hamed 2009), in this
study, trend free pre-whitening proposed by Yue and Wang
(2002) is applied with significant autocorrelation to eliminate the effect of serial correlation.
To estimate the magnitude of the slope we use the
nonparametric Sen slope estimator (Sen 1968). This
approach involves computing the slopes for all temporally
ordered pairs of data points and then calculating the median
of these slopes as an estimate of the overall slope (Salmi
et al. 2002). Since Sen’s slope is not greatly affected by
single data errors or outliers and missing values are also
allowed, it is more rigorous than the commonly used
regression slopes and thus provides a realistic measure of
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the trends in the time series. Sen’s method can be used in
cases where the trend can be assumed to be linear. This
means that f(t) is equal to
f ðtÞ ¼ Qt þ B

ð6Þ

where f(t) is a continuous monotonic increasing or
decreasing function of time, Q is the slope and B is a
constant. To obtain the slope estimate Q in Eq. (6) we first
calculate the slopes of all data value pairs
Qi ¼

xi  xk
jk

ð7Þ

in which j [ k. A positive value of Qi indicates an
increasing trend whereas a negative value indicates a
decreasing trend. If there are n values xj in the time series
we get as many as N = n(n-1)/2 slope estimates Qi. The
Sen’s estimator of slope is the median of these N values of
Qi. The N values of Qi areranked from the smallest to the
largest and the Sen’s estimator is
8
if N is odd
< Q½ðNþ1Þ=2
Q
þ
Q
ðNþ2Þ
N
ð8Þ
Q¼
½ 2 
: ½2
if N is even
2
The Q sign denotes data trend reflection, while its value
indicates the steepness of the trend. To determine whether
the median slope is statistically different from zero, one
should obtain the confidence interval of Q at specific
probability. The confidence interval about the time slope
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
can be computed as follows: Ca ¼ Z1a=2 VarðSÞ, where
Var(S) is same defined as the variance in MK test and
Z1a=2 is obtained from the standard normal distribution
table. In this study, we calculated the confidence interval at
a = 0.01 and a = 0.05. Then M1 ¼ ðN  Ca Þ=2 and M1 ¼
ðN þ Ca Þ=2 are computed. The lower and upper limits of
the confidence interval, Qmin and Qmax, are the M1th largest
and the (M2 ? 1)th largest of the N ordered slope estimates
Qi. The slope Q is statistically different from zero if the
two limits (Qmin and Qmax) have the same sign. To obtain
an estimate of B in Eq. (6) the n values of differences xiQti are calculated. Their median of these values gives an
estimate of B. Estimates for the constant B of lines of the
99 and 95 % confidence intervals are calculated by a
similar procedure (Salmi et al. 2002).
Singular value decomposition (SVD) analysis is frequently used to identify pairs of spatial patterns whose time
series are characterized by maximum temporal covariance.
It tends to compress complicated temporal covariance
between two fields into a relatively few pairs of spatial
patterns by maximizing temporal covariance explained by
each pair of the spatial patterns while constraining them to
be spatially orthogonal to the preceding ones of the same
field (Cheng and Dunkerton 1995). The contribution of a
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Fig. 2 Sen’s slope estimator and MK trend test of TXMean, TNMean
and DTR. Stations with significant positive (negative) trends (at 95 %
confidence level) are shown as circles with cross (line); stations with
no significant trends are shown as circles with half black circles. The
diameter of the circles is proportional to the Sen slope value, small

circles denote the values between -0.20 and 0.20, medium circles
denote the value between -0.21 and -0.40 and 0.21 to 0.40, large
circles between -0.41 and -0.60 and 0.41 to 0.60, extra-large circles
denote the value C0.61 or B-0.61

pattern to the total covariance of the two fields is measured
by squared covariance function (SCF). In this study, SVD
has been applied and the first pair of patterns is selected to
identify the important regions and spatial patterns of North
Pacific SST to extreme temperature (Tmax and Tmin) variations the Poyang Lake Basin.

Stations with significant decreasing trends in diurnal temperature range (DTR) were mainly located in the northern
parts of the Poyang Lake Basin.
The statistics of trend based on the Sen slope estimate,
applied to the annual time series, indicate asymmetric
trends of maximum temperature (TXMean) and minimum
temperature (TNMean), leading to a decreasing trend in the
DTR during 1959–2010 (Fig. 3).

3 Results
In this section, we firstly present the spatial and temporal
variability of trends in maximum, minimum temperatures
and their diurnal range (TXMean, TNMean and DTR).
Secondly, the seasonal variability of trends of the extreme
temperature indices, together with the spatial patterns of
trend are analyzed. Finally, the correlation between the
global-SST ENSO index and extreme temperature indices
are evaluated.
3.1 Spatial and temporal variability of trends
in TXMean, TNMean and DTR
Spatial distribution of trends in TXMean, TNMean and
DTR during 1959–2010 was investigated by MK test and
Sen’s slope estimator of each station. As shown in Fig. 2,
significant increasing trends in annual mean minimum
temperature (TNMean) can be found in most of the stations, which are of greater magnitude than those for annual
mean maximum temperature (TXMean). The magnitudes
of the trends in annual mean minimum temperature
(TNMean) ranged between 0.2 and 0.7 in most of the
stations, while the trends of TXMean in most stations have
remained steady or increased only slightly at few stations.

3.2 Seasonal variability of trends in extreme
temperature indices
To provide better understanding of trends in extreme
temperature indices, their statistical significance is assessed
at the 95 and 99 % confidence level by employing the MK
trend test. The color bar in Fig. 4 shows the percentage of
stations with a significant positive or negative trend for all
extreme temperature indices for both seasonal and annual
time scales. The changes in different seasons do not appear
uniform. The percentage of mean minimum temperature
(TNMean) and their absolute minima (TNn) show the
highest number of positive trends at 99 % confidence level
for winter, while the highest number of negative trends at
99 % and positive trends at 95 % in the percentage of cold
nights (TN10p) can be noted for spring and winter,
respectively, which means a decreasing occurrence of cool
nights in spring and an increasing occurrence of cool nights
in winter during 1959–2010. In autumn, no station shows
significant trends in the percentage of cold days (TX10p)
and minimum Tmax (TXn) indices.
In contrast to the seasonal results, the percentage of
annual mean minimum temperature (TNMean) and their
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Fig. 3 Time series and trend of TXMean, TNMean and DTR anomalies

absolute minima (TNn) shows more stations with positive
trends at 99 % confidence level in these indices than in
others, and the highest percentage of stations with negative
trends at 99 % confidence level can be found in cold nights
(TN10p). To summarize the temporal variability of
extreme temperature indices, the trend of seasonal and
annual time series of each index has been subjected to MK
trend test and Sen’s slope estimator. Seasons were defined
as December, January, February (DJF) and each 3 month
period thereafter. The statistical result presented in Table 2
has shown that no significant trends can be found in Tmaxrelated indices (TXMean, TX90p, TXx and TX10p) at both
seasonal and annual time scale. MK test has revealed a
positive warming trend in TNn in all seasons except in
summer (JJA). TNn is also the unique index in which the
MK test shows significant trend in autumn (SON). Insignificant trends in DTR, TN90p, TXn and TNx were found
in all seasons except summer.
Annually, the results show that indices related to minimum temperature (TNMean, TN90p, TNn and TNx) trends
reveal significantly increasing at 99 % confidence level
trends, while the increasing trend of minimum Tmax (TXn)
is significant at 95 % confidence level. In contrast, significantly decreasing trends are observed in DTR and the
percentage of cold nights (TN10p), and the lowest Z in
TN10p suggest that the frequency of annual cold night
decreased considerably during 1961–2010.
3.3 Spatial variability of trends in extreme temperature
indices
3.3.1 Warm Extremes (TX90p, TN90p, TXx, TNx)
The spatial trend patterns of warm extremes across the
Poyang Lake Basin are shown in Fig. 5. As noted, the
trends of warm days (TX90p) and annual maximum temperature (TXx) in most of the stations generally shows
insignificant trends during 1959–2010. For the indices
related to warm nights (TN90p and TNx), the spatial
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pattern are quite mixed, about 22 and 30 % stations show
statistically significant increasing trends, respectively.
3.3.2 Cold extremes (TX10p, TN10p, TXn, TNn)
Trend for individual stations in warm nights (TX10p) and
cold nights (TN10p) are spatially coherent across the
region (Fig. 6). In contrast with the steady trend in warm
nights (TX10p), a widespread pattern of significant
decreasing trends can be found in cold nights (TN10p). For
annual minimum Tmax (TXn) and minimum Tmin (TNn),
less evidence of coherent changes can be observed, about
36 and 76 % of stations show statistically significant
increasing trends, respectively.
According to the results in the previous section, we can
conclude that the spatial and temporal changes in trends
indicate that the bulk of the significant decrease in annual
DTR is due to the asymmetric change in annual maximum
and minimum temperatures, this is particularly true in the
northern parts of the Poyang Lake Basin. The trends of
warm days (TX90p) and cold days (TX10p) reveal that the
Poyang Lake Basin experienced relatively steady changes
in warm days and warm nights, while warm nights and cold
nights (TN90p and TN10p) during 1959–2010 show significant increase and decrease, respectively, during
1959–2010. The steady changes in trends are observed also
in annual maximum Tmax (TXx), while less than half of the
total stations show significant increasing trends in annual
minimum Tmax (TXn). The Tmin-related indices (TNx and
TNn) also increased significantly on annual time scale, but
minimum Tmin (TNn) increased more strongly and broadly
across the Poyang Lake Basin.
Since the variability of global SST anomaly patterns can
be closely related to some of the changes of extreme
temperature globally (Alexander et al. 2009; Vincent et al.
2011; Arblaster and Alexander 2012), the correlation
between Global-SST ENSO index and regional averaged
extreme temperature indices was analyzed to address the
possible reason of the variability of extreme temperature
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Fig. 4 Percentage of stations with a significant positive or negative trends (MK test)

indices. Figure 7 shows the relationship between GlobalSST ENSO index and extreme temperature indices over the
study region both on seasonal and annual scale. Significant
positive relationship between Global-SST ENSO index and
mean Tmin (TNMean) can be found in all seasons, while no
significant relationship can be found in DTR and Tmaxrelated indice (TX90p, TXn and TX10p) in all seasons.
Significantly positive and negative relationships can be

found both in autumn and winter in minimum Tmin (TNn)
and cold nights (TN10p), respectively. TXMean and TXx
over the Poyang Lake Basin are positively correlated with
Global-SST ENSO index only in autumn and spring,
respectively, while TN90p is positively correlated with
Global-SST ENSO index except in winter. The correlation
coefficients for annual extreme temperature indices shows
the Tmax-related indice (TXMean, TXx, TXn, TX10p and
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Table 2 Z values of MK trend test for the seasonal and annual mean
extreme temperature indices over the Poyang Lake Basin during
1961–2010
Indices

MAM

JJA

DJF

Annual

TXMean

1.72

TNMean

2.63**

DTR
TX90p

0.66
1.85

TN90p

1.1

3.43**

TXx

1.32

1.37

TNx

1.76

3.45**

TXn

1.94

-2.26*

0.39

1.78

2.12*

TNn

2.24*

1.78

2.28*

3.54**

3.64**

TN10p

-3.16**

TX10p

-1.12

-0.52

SON

2.49*
-2.68**
1.44

0.78

1.33

1.22

1.12

3.18

4.04**

-0.2
0.73

-1.58
-0.11

-2.32*
1.4

0.2

1.65

2.41*

0.94

0.5

0.13

0.36

1.48

2.72**

-1.48

-1.32

-4.30**

-4.93**

1.67

-0.04

-1.05

-0.65

Significant trends are in bold (* and ** means significant at 95 and
99 % confidence level)

Fig. 5 Same as Fig. 2, but for warm extreme indices

Fig. 6 Same as Fig. 2, but for cold extreme indices
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TX90p) have lower correlation with Global-SST ENSO
index. Significant positive relationship can be found in
TNMean (r = 0.65), TNx (r = 0.44), TNn (r = 0.45) and
TN90p (r = 0.51), which are closely related to the changes
in minimum temperature. However, the most significant
negative coefficient (r = -0.70) was also found in cold
nights (TN10p) with the Global SST ENSO index.
To explore spatial links between extreme temperature
variability over the Poyang Lake Basin and SST, we performed conventional SVD analysis on Tmax/Tmin and SST,
respectively. Spatial patterns of the first SVD mode (SVD-1)
for Tmax and Tmin are shown in Fig. 8. The SVD-1 between
annual Tmax and SST fields, estimated for the period
1959–2010 explains 90 % of the total covariance. We region
and extreme temperatures of the Poyang Lake Basin focus
our analysis to consideration of the SVD-1 since each of the
subsequent modes explains only very small fractions of the
total covariance of Tmax and SST, respectively. For annual
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Tmax, the SVD-1 spatial pattern for the SST is characterized
by high positive correlation coefficients in the East China
Sea, while, a more stronger links can be observed in the
SVD-1 for the Tmin and SST, which explains 94 % of the
total covariance between Tmin and SST. The obtained pattern
is structurally similar to that for the Tmax, namely, the
associated SVD-1 pattern for Tmin (right panel of Fig. 8) is
mainly affected by the fluctuation of SST in East China Sea,
Western Pacific and Bering Sea. However, the links between
SST anomalies and Tmin are stronger than those with Tmax.

4 Summary

Fig. 7 Linear correlation coefficients between Global-SST ENSO
index and extreme temperature indices over the Poyang Lake Basin
during 1959–2010. Cube with red and dark blue denotes the coefficients
significant at 1 % confidence level (n = 51, when r = ±0.35,
P = 0.01)

The spatial and temporal variability of trends in 11 temperature extreme indices are investigated for 78 meteorological stations with high quality data set for the period
between 1959 and 2010. The application of the Mann–
Kendall test and Sen’s method reveal an asymmetric

Fig. 8 Hetero-correlation coefficient fields of the first SVD mode between the SST in the North Pacific
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change in maximum and minimum temperatures trends,
which lead to a statistically significant decreasing DTR in
agreement with global analysis results (Alexander et al.
2006). More specifically, Tmin-related indices show stronger warming trends and higher percentage of stations with
significant trends associated with the warming trends than
the Tmax-related indices. At both seasonal and annual time
scale, however, significant trends have not been observed
in Tmax-related indices (TXMean, TX90p, TXx and
TX10p). Furthermore, a lower correlation with Global-SST
ENSO index is detected in Tmax-related indices. SVD
analysis of annual Tmax and SST shows a structurally
similar pattern to that for the annual Tmin, which implies
a stronger links with SST anomalies in the East China
Sea, Western Pacific and Bering Sea than those with
Tmax. The present results imply that rather complex and
yet not well-understood variability of extreme temperature over the Poyang Lake Basin deserves further
investigation. Therefore, for more reliable attribution of
changes in extreme temperatures, and to understand the
underlying dynamics, these studies should include the
analysis of lead-lag relationships between large scale
circulation and extreme temperatures using both circulation indices or fields (like geopotential height or sea
level pressure).
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Salmi T, Määttä A, Anttila P, Ruoho-Airola T, Amnell T(2002)
Detecting trends of annual values of atmospheric pollutants by
the Mann–Kendall test and Sen’s slope estimates—the excel
template application MAKESENS. Ilmatieteen laitos, Meteorologiska Institutet, Finnish Meteorological Institute
Sen PK (1968) Estimates of the regression coefficient based on
Kendall’s tau. J Am Stat Assoc 63:1379–1389
Su BD, Jiang T, Jin WB (2006) Recent trends in observed
temperature and precipitation extremes in the Yangtze River
basin, China. Theor Appl Climatol 83:139–151
Tabari H, Marofi S, Aeini A, Talaee PH, Mohammadi K (2011) Trend
analysis of reference evapotranspiration in the western half of
Iran. Agric For Meteorol 151(2):128–136
Tao H, Gemmer M, Bai YG, Su BD, Mao WY (2011) Trends of
streamflow in the Tarim River Basin during the past 50 years:
human impact or climate change? J Hydrol 400:1–9
Trenberth KE, Jones PD, Ambenje P, Bojariu A, Easterling D,Klein
A, Tank D, Dark D, Rahimzadeh F, Renwick JA, Rusticucci M,
Soden B, Zhai P (2007) Observations: surface and atmospheric
climate change. In: Solomon S, Qin D, Manning M, Chen Z,
Marquis M, Averyt KB, Tignor M, Miller HL (eds) Climate
change 2007: the physical science basis. contribution of working

group I to the fourth assessment report of the intergovernmental
panel on climate change. Cambridge University Press, Cambridge, New York
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