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Abstract

Autoregressive integrated moving average (ARIMA) models are used to compare
long-range temporal variability of the total solar irradiance (TSI) at the top of
the atmosphere (TOA) and surface air temperature series. The comparison shows
that one and the same type of the model is applicable to represent the TSI and
air temperature series. In terms of the model type surface air temperature imitates
closely that for the TSI. This may mean that currently no other forcing to the
climate system is capable to change the random walk type variability established
by the varying activity of the rotating sun. The result should inspire more detailed
examination of the dependence of various climate series on short-range fluctuations

of TSI
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1 Introduction

Since November 1978 a set of total solar irradiance (T'SI) measurements from
space is available, yielding a time series of more than 25 years. Presently,
there are three TSI composites at the top of the atmosphere (TOA) avail-
able on line. The ACRIM composite was published by Willson (1997) and
updated by Willson and Mordvinov (2003). The PMOD composite was pre-
sented by Frohlich and Lean (1998a,b) and is updated periodically (Frohlich
2006). Recently a third composite, called IRMB, was presented by Dewitte et
al. (2004). All three are constructed from the same original data, but use dif-
ferent methodology to construct the series. The problem is that no one sensor
collected data over the entire period from 1978. Frohlich and Lean (1998a,b)
found that no increase in solar irradiance had occurred in the 1980s and 1990s.
Willson and Mordvinov (2003) found a TSI trend of 0.04% per decade during
solar cycles 21-23. Due to somewhat different construction of the composite

series a mutual analysis of their temporal variability is useful.

The first goal here is to fit autoregressive and integrated moving average
(ARIMA) models for describing long-range temporal variability in these se-
ries. The results are believed to show whether the different composing schemes
produced the series still varying similarly in terms of the used models. Pro-
vided that one and the same model type appears to be applicable for all three
versions the difference in fitted parameter values might serve as a measure of

difference between the versions.

It is assumed that some influence of the temporal variability of TSI can be

carried over to the climate system response series. Thus, the second goal here
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is to examine whether the same type of ARIMA models are applicable to
represent temporal variability of the daily TSI and station based surface air
temperature time series. The station based series are selected in order to get

the longest available records for fitting.

The algorithm for fitting ARIMA models (Box and Jenkins 1976) is used here.
This is due to an earlier experience of applying random walk type models in
order to represent the temporal variability of various atmospheric temperature
series (e.g. Gordon 1991, Kéarner 1996, 2002). In the present paper our aim is
to fit a model from the ARIMA family to daily series using a time step longer
than one day. The longer time step leads to better fitting conditions because
the TSI and temperature series are with varying intensity of non-stationarity
in terms of the self-similarity parameter H. The latter is determined by means

of the structure function (Monin and Yaglom 1975).

2 Data

2.1 Three versions for TSI

All three TSI versions are available on line. An updated version of Ipyop
series (Frohlich 2006) contains also unpublished data from the VIRGO Exper-
iment on the cooperative ESA/NASA Mission SoHO. The version d41_61_0710
contains also an extended part by the proxy model calibrated during cycle 21.
The file, created on Oct. 19 2007, and downloaded from PMOD/WRC

ftp://ftp.pmodwrc.ch/pub/data/irradiance/composite/ is used in the current
study. That is actually longer (from March 6, 1976 to Oct. 12, 2007) than two

other composites. The ACRIM and IRMB composites are downloaded from
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http://www.acrim.com/Data

and http://remotesensing.oma.be/solarconstant/, respectively.

To get the best conditions a common time interval is chosen for comparison.
It coincides with the available interval for IRMB series, extending in between
Julian days from 2443829 to 2453264, corresponding to 9436 day interval from
November 16, 1978 to September 14, 2004. The series are composed on the
basis of the same satellite information. The latter is not available for all days.
Due to methodical differences in the resulting series have different number of
gaps during that period. For the whole period the IRMB series contains 240,
ACRIM 269 and PMOD 673 days with missing irradiance value. Main amount
of them are one day gaps between the existing irradiance data. But there are
also some longer periods with missing data, and the longest of them is 35 days
in 1992. One and the same simple scheme was applied to fill the gaps in all
three series. One day gaps were filled with the mean value of the neighbors.
The longer gaps were filled with constants obtained averaging the last and
first values before and after the gap, respectively. This guarantees that the

sample variance of the series is not increased during the operation.

Summary information about the analyzed TSI series is shown in Table 7?7.
First three columns show the series name, analyzed years and series length
in days, respectively. Fourth and fifth column show the mean and standard
deviation for each sample. Last three columns show some characteristics for
the daily and 56 day increments of TSI. The reason to use 56 day increments is
explained later in connection with modeling details. The sixth column shows
standard deviation for the daily increments. The value for I py,0p appears to be
somewhat smaller than two others. A partial reason for that is likely the larger

portion of filled data. 7th and 8th columns show mean and standard deviation
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for the 56-day increments. These are useful to characterize the modeling. It
is remarkable that all three increment means are negative showing that the
start date of the series is in a region of high solar activity and the end in a

low activity region.

2.2 Surface air temperature data

Station based air temperature series are much longer than the TSI series. Two
approaches are used to model them. The primary goal is a detailed compar-
ison with the irradiance variability. For that purpose the same time interval
9436 days starting from November 16. 1978 is selected from the available tem-
perature record. Mean seasonal cycle is calculated for that period and the

corresponding anomaly series variability is modeled.

Surface air temperature data from 10 meteorological stations in Europe and 4
in Asia are used to fit an ARIMA family model to daily mean time series. Nine
of them are downloaded from http://eca.knmi.nl (see Klein Tank et al. 2002
for details). The Central England temperature (CET) series from 1772-2005
(Parker et al. 1992) is downloaded from http://www.badc.rl.ac.uk. Data for
4 Asian stations are downloaded from http://www.meteo.ru. These datasets
contain daily mean air temperature values in the corresponding stations. The
record length in series varies from 50 to 250 years. Four first columns in Table
7?7 are dedicated to the station name, latitude, longitude and record duration
years, respectively. All the analysis is carried out using anomaly series in
respect to local seasonal cycle. The seasonal cycle is calculated by averaging
separately the observed temperature values for each calendar day (including

February 29).
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2.3 Heteroscedasticity

TSI series is more complicated to model than those for surface air temperature
because they are evidently heteroscedastic, i.e. having unequal variances for
different periods of solar activity. The reason is in variations in TSI due to
variable solar output. Brightening of the Sun with increasing sunspot number
is explained by existence of bright magnetic areas called faculae that are im-
mediately concentrated in bright clumps around the sunspot groups. Foukal
et al. (2006) give a detailed description how these dark and bright structures
generate the TSI variations. The variation equals to the product of the struc-
ture’s projected area and its photometric contrast relative to the adjacent,
undisturbed photo-spheric disc. Empirical models reconstruct a TSI variation
by adding up these contributions using records of the changing areas of the
spots and magnetic brightenings. These models can account for over 80% of
the variance in the irradiance time series. This shows that additional contribu-
tions to the TSI variation from photospheric temperature variations outside

spots and magnetic brightenings must be small (Foukal et al. 2006).

To get an idea about the range of the sample variance change during various
stages of the solar activity cycle an example is presented in the upper panel
of Figure ?77. It shows the sample standard deviation for Ipy;0p and its daily
increment calculated for the consecutive non-overlapping 56 day long time
intervals. over the available period. The solar activity cycles 21 to 23 are clearly

observable by both, the TSI and its increment series standard deviations.

The heteroscedasticity in time series brings about some problems in trend

analysis e.g. McKitrick (2002) and generally compels us to use non-linear
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models for describing their variability (Tong 1993). In the current study we are
attempting to overcome the difficulties analyzing sub-series over a sparse grid
separated from the original daily time series. The approach helps assimilation
of the temporal variability in produced sub-series. so that their variance tends

to be more homogeneous.

Surface air temperature series behave differently. As an example standard
deviation time series for CET and its daily increment over the consecutive
non-overlapping 56 day intervals is shown in the lower panel of Figure ?77?. The
shown time interval approximately coincides with that for Ipyop i.e. 1976-
2006. Much more homogeneous short-range variance illustrates the difference.

No solar activity change can be detected using that record.

The TSI distribution at the TOA does not precisely determine the amount of
solar energy absorbed in the climate system. Due to a high albedo of clouds
an essential part of it is reflected back to space (e.g. Webster and Stephens
1984). This means that any existence of direct dependence between the TSI
and temperature variations is unlikely. But time series analysis can help to

examine the relationship in terms of statistical models.

3 Methodical background

The goal here is to fit a simple model to represent long-term variability in TSI
and air temperature time series. Thus, one and the same modeling scheme
is applied to both variables, TSI and temperature. Initially, it is useful to
quantify variability in the series in order to determine possible changes in its

intensity, and thus, get information for choosing the time interval necessary
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to get rid of the short-range variability. The quantification is carried out by
means of the structure function that calculates the second moment of the
series X (t) increment X (t +7) — X (¢) as a function of the increment interval

7 (Monin and Yaglom 1975):

1 n—r

D(r) = DX (i+7) = X)) (1)

n—7 .3

Using some simple transformation, it can be written as (e.g Kérner 2005);

D(t) =7[C(0) + 22(1 —i/7)C(3)], (2)

where C(i) stands for auto-covariance of the increment series z(t) = X (¢t +
1) — X(t) at the lag i. Equation ( ??) shows that the growth rate of D(7) is

determined by the correlations between the increments.

Estimating the growth rate as a function of 7, it has been found that a con-
siderable number of geophysical variables present self-similar time series, i.e
such that produce the growth rate proportional to 72 where H is a constant
0 < H < 1 in some interval from some 71 to 75 (e.g. Mandelbrot and van Ness

1968):

D(1) oc 72H. (3)

Examining the surface air temperature series has shown that they have two
regimes with the scale break approximately at two weeks (e.g. Lovejoy and
Schertzer 1986). The shorter scale variability is characterized by rapid growth
of D(7) and by the value H & 0.35. The longer scale i.e that starting approx-
imately at 7 = 30 (days) is characterized by nearly saturated behavior (i.e

H~=~0).
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A short demonstration of the quantification is shown in Figure 7?7 using 3
TSI and 3 air temperature series from the same time interval. The upper panel
shows results for TSI and the lower one those for temperature. A comparison
shows that the growth rate decreases rapidly at 7 values in between 4 and 16
days. There appears to be somewhat different growth rate if 7 grows beyond
two weeks. The curve for TSI samples keeps growing at moderate rate (corre-
sponding to H = 0.1) up to a hump at logo7 = 11. The latter is an indication
of cyclic behavior and the hump is situated at the scale showing half of the

solar activity cycle length.

The growth rate for temperature series shows a tendency to saturation. A de-
crease in the growth rate for D(7) while 7 grows larger than two weeks shows
that the statistical properties of longer increments are changing in compari-
son with those for the daily ones (Kérner 2005). The saturation means that
longer range increment series have approximately one and the same variance,

independent upon the increment interval.

Using linear models to represent short-range temporal variability in the daily
surface air temperature series is complicated due the various problems includ-
ing heteroscedasticity (Tong 1993, McKitrick 2002). The TSI series are new
and no modeling attempts is published until now. Change in the growth rate
is accompanied by changes in certain statistical properties of the time series
increments. In the present study we are interested in longer range variability.
Thus, it is justified to select the time step in the series long enough to be

outside the scale of the rapid growth for D(7).

According to the theory of fitting the ARIMA family models, primary informa-

tion can be obtained from sample correlations between the initial time series
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terms and their increments (Box and Jenkins 1976). To use all information
and simplify the correlation calculations between series of various increment
ranges it is useful to divide the initial series into groups of sub-series. Time
series X (t) where t = 1,2,3,...,n is unfolded into 7 sub-series j = 1,2,...,7

of increments as follows:

zj(t) =X((t+ 1)1 +7) — X[t + 7). (4)

Here, 7 is the increment range and ¢t = 1,2,...n/7 — 1 = n;. The variable
x;(t) is actually also a function of 7 but the corresponding index is omitted
because its value can be seen from the amount of sub-series. A useful value of

7 will be selected empirically from the region where D(7) is nearly saturated.

Calculation of covariance for the newly determined sub-series over the available

sample is straight forward.

1 ni—k

Cj(k) = — > (i) =) (@ (i + k) — T5) (5)

=R G35

Sample mean values T; for the sub-series can generally differ from zero (even
for anomaly series due to varying sub-series length in ( ??)). Thus, it is im-
portant to take them into account. Autocorrelations for the sub-series x;(¢)
over a large 7 interval are calculated for every sub-series. In the current task,
correlations between the consecutive increments (i.e. for the lag k = 1) appear
to be important because the sample values for larger lags (k > 1) are practi-
cally zero (not shown). As every j corresponds to one determined sub-series
of non-overlapping increments, the averaging gives a representative value for

the whole sample r.(1) = 77! ]7-:1 C;(1)/C5(0).

10
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Comparison of the sample correlations 7. (1) calculated for the equal (9436 day
long) daily TSI and temperature series is shown in Figure ?? for the increment
ranges from 1 to 100 days. The upper panel shows the growth rate for three
TSI series and the lower panel for surface air temperature anomaly series,

corresponding to the observations in Central England, Prague and Zagreb.

Figure 7?7 shows that the value of r.(1) for the TSI versions appears to
undulate as 7 increases with the same frequency for all versions. No actual
saturation is observed over the presented 7 range although the undulation has
low amplitude. One can observe a slow tendency of increasing correlation as

7 grows longer than 15 days.

The corresponding correlations between the temperature increments behave
differently. The lower panel in Figure 7?7 shows that the value of r.(1) sat-
urates rapidly as 7 grows and stays near constant —0.5 over a wide range of
7. This is an indication that for all these increment intervals, the applicable
model should be of one and the same type. The situation where only the first
sample autocorrelation differs remarkably from zero indicates that the first
order moving average MA (1) model should be appropriate to model the vari-
ability of increments z(t). This leads to the type ARIMA (0,1,1) for the series

of X(t) (Box and Jenkins 1976).

In the current situation, it is useful to write the model in general form (i.e
including the term ©, to estimate whether the series show any permanent

tendency over the sample).

zj(t) = O + a;(t) — Oy ja;(t — 1), (6)

11
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where j = 1.2,...,7, Oy is fitted coefficient, and a;(¢) is white noise (WN).

Averaging eq ( 77?) gives ©¢ ; = T; over each sub-series. The increment anoma-

lies in respect to the mean values Z; are used in order to estimate ©;.

In order to build a model for daily values over a sparse grid we can select
a 7 value over a wide interval in between 15 and 100 (or more) days. There
is no basis to prefer any particular time step for the temperature anomaly
series. The situation is different for TSI. Due to the solar rotation a logical
time interval between the successive data points in the sub-series should be
connected to the rotation period. At the equator the solar rotation (sidereal)
period is 25.4 days. The synodic period of rotation is 27.3 days. It is the
time for a fixed feature on the sun to rotate to the same apparent position as
viewed from earth. The synodic period is longer because the sun must rotate
for a sidereal period plus an extra amount due to the orbital motion of the
earth around the sun. Thus, an astronomically justified time step should be
an m-fold synodic period (m =1,2,...). An attempt has been made to use 28
day interval, but the residuals remained too correlated. Thus the interval of

56 days was selected and it appears to be satisfactory.

The 56 day increment mean values Z; are shown in seventh column of Table
?7?. Because the series length is not an m-fold of the solar activity cycle in
any case, the trend estimates are meaningless. The disputable value of it,
0.04% per decade (Willson and Mordvinov (2003)) is comparatively low. The
MA(1) model is capable to describe stochastic level changes (Box and Jenkins
1976) without special trend term. This means, that we can put ©¢ = 0 fitting
the model ( ??) to the TSI series. Numerous analyzes of temperature series

have revealed the necessity to examine the existence of trends carefully (e.g.

12
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Harvey and Mills 2003). Thus, the question about including the term ©y must

be solved separately for every series and sample length.

4 Results

Estimation of the coefficient and diagnostic testing are well known operations
(see Box and Jenkins (1976) for details.) The coefficient ©4; is calculated
by means of the maximum likelihood method, separately for each sub-series.
The values of ©;; are then used with the same equation to compute the
corresponding residuals, which are in turn used to test whether they can be
treated as white noise (WN). In the current study, the portmanteau test (e.g.

Box and Jenkins 1976) is used at the 99% significance level.

In the fitted models two sub-series for PMOD and one series for ACRIM and
IRMB failed to pass the portmanteau test at 99% level. Thus, there appears
to be a satisfactory accordance between the versions in terms of applicability

of the model.

The fitted model depends on one coefficient ©;. Distribution of its values over
the sub-series can help a comparison of the TSI versions. The corresponding
histograms for three versions are shown in the consecutive panels of Figures
7?7 and ?7. The coefficients vary remarkably due to the fact that the sub-series
contain different portions of values from high and low activity regimes. The
variations inside of versions appear to have larger extent than those between
the mean coefficients of the versions. The mean values are shown in the last
column in Table ?7?. Internal variations for the coefficient are from 0.636

to 0.804 (PMOD), from 0.645 to 0.766 (ACRIM) and from 0.620 to 0.756

13
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(IRMB).

The comparison shows that the versions are equal in terms of the ARIMA
models. The coefficient histograms are similar and consequently the explained
variance undulates in the same interval, showing from 25% to 35% explained
variance for the ACRIM and TRMB versions. The models for PMOD show
a bit higher coefficient values and also from 23% to 40% for the explained
variance. This may be caused due to larger fraction of filled irradiance values

which evidently have some smoothing effect to the series.

The same model type is fitted to three (CET, Prague, Zagreb) station based
temperature series of the same time interval as determined by the TSI record.
The anomalies are computed in respect to the corresponding 26 year mean
seasonal cycle. Number of used sub-series is 56 and all the fitted models passed
the portmanteau test at 99% significance level (not shown). Fitted coefficient
values for temperature sub-series are all remarkably higher than those for the
irradiance series. This difference is caused by the different heteroscedasticity in
the initial series. The difference can be followed in the charts showing growth
rate for D(7) and saturation for r.(1), respectively. For the TSI series, r,(1)
undulates around the value —0.45 during the approximate self-similarity region
over 7. For the temperature series the saturation of it takes place near value

—0.5.

For fractional Brownian motion (FBM) series with the self-similarity parame-
ter H (where 0 < H < 1), the correlation between the consecutive increments

of the length 7 is written as (Mandelbrot and Van Ness 1968)

r(1) =227 -1, (7)

14
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independent on the increment interval 7. The situation enables us to compare
the behavior of D(7) and r,(1) estimates obtained for TSI and temperature
series over the self-similarity region. These estimates of H on the basis of D(7)
are approximately 0.1 and 0.0 for TSI and temperature, respectively. Using
eq. ( 7?) and mean (1) levels from Figure 7? gives the corresponding values

0.07 and 0.0.

Model ( ??) for the increments in case of ©y = 0 can be written for the
anomalies as
o0
X(@t) =X alt —1)+a(t), (8)
i=1
where A = 1 — ©;. The obtained version ( ??) shows that in case of the fitting
result appears to be ©; = 1, the model reduces to a trivial form where the
temperature anomaly series represents white noise if collected over the time
step of 7 days. The current results show that the coefficient appears to be very
close to unity for the temperature series and comparatively far from it for TSI.
In this case the model can be interpreted as random walk in noisy environ-
ment (Box and Jenkins 1976). This means that for the temperature series the
variability shows weak non-stationarity because the random walk generating
noise has low variance. The same is declared by nearly saturated D(7) esti-
mate. All the calculated characteristics (D(7),7.(1),©;) indicate that the TSI
series contain stronger non-stationarity than the temperature series. Due to
smaller ©; variance of the random walk generating noise part is considerably

larger than in the temperature models.

The lower panel of Figure 7?7 shows two histograms of the fitted values of

©,,,; for CET series. The first one corresponds to the series from the same

15
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interval with the TSI versions. Another histogram belongs to models fitted
to the whole available 234 year time interval. The comparison is carried out
in order to get an idea about the effect of long Gleissberg cycle in the solar

activity to local temperature variability.

Available long temperature series from different stations are used to test
whether the obtained model type is applicable for longer periods. An overview
of parameter values obtained in the fitting of model ( 77?) to the series from 14
European and Northern Asian stations is shown in Table ?7. The first four
columns are dedicated to the station information. The proportion of sub-series
that passed the test at 99% significance level in case of 7 = 64 days is shown
in the fifth column. The fraction of passed sub-series is remarkably high. Six
series from 14 occasions had all 56 sub-series passed the portmanteau test.
Seven series had one sub-series failing to pass and 1 series had two sub-series
failing to pass at the 99% level. Provided that the increment interval (7) can be
chosen over a wide range of intervals, this means the approach can adequately
describe the long-term variability of the temperature anomaly series; keeping
in mind there may exist a few sub-series with the memory longer than two
months. The sixth column shows the mean value of the coefficient ©; obtained
over 56 sub-series. The main amount of series lead to high mean values (from
0.946 to 0.971). Only two stations (Kluchi and Ashghabat) show considerably
weaker coefficient. The range between the values obtained for sub-series of one
and the same station is similar to that shown in Figure 77 for the long CET
record. On the basis of the examined temperature series the model does not

depend essentially on the series length in terms of ©1.

Different situation takes place if comparing the coefficients ©y. The model

( 7?) represents a stochastic trend (Box and Jenkins 1976) and a non-zero O,

16
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should be included if its component appears in every sub-series with the same
sign and magnitude. In this case an additional deterministic trend component
can be expected. Sample values for the average increment are used to estimate
the ©¢ coefficient. During the fitting process the values of 7, = 77! i1 T,
where 7 = 56, computed for every dataset are shown in the seventh column of
Table ?7. The column shows that the average increment values obtained for
14 series are mainly positive (11 from 14 occasions). They show the average
trend over 56 day time interval. The 56 day increment mean values for sub-
series can give an approximate answer to the first criterion. The mean values
for different sub-series do not show any unanimity. In the series showing an

average warming there exists about 10 to 20 sub-series showing some cooling.

This means that including a deterministic trend term is not justified.

5 Conclusions

To represent the temporal variability in various climate related time series
it is important to take into consideration that the model type may depend
on the time interval between the consecutive terms in the initial series. The
daily series representing TSI at the TOA and local air temperature in the me-
teorological stations show strong short-range non-stationarity that weakens
considerably together with increasing time scale (e.g Kéarner 2005). Quantify-
ing the variability by means of the structure function is a simple tool enabling
us to select an appropriate interval. Modeling the variability of sub-series over
the chosen time interval enables us to represent the long-range variability in

the series.

Long-range temporal variability in total solar irradiance (TSI) and station

17
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based surface air temperature anomaly time series is examined by means of
the non-stationary ARIMA (0,1,1) models. The models are fitted to sub-series
over 56 day time step. The interval was chosen on the basis of two solar rotation
synodic period. The interval ensures the influence of short-range variability in
the fitted model is minimized, and the model enables us to more precisely

describe long-range variations in TSI and temperature, respectively.

Brightening of the sun with increasing sunspot number and its influence to
the TSI is described by Foukal et al. (2006). The fitted model shows that the
long-term variations in TSI can be described by means of random shock type
increments. It also shows that due to a stochastic (and sample dependent)
nature of the trend in TSI series the difference between the estimates by
Frohlich and Lean (1998a,b) and Willson and Mordvinov (2003) has a marginal

value in terms of the model type. The versions are equal in terms of the model.

The same model type appears to be appropriate for representing variability
in long daily surface air temperature time series. Comparison of the obtained
values for the coefficient ©; shows that the temperature models explain consid-
erably higher part of the variance than the TSI models. This is an indication
that there holds a strong negative feedback in the climate system capable
to smooth the influence of non-stationary forcing. Modeling of 14 time series
shows that the local climate (in terms of the air temperature) may be better

balanced than it can be expected on the basis of the TSI fluctuations.

Generally, the same empirical model type for two series does not mean any
inevitable dependence between the series. But in case if one series presents
the main external forcing to the climate system and other a local response in

various places of the system, at least some dependence is expected. The current
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comparison shows that in terms of the model type the surface air temperature
variability imitates closely that for the TSI. This may mean that during the
analysed time interval no other forcing to the climate system was capable to
change the random walk type variability established by the varying activity of
the rotating sun. The result should inspire more detailed examination of the

dependence of various climate series on the short-range TSI variations.
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Figure captions.

1.Local standard deviation (in Wm™2) over the consecutive non-overlapping
56 day long time intervals. Upper panel: For Ipyop and its daily increments.
Lower panel: For the Central England Temperature series over the same time

interval 1976-2006

2. Growth rate of D(7) calculated for the same 1978-2006 interval. Upper
panel: For three TSI versions. Lower panel: For three surface air temperature

anomaly series.

3. Change of correlation between the consecutive increments as the increment
interval increases from 1 to 100 days. Upper panel: For three TSI versions.

Lower panel: For three air temperature series.

4. Frequency distribution of the coefficient ©1, fitted to 56 sub-series of Ipyop

series (upper panel) and for I4cgras series (lower panel).

5.Frequency distribution of the coefficient ©4, fitted to 56 sub-series of I;ryB

series (upper panel) and two versions of the CET series (lower panel)

Table captions.

1. Version name, series length, mean value, st. dev. (sx), st. dev. for daily
increments s,, mean and st dev for 56 day increments, and mean coefficient

©; calculated over the common interval

2. Station data, series length, fraction of passed test, mean coefficient, and

mean increment for 56-day sub-series
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Table 1
Version name, series length, mean value, st. dev. (sx), st. dev. for daily increments
sz, mean and st dev for 56 day increments, and mean coefficient ©4 calculated over

the common interval

Version Years n(days) Mean Wm™2 sy Sa T56 s56  O1

PMOD  1978-2004 9436 1366.04 570 183  —.0035 512 .751

ACRIM  1978-2004 9436 1366.25 17239 —.0082 558 .693

IRMB 1978-2004 9436 1366.49 731227 .—-.0042 546 .689
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Table 2
Station data, series length, fraction of passed test, mean coefficient, and mean in-

crement for 56-day sub-series

Station, Country LAT LON Years frse  ©1 Ts6

Stockholm, SE 59.35  18.05 1756-2006 0.98 0.969 0.0009

Central England, GB 52.42 —1.83 1772-2005 0.98 0.970 0.0023

Prague, CZ 50.09  14.42 1775-2005 1.00 0.962 —0.0012
Bologna, IT 4448  11.25 1814-2002 0.96 0.959 0.0024
Zagreb, HR 45.82 1599 1861-2006 1.00 0.964 0.0046
Armagh, GB 54.35 —6.65 1865-2001 1.00 0.965 —0.0028

St. Petersburg, RU 59.96  30.30 1881-2006 0.98 0.951 0.0069

Archangelsk, RU 64.50  40.73 1881-2006 1.00 0.968 —0.0011
Lisbon, PT 38.72  —9.15 1901-2006 0.98 0.954 0.0052
Davos, CH 46.81 9.85 1901-2003 0.98 0.947 0.0078
Tomsk, RU 56.43  85.01 1884-1995 1.00 0.946 0.0068
Verhoyansk, RU 67.55 133.38 1926-1995 0.98 0.971 0.0045
Kluchi, RU 56.30 160.80 1931-1995 0.98 0.916 0.0279

Ashgabat, Turkm 38.00 58.4 1951-1995 1.00 0.912 0.0187
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Fig. 1. Local standard deviation (in Wm~2) over the consecutive non-overlapping 56
day long time intervals. Upper panel: For Ipy;op and its daily increments. Lower
panel: For the Central England Temperature series over the same time interval

1976-2006
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Fig. 2. Growth rate of D(7) calculated for the same 1978-2006 interval. Upper panel:

For three TSI versions. Lower panel: For three surface air temperature anomaly

series.
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Fig. 3. Change of correlation between the consecutive increments as the increment
interval increases from 1 to 100 days. Upper panel: For three TSI versions. Lower

panel: For three air temperature series.
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Fig. 4. Frequency distribution of the coefficient ©1, fitted to 56 sub-series of Ipyrop

series (Upper panel) and for Iacrrar series.
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Fig. 5. Frequency distribution of the coefficient O, fitted to 56 sub-series of I;ryB

series (Upper panel) and two versions of the CET series (Lower panel).
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