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Abstract Daily records including the 0-cm average ground
surface temperature (AGST) and average air temperature
(AAT) from 557 meteorological stations over China from
1951 to 2010 are analyzed by employing the detrended fluc-
tuation analysis (DFA) method. Different long-range correla-
tion behaviors are found between AGSTand AAT. The results
show that the regional-averaged, minimum, and maximum
values of the scaling exponents for AGST are shifted to the
higher values than those for AAT over China. Furthermore,
the number of stations where the differences of the scaling
exponents between AGST and AAT is greater than zero ac-
counts for about 87 % of the total. The probability distribu-
tions of the exponent differences are concentrated on the value
of 0.04. Then, we make a numerical test to prove the signif-
icance of the difference in exponents by shuffling the data
records which have removed the seasonal cycle. The results
show that the difference of scaling exponents between AGST
and AAT is significant. Through the comparison and analysis
of AGST and AAT, we find that AGST seems to be more
sensitive to detect temperature persistence changes.

1 Introduction

The temperature records are one of the most fundamental
indicators of climate fluctuations (Hasselmann 1993; Hegerl

et al. 2006; Jones and Moberg 2003; Barnett et al. 2005).
Many people mainly focused on the changes of air tempera-
ture in climate change research (Zhai and Pan 2003; Zhai et al.
2004; Zou et al. 2005). However, there is much less research
on the ground temperature, especially on the long-range cor-
relations (LRCs) of the ground temperature variability, due to
its short time coverage, few numbers of observation stations,
and uneven distributions. The air temperature is a physical
variable used to quantify the degree of cold and hot air and is
the temperature in the screen about 1.5-m high from the
ground. The 0-cm ground temperature refers to the tempera-
tures of the ground surface and soil, and it is one of the
meteorological observation projects and very useful climate
resources. Thus, it is very necessary to study the ground
temperature variations.

In recent years, the DFAmethod has been established as an
important tool for the detection of the LRCs, and it can
systematically eliminate trends of time series with
nonstationarities (Peng et al. 1994; Bunde et al. 2000;
Kantelhardt et al. 2001; Hu et al. 2001; Chen et al. 2002;
Kavasseri et al. 2005; Telesca et al. 2005). It has been widely
applied to diverse fields of interest as DNA (Peng et al. 1994),
cloud structure (Liu et al.,1997; Ivanova et al. 2000), long-
time temperature records (Koscielny-Bunde et al. 1996, 1998;
Talkner andWeber 2000;Weber and Talkner 2001; Bunde and
Havlin 2002; Govindan et al. 2002; Monetti et al. 2003;
Eichner et al. 2003; Blender and Fraedrich 2003; Fraedrich
and Blender 2003; Kurnaz 2004a, b; Király and Jánosi 2005;
Rybski et al. 2008; Yuan et al. 2010; Jiang et al. 2012), and
relative humidity records (Chen et al. 2007; Lin et al. 2007).
Previously, the calculated scaling exponents are roughly the
same value of 0.65 for the continental (Koscielny-Bunde et al.
1998; Weber and Talkner 2001; Bunde and Havlin 2002;
Eichner et al. 2003). Therefore, to systematically analyze the
LRCs for the ground temperature is of great importance. The
DFA method is applied to study the temporal-spatial charac-
teristics of the LRCs for average ground surface temperature
(AGST) over the past 60 years in China. The purpose of this
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study is to analyze and compare the temporal-spatial differ-
ences of the LRC behaviors for AGST and average air tem-
perature (AAT) over China by the DFA method.

2 Data and method

2.1 Data records

The daily temperature records are from the Chinese National
Meteorological Information Center. The data sets include
high-quality land surface records from 557 Chinese meteoro-
logical stations. The long records have been applied in many
studies in the recent 50 years (Zhai and Pan 2003; Zou et al.
2005; Chen et al. 2007; Lin et al. 2007; Yuan et al. 2010; Jiang
et al. 2012). Some stations are excluded because of their short
time coverage or lack of the measured values. Chen et al.
(2002) pointed out that the scaling behaviors are not affected
by randomly cutting out segments and stitching together the
remaining parts. Hence, the missing values of raw data are

eliminated. The AGST and AAT are used in this paper. The
annual cycles from the raw data Ti are removed by computing
the temperature anomalyΔTi=Ti−〈Ti〉d, where 〈Ti〉ddenotes the
average value for a given calendar day.

2.2 Method

The DFA method was mainly described by three important
steps (for more details, see Bunde et al. 2000; Kantelhardt
et al. 2001).

(1) The profile

y ið Þ ¼
Xi

k¼1
ΔTk ð1Þ

where the records ΔTk of length N are divided into
nonoverlapping segments of equal length s, indexed by
k=1,…, Nswith Ns=[N/s].
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Fig. 1 The variations of profile for AGST (red lines) and AAT (black lines) during the time from 1951 to 2010. aStation Beijing (AATwith no missing
value in both AAT and AGST; blue line). b Station Guangzhou
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Fig. 2 The double log plots of power law relationship between the
detrended variability F(s) and the time scale s for AGST (black solid
circle) and AAT (black hollow circle). Black dashed line is the curve of

linear fit for the AGST. Black dotted line is the curve of linear fit for the
AAT. a Station Beijing (AAT with no missing value in both AAT and
AGST; red solid circle). b Station Guangzhou
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(2) In each of these segments, the local trend yν(i) is calcu-
lated by least square fits in the interval v.

y0 ið Þ ¼ y ið Þ − yν ið Þ ð2Þ

(3) The profile is detrended by subtracting the local fit, and
the fluctuation function for each segment length s is
calculated by

F nð Þ sð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

2Ns

X2Ns

ν¼1

Xν

k¼1
y kð Þ − yν kð Þ½ �2

vuut ð3Þ

For different detrended orders, we can obtain different fluctu-
ation functions F(n)(s). Typically, F(s) increases with s. The linear
relationships of double log plots show the presence of power law
scaling F(s)∼sα. The scaling exponent α represents the correla-
tion degree of the analyzed record: if α>0.5, the time series is
correlated; if α=0.5, it is uncorrelated (white noise); if α<0.5, it
is anti-correlated; and if α=1, the time series is 1/f noise. By
definition, different order n of DFA (DFA1, DFA2,…, DFAn)
differs in the order of the polynomials used in the fitting proce-
dure. DFAn eliminates trends of order n in the profile which
correspond to the trends of order n−1 in the original record.

3 Results

To detect LRCs in the AGST and AAT time series, two
examples randomly chosen from all stations including
Beijing and Guangzhou are used to calculate the profiles and
the scaling exponents employing the DFA2 method.

Figure 1 shows the different shapes of the profiles, respec-
tively. The amplitudes of the profiles for AGST are smaller
than those for AAT for such two stations, which indicate that
the deviations of the AGST from its averaged annual cycle are
weaker. All profiles of AAT at two stations decrease first and
then increase, taking on shapes like the letter “v” totally,
which implies that the deviations of the AAT from its aver-
aged annual cycle at the first part are negative and at the latter
part are positive. The changes of the profiles for AGST take
different features from each other; there are more short-term
variations. Because the number and location of missing values
for the AGSTand AATare usually different over each station,
the sample length for the AGST and AAT may not be equal.
Considering the inconsistent data length, we also remove
measured values simultaneously in both AGST and AAT
records when there are missing values found in either the
AGST or AAT record or in both records to compute the
profiles of the consistent data length for AGST and AAT
(see Fig. 1a). It can be found that there are little changes for
two AAT profiles.

Figure 2 shows the relationships of log–log plot between
the fluctuation function F(s) and window scale s using DFA2.
The power law scaling behaviors over the middle range for
the above two examples are dominant, and the scaling range
exceeds one decade. This similar behavior has been observed
before for daily temperature data (Talkner and Weber 2000;
Weber and Talkner 2001; Kurnaz 2004a, b). Therefore, we
apply the results from the time from s>3months to s<1,000 days

Fig. 3 The spatial distributions
of the difference in scaling
exponents between AGST and
AAT

Table 1 Comparison of frequency for the differences Δα of scaling
exponent

Percentage (%) Counts Ranges

Δα<0 12.9 72 −0.11 to 0

Δα≥0 87.1 485 0 to 0.18

Long-range correlation behaviors AGST and AAT over China 27
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to study the LRC behaviors of the AGST and AAT. Figure 2a
shows that the scaling behavior is almost unchanged whenmore
measured values are removed to reach the same data length for
the AGST and AAT. Hence, the scaling behaviors are not
affected by removing the missing values and stitching together
the remaining parts (Chen et al. 2002). It can be seen that the
differences of long-range persistence for two stations are
obvious.

The spatial distributions of the differences in exponents
between AGST and AAT can be found in Fig. 3. By compar-
ison, we find that the scaling exponents of AGST are higher
than those of AAT, as a whole, over China. Only 72 stations,
the values of scaling exponent differences are less than zero.
The negative values of Δα are mainly located in area 1,
whereas the specific physical mechanisms need to be
discussed in future work. These stations are mainly distributed
in the southwest and parts of the northwest areas and account
for about 13 % of the total. The proportions account for about
87 % of the total in the other stations where the values of the
difference in exponents are greater than zero. In brief, there
exist consistent spatial distribution characteristics of the dif-
ferences of LRCs between AGST and AAT. AGST appears to
be more sensitive to detect the changes of temperature persis-
tence. Table 1 shows the frequency comparison for the

differences of scaling exponent between AGST and AAT.
We find that the percentage and counts of Δα which is greater
and equal to zero account for 87.1 %. The results indicate that
it is significant that the scaling exponents are shifted toward
higher value in the AGST compared with the AAT. There are
much stronger LRCs in AGST than those in AAT, on the
whole, over China.

Figure 4a gives the frequency distributions of the scaling
exponents for AGST and AAT time series obtained from 557
weather stations over China before and after shuffling.
Figure 4b shows the variations of scaling exponents in 557
different weather stations before and after shuffling between
AGST and AAT time series. It can be seen that probability
density of the differences in exponents is obvious before
shuffling and almost the same after shuffling in Fig. 4a.
Furthermore, the maximum frequency ranges are mainly con-
centrated on the value of 0.71 for AGST and 0.67 for AAT.
The overall values for AGSTmove to the right and high value
area. The average value of the differences in exponents is
concentrated on the value of 0.04. Compared with Fig. 4a,
there is an obvious consistency after shuffling in Fig. 4b. The
fluctuation of scaling exponents in different weather stations
appears to decrease after shuffling compared with that before
shuffling in Fig. 4b.

We also make a numerical test by shuffling data records to
verify that the difference in exponents is significant. We
perform the following steps:

1. AGST and AAT time series are shuffled for all 557
weather stations, respectively.

2. Apply DFA2 method to the shuffled data records and get
the corresponding scaling exponents.

3. Compute the average values of scaling exponents for
AGST and AAT time series, respectively, and get the
difference of the average values in exponents.

4. Repeat the steps 1–3 and create the average values of 100
scaling exponents for AGST and AAT, respectively.
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Fig. 4 aThe frequency histograms of the scaling exponents for AGST, AAT, and their differences. bThe variations of scaling exponents in 557 different
weather stations before and after shuffling between AGST and AAT time series

Table 2 Statistical comparison of the scaling exponents for AGST, AAT,
and Δα

DFA2 Average Standard
deviation

Minimum Maximum

AAT 0.67 0.042 0.56 0.84

AGST 0.71 0.046 0.62 0.89

Δα (AGST−AAT) 0.04 0.030 −0.11 0.17

Shuffled_AGST 0.50 0.019 0.45 0.55

Shuffled_AAT 0.50 0.018 0.44 0.55

Shuffled_Δα 0.00 0.025 −0.08 0.08
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5. Compare the difference of two groups of 100 average
values for AGST and AAT based on the standard devia-
tion as the error bars.

The purpose of doing above steps is to calculate how big
the small difference is due to the effects of statistical errors
whether there is a significant difference between two groups
of sequences for AGST and AAT.

Table 2 shows the average value and standard deviation of
the scaling exponents calculated for AGST, AAT, and Δα
before and after shuffling at all weather stations, respectively.
Apparently, the value of the scaling exponent for AGST
α=0.71±0.046 is larger than that for AAT α=0.67±0.042

before shuffling. The average value and standard deviation of
Δα are 0.04 and 0.041, respectively. The scaling exponents
are shifted toward higher value in the AGST compared with
the AAT. There are much stronger LRCs in AGST than in
AAT. Solar radiation absorbed directly by the atmosphere is
few but quite a lot by the ground. The heat stored in the
ground is mainly transferred to the atmosphere by long-
wave radiation, and this is the main heat source of the atmo-
sphere. The heat content is usually larger for ground surface
than air, so changes of ground temperature may persist much
longer than those of air temperature. Therefore, this may be
the reason why LRCs of AGST are stronger. However, the
average value and standard deviation for AGST α=0.50±

Fig. 5 Spatial distributions of
land use types and meteorological
stations

Fig. 6 The spatial distributions
of scaling exponent difference for
AAT and AGST series
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0.019 and for AAT α=0.50±0.018 are almost the same after
shuffling. The standard deviation of Δα is 0.025 which is less
than the difference of the average value in exponents between
AGST and AAT time series. Therefore, we think that the
difference of scaling behaviors between AGST and AAT time
series is significant.

In addition, we analyze and compare the difference of
scaling exponents with respect to location or geographic pa-
rameter. The main land use types can be divided into four
categories over China, which include bare soil, crop, forest,
and grassland. Spatial distributions of land use types and
meteorological stations are shown in Fig. 5. We stratify six
sections over China according to the features of the underlying
surface exhibited in Fig. 6. It appears that the stations where
the differences in exponents are greater than 0.04 are mainly
located in area 6 corresponding to the forest and crop under-
lying surface types in the northeast of China in Fig. 6. Areas 3
and 4 also exhibit similar spatial distribution characteristics.
However, areas 1 and 5 show similar spatial distributions
corresponding to the bare soil and grassland surface types.
There exist a variety of vegetation types in area 2. Moreover,
Tibet Plateau landform and the southwest monsoon play an
important role in affecting the LRCs of AGST and AAT. The
differences of exponents are mainly less than zero in area 2.

Long-range persistence can be affected by different geo-
graphic parameters or locations. However, different climate
systems and atmospheric circulation conditions can also affect
long-range persistence for AGST and AAT time series.
Therefore, the specific physical mechanisms affecting the
LRCs are complicated and still need to be analyzed and
discussed in future work.

4 Conclusions and discussions

In this study, the LRC behaviors of AGST and AAT from 557
weather stations are analyzed by using the DFA2method. Our
main findings can be summarized as follows:

1. The differences in exponents between AGSTand AATare
greater than zero accounting for about 87 % of the total as
a whole over China. The probability distributions of the
differences are concentrated on the value of 0.04. In only
72 stations, the difference values in exponents are less
than zero. There are much stronger LRCs for AGST than
those for AATon the whole. Furthermore, a numerical test
by shuffling data records is used to verify that the differ-
ence in exponents is significant. It is significant for the
differences in exponents between AGST and AAT.

2. By comparing the differences of the scaling exponents
between AGST and AAT time series with respect to
location or geographic parameter, we stratify six sections
over China and discuss the possible reasons caused by

different underlying surface types. LRCs can be affected
by different geographic parameters or locations.
However, the complicated climate system and atmospher-
ic circulation can also affect scaling behaviors. Therefore,
the specific physical mechanisms are still need to be
analyzed and discussed in future work.
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