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Abstract. We evaluate to what extent the temperature rise in the past
100 years was a trend or a natural fluctuation and analyze 2249 worldwide monthly temperature records from GISS (NASA) with the 100-year
period covering 1906-2005 and the two 50-year periods from 1906 to 1955
and 1956 to 2005. No global records are applied. The data document a
strong urban heat island effect (UHI) and a warming with increasing
station elevation. For the period 1906-2005, we evaluate a global warming of 0.58 0 C as the mean for all records. This decreases to 0.41 0 C if
restricted to stations with a population of less than 1000 and below 800
meter above sea level. About a quarter of all the records for the 100-year
period show a fall in temperatures. Our hypothesis for the analysis is - as
generally in the papers concerned with long-term persistence of temperature records - that the observed temperature records are a combination
of long-term correlated records with an additional trend, which is caused
for instance by anthropogenic CO2 , the UHI or other forcings. We apply
the detrended fluctuation analysis (DFA) and evaluate Hurst exponents
between 0.6 and 0.65 for the majority of stations, which is in excellent
agreement with the literature and use a method only recently published,
which is based on DFA, synthetic records and Monte Carlo simulation.
As a result, the probabilities that the observed temperature series are
natural have values roughly between 40% and 90%, depending on the stations characteristics and the periods considered. ’Natural’ means that we
do not have within a defined confidence interval a definitely positive anthropogenic contribution and, therefore, only a marginal anthropogenic
contribution can not be excluded.
Key words: : Surface temperatures, 2249 records, global warming, natural probabilities, detrended fluctuation analysis.
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Introduction

It is widely accepted that global surface air temperatures have increased in the
past 100 years, with a pronounced rise in the last 50 years. However, the question
is not yet answered which forcings cause the actual global temperature change.
One assumes natural fluctuations, the Atlantic and Pacific Multidecadal Oscillations, increasing green house gases, urban heat island effects (UHI), natural
impacts as volcanic eruptions, condensation nuclei generated by cosmic rays in
which their concentration is governed by the sun’s magnetic field, anthropogenic
aerosols from insufficiently filtered coal power plants and further impacts [2],
[5], [11], [22], [29], [39], [73], [79], [81]. The global temperature increase in the
20th century is mainly evaluated from global temperature records that are established with special algorithms [6], [12], [30], [33], [63]. On its own, however,
local records show a different picture, since cooling, not warming, is found for a
high percentage of temperature stations worldwide. We argue that global records
are not a feasible tool to examine global temperatures. First of all, the homogenization and grid box procedures used to establish global records are inevitably
arbitrary and, therefore, could cause quite different outcomes when applied to
identical sets of local records. Secondly, and of main interest here, establishing
global records attenuate the extremes of uncorrelated local records. As a consequence, the standard deviation, which is a decisive attribute in our analysis,
becomes unrealistically small in global records.
Temperature records are long-term correlated - other denotations are ’persistent’ or ’long-term memory’ -, which is a well-known phenomenon since a warm
day is more likely to be followed by another warm day than by a cold day, and
vice versa. Short-term persistence of weather states on a time scale of about
one week is caused by general weather situations. Longer-term persistence over
several weeks is mostly related to blocking situations that occur when a high
pressure system is established and remains in place for many weeks. Persistence
over many months, seasons, years, decades, and even longer periods is usually
associated with anomaly patterns in sea surface temperatures, and even with the
influence of long-term variations in the sun’s activity [8], [9], [56], [58], [68], but
there is no universal explanation that can be applied to all causes. In long-term
correlated records Ti , i = 1,....,N the autocorrelation function
C(s) =

N
−s
X
1
(Ti − hT iN )(Ti+s − hT iN )
2 (N − s)
σN
i=1

(1)

fades with increasing s according to the power law
C(s) ∼ s−γ

(2)
PN

where σ 2 indicates the variance, hT iN = 1/N i=1 Ti is the average of the Ti ,
and s is the time lag. For γ ≈ 1 the record has no persistence at all (complete
randomness), for γ ≈ 0 the record becomes unsteady and could never recur in
the long term. In temperature records, typical values for the exponent in Eq. (2)
are between 0.4 < γ < 0.9.
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However, the most important characteristic of long-term correlated temperature records is that they include fluctuations that appear to be deterministic
trends, but are actually quite natural. This phenomenon becomes ever more
pronounced in records with increasing persistence, i.e. with decreasing exponent
γ (Eq. (2)). Therefore, conventional methods based on moving averages can no
longer be used with persistent records to separate deterministic trends from
natural fluctuations [7], [15], [36]. This is demonstrated in Figure 1.
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Fig. 1. (color online): A 1200 months (100 years) subsequence with an exponent γ =
0.54 of the power law in Eq. (2) selected from a synthetic record of 221 = 2,097,152
months in length. The record - and all its sub sequences - is purely long-term correlated
and do not contain any external trend. Nevertheless, the selected subsequence shows the
typical shape of many observed temperature records in the period 1900-2000. We see
a modest temperature rise over 100 years (black regression line) with a much stronger
ascent during the last 40 years (red regression line).

As a consequence, a conventional examination of a temperature record can
not tell us whether an observed change in temperature is natural or an external trend. In particular, the question of how to distinguish a trend caused by
anthropogenic greenhouse gases from a natural fluctuation remains unresolved,
and has been dubbed the ’detection and attribution problem’ [1], [24], [25], [44],
[46], [65], [83], [84]. The detrended fluctuation analysis (DFA) as specified in
the next paragraph has recently emerged as an effective tool for tackling this
problem.
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Methods: Detrended fluctuation analysis

Long-term correlations in time series are not restricted to temperature records,
they are omnipresent in nature. On all time scales, persistence was found in
hydrological records, physiological records, economic records, earthquake events
and in temperature records [4], [8], [15], [31], [36], [37], [42], [47], [48], [54], [55],
[65], [66]. Consequently, the power law of Eq. (2) characterizes the behaviour
of persistent records quite generally. However, if the records contain external
trends a basic evaluation of the exponent γ in Eq. (2) does not generally yield
the correct result. Due to the influence of an external trend in a record the
observed persistency becomes wrongly too strong, i.e. the exponent γ becomes
too small. Furthermore, the direct calculation of C(s) by Eq. (1) is affected by
side effects, for instance, the shortness of the record, and by deterministic trends
[45].
Several methods to solve this problem have been developed, the fluctuation
method (FA), the detrended fluctuation method (DFA) and wavelet analysis
[7], [15], [17], [51], [37], [38], [40], [60], [66], [67], [74], [77], [80]. Among these
methods the DFA gives correct results if the record contains external trends. In
the following, we confine the description to temperature records and the analysis
by DFA. Temperature records are generally available as daily, monthly or annual
data. However, the DFA is usually applied to monthly temperatures, not daily
ones. Daily data are sensitive to short-term correlations due to general weather
conditions of correlation times between days and a couple of weeks, which could
influence the fluctuation function of the analyzing methods. On the other side,
annual means as temperature data sets are not feasible because the minimum
number of data points for DFA is about 600 for numerical reasons. For each
calendar month the mean value of the whole record is subtracted from the data
and divided by the seasonal standard deviation yielding the normalized record
Ti , i=1,...,N applied in our further analysis.
The basic fluctuation analysis FA generates the following profiles as sums
over the {Ti }:
j
X
Yj =
Ti
j = 1, ...., N
(3)
i=1

Furthermore, it establishes the standard deviation F(s):
v
u
N
−s
X
u
1
2
(Yj+s − Yj )
F (s) = t
(N − s) j=1

(4)

For long-term correlated data F(s) of Eq. (4) scales with a power law
F (s) ∼ sα

(5)

The exponent α in Eq. (5) is linked to the power law of Eq. (2) by
α = 1 − γ/2
α = 0.5

f or
f or

0<γ<1
γ≥1

(6)
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[36]. The hydrology engineer H.E. Hurst was the first to find scaling behaviour
in time series and, therefore, α is usually referred to as Hurst exponent [27].
Hurst used a different method - the rescaled range (RS) analysis -, but the α
value of Eq. (5) for monofractal data is equivalent to the α of the RS analysis.
The exponent α has the limits 0.5 ≤ α < 1, where α = 0.5 stands for complete
randomness, and α ≈ 1 for very strong persistence. For α > 1, the record becomes
unsteady.
The detrended fluctuation analysis of order ν, the DFAν , can be assessed as
an improved FA which automatically eliminates trends of the polynomial order
ν from the profile Yj and - because Yj in Eq. (3) integrates the record {Ti } of polynomial order (ν - 1) from the record itself. In DFAν , the profile Yj of
Eq. (3) is divided into Ns = int(N/s) non-overlapping intervals of equal length
s, and in each interval a polynomial P(ν) of order ν is evaluated, which provides
the best fit for the profile Yj . Generally, a short segment at the end of the profile
remains. In order not to neglect this segment, one repeats the same procedure
from the other end of the record resulting in 2Ns segments. In the next step, the
new profile Zj replaces Yj of Eq. (3):
Zj = Yj − Pν

(7)

Finally, the new Fν (s) replaces F(s) of Eq. (4):
v
u
2Ns
u 1 X
t
G2k (s)
Fν (s) =
2Ns

(8)

k=1

with
G2k (s) =

1
s

ks
X

(Zj )2

(9)

j=(k−1)s+1

For long-term correlated data, the fluctuation function Fν (s) scales like F(s)
in Eq. (5) with the same exponent α. It should be stressed that the numerous
mechanisms that generate persistence in temperature records induce a consistent
scaling behaviour as in Eq. (5) or in Eq. (8). But, in contrast, neither Eq. (2) nor
a power law of the fluctuation of the FA or DFA says anything about its origin.
We only use DFA2 here, so for shortness DFA denotes DFA2 and α denotes
α(DFA2 ) in the following. It is useful to depict Fν (s) in Eq. (8) as function of
s in a log-log diagram, which enables a basic evaluation of α as the slope of
the respective graph. Examples of F2 (s) graphs are given in Figure 2 for the
stations Trelew-Argentina, Hohenpeissenberg-Germany, Abilene-USA, DurbanSouth-Africa, and Tokyo-Japan.
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Fig. 2. (color online): F2 (s) of the DFA for the following records from our record pool
(top to bottom): Trelew-Argentina, α = 0.61; Hohenpeissenberg-Germany, α = 0.55;
Abilene-USA, α = 0.65; Durban-South-Africa, α = 0.79; and Tokyo-Japan, α = 0.63.
The graphs have been shifted for clarity: the lines with α = 0.5 and α = 1 are for
comparison. The downward bend of the few first points in F2 (s) is a known numerical
effect.

3

Methods: Probabilities

In the following, we are interested in the probability that in a long-term correlated record with a Hurst exponent α a temperature change ∆ appears as a
natural fluctuation. ∆ is in general the temperature difference of a linear regression line through the record, which is here generally 100 years or 50 years long.
Furthermore, we evaluate the standard deviation around the regression line σ
and consider the (dimensionless) relative temperature change ∆/σ as the gauge
that characterizes the temperature change we are interested in. We thereby follow [44], [46] where it is reported that the common standard deviation can be
effected by a trend and, therefore, should not be applied here. Consequently
and throughout this paper, we denote ∆ as the temperature change of a linear
regression line, σ as the standard deviation around the line, and ∆/σ as the
authoritative relative temperature change.
If a record contains an external trend, the Hurst exponent of FA is in general
higher than that of DFA, but this does not answer the question of how much the
record has become unnatural. However, the main matter of interest here is the
probability whether an observed 100-year (or a 50-year) temperature change ∆
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is a natural fluctuation. ’Natural’ denotes that there is no definite anthropogenic
trend in the record. For our purpose, the exceedance (cumulative) probability
is the adequate tool as the probability W(x) that ’events’ ≥ x occur. In this
study x = ∆/σ represents the relative temperature change in the observed time
period. The exceedance probability W(∆/σ) is not restricted to positive ∆/σ
values. If one begins, by definition, with cooling, the exceedance probability of
natural records converges to the theoretical limit of W = 1 for extremely strong
negative ∆/σ values and decreases with increasing ∆/σ values. In the following,
numerical examples of W(∆/σ) for long-term correlated records with a Hurst
exponent of α = 0.7 are given as demonstration: W(-5) = 0.99999, W(-1) =0.902,
W(-0.4) = 0.697, W(0) = 0.5, W(0.4) = 0.303, W(1) = 0.0983, W(5) = 0.00001.
The value W(0) = 0.5 reflects the fact that in natural records we have equal
fractions of records with warming and cooling. The following general relation is
valid for natural records
W (−∆/σ, α) = 1 − W (∆/σ, α)

(10)

Eq. (10) verifies again equal fractions with positive and negative ∆/σ values
in natural records. If values of W over 0.5 belong to cooling, an exceedance
probability of 0.9 would be as significant as of 0.1 for warming.
The latest method to evaluate numerically the exceedance probability W for
natural records in a systematic way is a combination of DFA, synthetic records,
and Monte Carlo simulations [44], [46]. In principle, this method generates large generally 221 = 2,097,152 data points in length - long-term correlated synthetic
records and evaluates from these long records n short sub sequences for the
period under consideration, in our case, 100 or 50 years, each with the same
local measured Hurst exponent α as evaluated by DFA for a certain observed
record (in general, the α values of sub sequences are similar but not compulsory
identical with the α of the long record). For statistical reasons, the number n
must be sufficiently large. In the stack of n synthetic records, what is counted is
the number z of records with warming equal to or higher than ∆/σ. As a result,
the fraction z/n yields the exceedance probability W(∆/σ, α) for positive ∆/σ
values in natural records. By systematically varying ∆/σ and α, the authors
of [44] found that their results could be expressed empirically by the following
analytic approximation for ∆/σ > 0:
W (∆/σ, α) = C · exp [−B (α) (∆/σ − 0.2)]

(11)

For a period of 50 or 100 years the following parameters are valid: C = 0.8
for 50 years and 1.15 for 100 years; B (α) = Dα−δ with D = 1, δ = 2 for 50
years, and D = 1.26, δ = 2.5 for 100 years. Eq. (11) holds for W ≤ 0.1 and is
reported to be a good approximation. For W(∆/σ, α) > 0.1, a continuation of
Eq. (11) was yielded using the error function [44]. For simplicity, if we later refer
to Eq. (11) this continuation is included. To validate Eq. (11), we used our own
Monte Carlo simulation to compare the approximation with an algorithm based
on the standard Fourier-Filtering method for generating synthetic records [75]
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and found good accordance with some selected combinations of ∆/σ and α. The
approximation of Eq. (11) is completed for negative ∆/σ values by Eq. (10).
In our analysis, we used this approach. Figure 3 depicts the approximation
of Eq. (11) for the period of 1200 months. It is demonstrated, for instance, if
we were to choose ∆/σ ≈ 1 and α ≈ 0.7, then we would read an exceedance
probability W(∆/σ, α) = W(1, 0.7) ≈ 0.1 and furthermore by applying Eq.
(10) of W(-1, 0.7) ≈ 0.9. Hence, the 10% percentage of long-term correlated or
detrended real records with α ≈ 0.7 and 100 years in length shows warming
at magnitudes ≥ (∆/σ ≈ 1). Further, the 90% percentage of records shows a
relative temperature change ≥ (∆/σ ≈ −1) and, conversely, the 10% percentage
of records a cooling at magnitudes ≤ (∆/σ ≈ −1).

Fig. 3. With the lower x-axis belonging to the left y-axis: Exceedance probabilities
W(∆/σ, α) that relative temperature changes equal to or higher than ∆/σ occur in
long-term correlated temperature records - and in detrended real temperature records
- of 100 years’ duration due to Eq. (11). W can increase by several orders of magnitude
when α increases. Therefore, a rise of ∆/σ > 0, which is very unlikely for small α values,
becomes quite normal for larger ones. The dashed line represents the (1−2·0.025) = 0.95
confidence interval. Relative trends ∆/σ with 0.025 ≤ W ≤ 0.975 are considered as
natural, i.e. as not containing a definitely positive anthropogenic trend. With the upper
x-axis belonging to the right y-axis the graph is extended to the cooling domain.

The use of the approximation in Eq. (11) for the analysis of real temperature
records that are detrended by DFA is based on the hypothesis that real records
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are long-term correlated with an additional trend. Furthermore, for the analysis
the trend is assumed to be linear. In order to distinguish between a natural fluctuation and an external trend, a confidence level ”a” is needed. Consequently,
the domain 0 < W < a and (1 − a) < W < 1 is considered to include external
trends. On the other hand, relative trends in the (1 - 2a) confidence interval
a≤W≤(1-a) are regarded as natural. However, ’natural’ has to be specified in
more detail as follows. If, to cite an example, we were to observe a record detrended by DFA that gives W = 0 the record could be indeed natural. Though, it
could also be a mixture of a natural record with W = 1 - a and a strong anthropogenic warming trend or a mixture of a natural record with W = a and a strong
negative (cooling) anthropogenic trend. As a consequence, ’natural’ applied for
a ≤ W ≤ (1-a) means that we do not have within the (1-2a) confidence interval
a definitely positive anthropogenic contribution in the record and, therefore, a
vanishing anthropogenic contributions must not be excluded. For the sake of a
better comprehensibility we prefer to use in the following ’natural’ instead of
this correct but somewhat clumsy explanation. We defined - to some extent subjectively - the confidence level of a = 0.025, which corresponds to a confidence
interval of (1-2a) = 0.95 in accordance with general practice.
However, the basic probability P that n observed records of a group are
’natural’ or ’not natural’ is of main interest here. For this purpose we evaluate
for each distinct record the relative temperature change ∆/σ, the Hurst exponent
α by DFA, and the exceedance probability W due to Eqs. (10) - (11). Next, we
count the number nnot nat of the records that comply with W < a or W > (1−a)
and the number nnat that comply with a ≤ W ≤ (1-a). Hence,
Pnot

nat

= nnot

nat /n

(12)

yields the probability that the n records of the appropriate group are not natural
in the confidence interval (1 - 2a) and, conversely,
Pnat = nnat /n = (1 − Pnot

nat )

(13)

that they are natural.

4

Application: Data basis, filtering, and basic data
characteristics

The Goddard Institute for Space Studies of the National Aeronautics and Space
Administration (GISS/NASA) provides about 7500 surface temperature records
as unadjusted monthly means and adjusted annual ones, together with the most
important characteristics of the stations [19]. The records differ in length and
contain more or less voids in the majority of cases. In order to obtain the highest number of available and reliable records, we selected monthly records that
comprised at least the 100-year period of 1906-2005, the two 50-year periods of
1906-1955 and 1956-2005, and where voids are below 10.5%. To apply DFA, the
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voids must be filled, which was done here by linear interpolation. The GISS applied a somewhat more sophisticated interpolation to evaluate the annual means.
However, our annual means based on linear interpolated monthly data hardly
differ from the annual GISS means. Our limit of a maximum of 10.5% admissible
voids was evaluated by numerical experiments. At first, in records with no voids,
we evaluated the ∆/σ values, and the Hurst exponents α by DFA. Next, we
removed in the unaffected records data at random positions and also in lumped
areas, refilled them using linear interpolation, and evaluated again ∆/σ and α.
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Fig. 4. (color online): Quite different temperature progressions are characteristic for
temperature records worldwide. The linear regression lines of the records Tucumcari
and Pocahonta are for the period 1906 - 2005, of the record Sussex for 1906 - 1955 and
of the record Broome Airport for 1955 - 2005.

We then ascertained that up to 15% of refilled voids still resulted in a correct
Hurst exponent α and a correct relative temperature change ∆/σ, with both a
maximum error margin of 3%. To be on the safe side we finally restricted our
choice further to a maximum of 10.5% admissible voids. The outcome of our
selection was 1129 records from 1906-2005 (group A), 427 records from 19061955 (group B), and 693 records from 1956-2005 (group C). To both groups B
and C, we also added the 2 · 1129 = 2258 records from group A that were 50
years in length. Figure 4 shows four records as a demonstration of the variety of
local temperature series in our data pool.
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In the following, we select subgroups of the groups A, B, and C under the
station criteria of site, hemisphere, population, and elevation above sea level that
are noted in Table 1.

Period

Group

Site

19062005

A1
A2
A3
A4
A5
A6
A7
B1
B2
B3
B4
B5
C1
C2
C3
C4
C5
C6
C7

Land
Ocean
Land
Ocean
Land
Ocean
-

19061955

19562005

Table 1: Characteristics of
more than 30 km from an
NH/SH = stations in the
mean of the group; m.a.s.l.

Hemisphere
NH
SH
NH
SH
NH
SH
-

Population Elevation
m.a.s.l.
400,000
220,000
1,000,000 400,000
940,000
< 1000
< 1000
≤ 800
340,000
216,000
640,000
331,000
451,000
< 1000
< 1000
≤ 800

Number of
Records
1129
867
262
1100
29
581
461
1556
1124
432
1431
125
1822
1290
532
1696
126
890
686

the record groups applied in this study. Land = stations
ocean; Ocean = stations less than 30 km from an ocean;
northern/southern hemisphere; Population = population
= meter above sea level.

Figure 5 depicts the frequencies of station population, elevation, latitude, and
temperature change ∆ in the 100-year period 1906-2005 for the 1129 records
of group A1. The latitude frequencies in the left lower panel of Figure 5 show
an extreme concentration of temperature stations in the northern hemisphere.
Any homogenization or grid box procedures used to evaluate global records are
therefore prone to uncertainties caused by the disproportionate density of stations around the globe. Figure 6 depicts the temperature change ∆ against station population, Figure 7 the temperature change ∆ against station elevation.
Notably, the elevation warming is corroborated for three mountain stations [38].
However, apart from UHI and elevation warming, additional warm biases arise
in the second 50 years of the 20th century.
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Fig. 5. (color online): Number of events for 1129 temperature records in the 100-year
period 1906-2005 of group A1 (Table 1): left upper panel = station population; right
upper panel = station elevation above sea level; left lower panel = station latitude;
right lower panel = temperature change ∆ of linear regression lines.
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Fig. 6. color online): UHI in 1129 records of the 100-year period 1906-2005 (group
A1, Table 1): Left panel: temperature change ∆ against station population with linear
regression line (red). Right panel: ∆mean values against Log10 of station population as
a column diagram.
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There are mentioned in particular: The screen coating changes in the 1980s,
the introduction of the new HO-83 thermometer in the 1990s, new screen elevations above the surface, authoritative changes to the screen neighbourhood
(bituminization, air conditioning), as well as changes in land-use, alteration of
the algorithms that establish global records, and the reduction in stations from
about 6000 formerly to 1500 today, beginning in the mid-1970s [3], [13], [18],
[21], [26], [32], [35], [43], [62], [64], [76], [82]. Our finding of an articulate UHI
effect is corroborated among others by [10], [57], [72], [76], [79], [81], [82] and is
in conflict with the results of [23], [34], [59], [61].
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Fig. 7. (color online): Warming due to increasing station elevation in records of the 100year period 1906-2005 (group A1, Table 1): Left panel: temperature change ∆ against
station elevation in meter above sea level with linear regression line (red). Right panel:
∆mean values against station elevation as a column diagram.

For comparison, Figure 8 depicts global temperature curves as anomalies.
The global record (black) in the left panel of Figure 8 is the mean of the 1129
records of group A1 (Table 1). This record shows that the decade 1995-2005 was
the warmest, but that the 1930s were rather similar. Regarding UHI and further
warm biases caused by new characteristics of the screens in the second 50 years of
the 20th century (see paragraph 5 for relevance), the 1930s could also be assessed
as the warmest decade in the 20th century [13]. The linear regression lines reveal
two shorter rises for both the interim periods 1901-1934 and 1979-2010, and one
longer fall in temperature for the period 1934-1979. The second curve (green)
in the left panel of Figure 8 depicts a global record yielded by GISS [20] with
an unusual low standard deviation compared with both the local records of
our data pool and our global record (black). The probable reason for the low
standard deviation was already noted in the introduction (paragraph 1). With
regard to the GISS record, the 1930s have distinctly lower temperatures than
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T Anomaly [°C]

the 2000s and the well known maximum of the year 1998 is missing. However,
GISS gives no further details about the procedures to establish its global records
except for an annotation about the elimination of outliers and homogeneity
adjustments. Global records should therefore be considered with care because
they could depend on an inevitably arbitrary selection and different algorithms.
Consequently and as already stressed earlier, we did not use global records in
this study.
From 1998 on, the global temperatures begin again to drop. This also conforms to [71] and the data recorded by HADCRUT 3GL, RSS, GISS, and UAH,
which at the least show temperature series as remaining flat. With regard to
the period 1998-2010, our selection contains a total of 1386 records that have no
voids at all and a population of less than 1000. The mean of the temperature
changes for these records shows a clear-cut fall, with ∆mean = -0.34 0 C for the
period 1998-2010 and ∆mean = -0.15 0 C for the period 2000-2010.
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Fig. 8. (color online): Left panel: An own global record evaluated from 581 stations,
each in areas with populations of under 1000 (group A6, Table 1), with linear regression
lines for the interim periods 1901-1934, 1934-1979, and 1979-2010 (black). The record
was evaluated by basic averaging and normalizing local records; global record provided
by GISS [20] (green). Right panel: Own global record of stations east of Greenwich, i.e.
961 records of the 1129 records in group A1 (blue); Own global record evaluated from
stations west of Greenwich totaled 168 records in group A1 (red). The difference of
the GISS global curve and our global record in the left panel and the differences of the
two curves in the right panel demonstrate the sensibility of global records on station’s
selection and on the procedures to establish them.
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Application: Persistence, and natural probabilities of
the observed temperature courses

Figure 9 shows the frequencies of the DFA Hurst exponents α for two subgroups
within the 1129 records of group A1 (see Table 1 in paragraph 4), one for locations less than 30 km from an ocean, and the other for locations over 30 km
from an ocean.
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Fig. 9. (color online): Frequencies of the DFA Hurst exponent α for 1129 records of
the 100-year group A1 specified in Table 1 of paragraph 4: 867 records of stations over
30 km from an ocean (brown), and 262 records of stations less than 30 km from an
ocean (dashed blue).

In the literature a Hurst exponent α ≈ 0.65 is reported for land stations
and evaluated using different methods, including wavelet analysis, FA, and DFA
[16], [28], [37], [40], [44], [46], [65]. Island stations generally have a higher Hurst
exponent of α ≈ 0.75. This is explained as being due to the stronger influence
of long-term oscillations like AMO or PDO near an ocean [14]. In most papers,
monthly records of up to 120 years are employed. The authors of [14] explored
95 instrumental records going back 50 to 120 years from stations all over the
globe. They could not find indications of a warming of the atmosphere in the
vast majority of cases. Detrended fluctuation analysis (DFA) and exhaustive
Monte-Carlo simulations were used to examine 17 local records and 15 global
records for both the recent 50-year period and the longer 100-year period, as well
as a further 13 local records from different parts of the world covering only the
last 50 years [44]. The results showed that the exceedance probabilities of the
observed temperature changes widely scattered, ranging from < 0.01% over 50%
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to very near the theoretical limit of 100%. Further, the authors could give only
weak support for the conventional thesis that the warming trend in the last 50
years changed its character compared with the first 50 years of the 20th century.
In our study, we evaluated for each distinct record the relative temperature
change ∆/σ, the Hurst exponent α by applying DFA, and the exceedance probability W due to Eqs. (10) - (11) which, in the following, is given in percent. The
results are shown in the following Table 2 (see also Table 1 in paragraph 4).

Period

Group

19062005

A1
A2
A3
A4
A5
A6
A7
B1
B2
B3
B4
B5
C1
C2
C3
C4
C5
C6
C7

19061955

19562005

Cooling
[%]
23
26
13
23
41
25
28
18
17
21
15
53
4
3
7
3
17
4
4

∆mean
[0 C]
0.58
0.51
0.84
0.59
0.26
0.52
0.41
0.49
0.50
0.47
0.54
-0.01
0.9
1.0
0.9
1.0
0.6
0.9
0.9

(∆/σ)mean

αmean

0.88
0.68
1.54
0.89
0.53
0.70
0.53
0.74
0.70
0.82
0.80
-0.02
1.55
1.51
1.64
1.57
1.27
1.45
1.41

0.61
0.61
0.64
0.61
0.72
0.61
0.62
0.64
0.62
0.68
0.63
0.74
0.64
0.62
0.69
0.63
0.72
0.63
0.64

Wmean
[%]
26
29
17
26
43
29
32
26
26
28
24
52
10
8
13
9
23
10
10

Pnat
[%]
58
64
39
58
55
62
68
83
84
80
82
92
54
52
57
52
72
57
60

Table 2: Results of the persistence analysis. Cooling = percentage of records that
show cooling instead of warming; ∆mean temperature change of a linear regression
line; (∆/σ)mean = relative temperature change; αmean = Hurst exponent of the DFA
analysis; Wmean = exceedance probability due to Eqs. (10) - (11); Pnat = probability
that the observed temperature course is natural; mean = mean of the records in the
associated group.

Table 2 shows that the cooling fraction of all groups is below 50%, except for
group B5 where we have more records with cooling than warming. The Wmean
of all groups lies well outside the domain for external trends W < 2.5% or
W > 97.5%. This is by itself an indication that global warming from 1906-2005
was to a high degree natural. The differences in the ∆mean values between the
group A1 and A6 corroborate the strong UHI already indicated in Figure 6 of
paragraph 4. In particular, both the small cooling fraction of 13% and the smallest Wmean of 17% for A3 are probably caused by an unusual strong UHI, since
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A3 has the highest station population (see Table 1 in paragraph 4). The maximum Wmean is observed for group A5 in the southern hemisphere, but applies
only to 29 stations (see Table 1 in paragraph 4). Figure 10 depicts the observed
exceedance probabilities W in percent for positive ∆/σ values and (100 - W)
for negative ∆/σ values of the groups A1, A6 and A7. They are evaluated by
basically counting all the records of the appropriate groups with values ≥ ∆/σ.
The theoretical graphs for purely auto correlated records of the fixed values α
= 0.61 and α = 0.75 due to Eqs. (10) - (11) are shown in Figure 10 as further
comparison.
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Fig. 10. (color online): Observed exceedance probabilities W in percent for group A1
(all stations, red filled triangles), A6 (stations below 1000 population, green filled
squares), and A7 (stations < 1000 population and < 800 meter above sea level, blue
open circles) evaluated by counting the appropriate records with values ≥ ∆/σ. The
left y-axis refers to negative ∆/σ values, the right y-axis to positive ones. The dotted and the dashed lines are the theoretical graphs for long-term correlated records
with α = 0.61 and α = 0.75, derived from Eqs. (10) - (11). The graphs for A1 and A6
solely differ in population, and for A1 and A7 both in population and station elevation.
Hence, the gap between the graphs of A1 and A6 for ∆/σ > 0 is exclusively caused by
the UHI. The gap between the graphs of A6 and A7 is caused exclusively by different
station elevations.
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Figure 10 reveals a similar cooling for the groups A1, A6 and A7, but the
warming band shows distinct differences. We see a gap at ∆/σ = 0 because
there are more records with warming than with cooling. The only difference
between A1 and A6 is the UHI and between A6 and A7 the station elevation.
A strong UHI has already become manifest in the smaller ∆mean value for A6
compared with A1 (see Table 2) and in Figure 6 of paragraph 4. Now again,
Figure 10 depicts the distinct UHI as the gap between the graphs of A1 and
A6 for ∆/σ> 0. The theoretical curves for long-term correlated records derived
from Eqs. (10) - (11) show that α ≈ 0.75 could be possibly a more realistic value
for the Hurst exponent of the Earth as a whole because 2/3 of its surface is
covered by water. This assumption is backed up by the higher α values for the
groups A3 and A5 (see Table 2). However, the higher the α values, the greater
the appropriate Wmean . In the warming domain, the gap between the theoretical
line for α = 0.75 and the A7 graph in Figure 10 could be explained by warming
due to anthropogenic greenhouse gases, and additional warm biases caused by
authoritative alterations of the station characteristics beginning in the 1970s,
and, most notably, the activity of the sun [39], [41], [49], [50], [52], [53], [68],
[69], [70], [73], [78]. However, all these impacts can not be separated from each
other.

6

Conclusion

In this paper, we have used 2249 unadjusted monthly temperature records of 100
and 50 years in length and evaluated the temperature changes for the periods
1906-2005, 1906-1955, and 1956-2005. Our analysis was based exclusively on local
records and applied DFA, Monte Carlo methods and synthetic records. The main
results and conclusions are the following.
a) The mean of all stations shows 0.58 0 C global warming from 1906 to 2005. If
we consider only those stations with a population of under 1000 and below
800 meter above sea level this figure drops to 0.41 0 C and would probably
decrease even further if we were to take into account the warm biases caused
by the worldwide reduction in rural stations during the 1990s, by changes
to the screens and their environments, and by the appearance of automatic
observing systems.
b) From 1906 to 2005, about a quarter of all records show falling temperatures.
This in itself is an indication that the observed temperature series are predominantly natural fluctuations. ’Natural’ means that we do not have within
a defined confidence interval a definitely positive anthropogenic contribution
and, therefore, only a marginal anthropogenic contribution can not be excluded. We evaluated - with a confidence interval of 95% - the probability
that the observed global warming from 1906 to 2005 was a natural fluctuation
as lying between 40% and 70%, depending on the station’s characteristics.
For the period of 1906 to 1955 the probabilities are arranged between 80%
and 90% and for 1956 to 2005 between 60% and 70%.
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c) By separating stations into specific station groups, such as those with a
defined minimum population, a strong UHI and elevation warming can be
identified.
d) The vast majority of temperature stations are found on land and in the
northern hemisphere, and have Hurst exponent of α ≈ 0.63 in such locations. However, two thirds of the Earth are covered with water, and the
relatively few stations on islands or near oceans have higher Hurst exponent
of α ≈ 0.7. Therefore, a real exponent for the entire Earth could be somewhat higher than α ≈ 0.63. Records with higher exponents embody even
higher probabilities for natural fluctuations.

7
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