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Abstract
The surface air temperature daily records at the land-based locations with
different climate conditions (from the Arctic to Patagonia) have been studied
on the daily to intraseasonal time scales (low-frequency annual and seasonal
variations have been removed by subtracting a wavelet regression from the
daily records). It is shown that the power spectra of the daily time series
exhibit a universal behavior corresponding to distributed chaos dominated
by the buoyancy-inertial and buoyancy-diffusive mechanisms. Global average
temperature fluctuations (land-based data) and the tropical Pacific sea surface
temperature fluctuations (El Niño/La Niña phenomenon) have also been con-
sidered in this context. It is shown that the practical smooth predictability for
the surface air temperature dynamics is possible at least up to the fundamental
(pumping) period of the distributed chaos.
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1 Introduction

The digital databases with numerous long-term local meteorological records
open new possibilities for a comparative analysis of the meteorological data
over areas with different climate conditions (Baranowski et al. 2015). This anal-
ysis is crucial for understanding of the differences and universal properties in
the dynamics of the meteorological processes. The (near) surface temperature
is one of the most significant meteorological characteristics. Due to depen-
dence on many different factors (such as latitude, elevation, atmospheric and
oceanic circulations, coastal or interior location, terrain, etc.) the land-based
(near) surface air temperature is not expected to possess universal proper-
ties, especially on the daily to intraseasonal time scales. On the other hand,
the chaotic nature of the temperature dynamics at these time scales can re-
sult in some universality (see, for instance, Slingo and Palmer 2011). In the
present paper, we will try to find out these universal features, which appear
to be rather strong. Of course, a comprehensive analysis of this universality
on global scales is far beyond of our present scope. But already a prelimi-
nary glance at some geographical locations scattered around the globe reveals
a rather interesting picture, that can justify a more comprehensive analysis.
These locations were chosen mostly because of the existence of sufficiently
long and continuous daily records of the (near) surface temperature and a
minimization of the urban effect.

There is another approach: a large-scale space average of the local temper-
ature fluctuations. This approach can provide a global average temperature
daily time series (see, for instance, Rohde et al. 2013; Berkeley Earth 2025
and references therein). An analysis of these time series can then be compared
with the analysis of the space-localized data.

Daily data for the surface air temperature over oceans as well as for the
sea surface temperature - SST (i.e., the water temperature near the ocean’s
surface) are, naturally, much less available for a sufficiently long period. How-
ever, for the most interesting area of the Pacific Ocean (its tropical part) the
data have been accumulated in relation to the important El Niño/La Niña
phenomenon. This phenomenon affects the surface air temperature across the
globe and it is interesting to compare its chaotic properties with those of the
surface air temperature over land.

Analysis of the above-discussed data is crucial for the important problem of
weather forecasting. Ideally, the predictability horizon can be extended indef-
initely by reducing the initial errors. It is a smooth dynamical predictability.
The smooth dynamical systems are generally characterized by the stretched
exponential spectra:

E(f) ∝ exp−(f/f0)
β (1)

where f is the frequency.



Predictability and randomization of surface air temperature chaotic dynamics 3

0 0.02 0.04 0.06 0.08 0.1

-5

0

5

10

f

ln
 E

(f
)

exp-(f/f
c
)

Fig. 1 Logarithm of power spectrum for z-component of the Eq. (3) against frequency f .
The dashed straight line corresponds to Eq. (2).

For deterministic chaos β = 1 (Ohtomo et al. 1995)

E(f) ∝ exp−(f/fc) (2)

The seminal Lorenz system is a very simplified (on the first Galerkin modes)
model for Rayleigh-Bénard (thermal) convection in a layer of fluid, cooled from
above and heated from below:

dx

dt
= σ(y − x),

dy

dt
= rx− y − xz,

dz

dt
= xy − bz (3)

The parameters b = 8/3, r = 28.0, σ = 10.0 provide a chaotic solution
Ecke (2015). Fig. 1 shows the power spectrum of z-component (in the semi-
logarithmic scales). The spectrum was computed using the maximum entropy
method, which provides an optimal resolution for comparatively short data
sets Ohtomo et al. (1995). The dashed straight line corresponds to Eq. (2) in
the semi-logarithmic scales.

For 1 > β, the chaotic dynamics is smooth but randomized (not deter-
ministic) (Wu et al. 1990). This chaotic dynamics will be called distributed
chaos (see below for clarification of the term). The non-smooth dynamics (hard
turbulence according to Wu et al. 1990) is characterized by the power-law
(scaling) spectra. The value of the parameter β can be used as a measure of
the randomization: the further the value of β is from β = 1, the stronger is
randomization.

In reality forecasting window is always restricted by a frequency range
where the spectrum can be approximated by the stretched exponential Eq. (1)
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Fig. 2 Power spectrum (in the log-log scales) of the temporal temperature fluctuations in
the center of a cube for a direct numerical simulation of the Rayleigh-Bénard convection.

(see, for instance, Bershadskii 2025 and below).

Figure 2 shows a frequency power spectrum for the temporal temperature
fluctuations obtained in direct numerical simulations (DNS) of the buoyancy
driven convection under Boussinesq approximation

∂u

∂t
+ (u · ∇)u = −∇p

ρ0
+ σgθez + ν∇2u (4)

∂θ

∂t
+ (u · ∇)θ = S

∆

H
ezuz + κ∇2θ, (5)

∇ · u = 0 (6)

where θ is the temperature fluctuations over a temperature profile T0(z), p is
the pressure, u is the velocity, ez is a unit vector along the gravity direction,
g is the gravity acceleration, H is the distance between the layers and ∆ is
the temperature difference between the layers, ρ0 is the mean density, ν is the
viscosity and κ is the thermal diffusivity, σ is the thermal expansion coefficient.
For the unstable stratification S = +1 and for the stable stratification S = −1.

The equations were numerically solved with conducting boundary condi-
tions for the temperature field at the horizontal walls (heating from below and
cooling from above) and insulating boundary conditions at the side walls. The
no-slip boundary conditions were used at all the walls for the velocity field.
The DNS was performed for the Prandtl number Pr = 1 and Rayleigh number
Ra = 108.

The spectral data for Fig. 2 were taken from Fig. 7 of the Ref. (Kumar and
Verma 2018). The measurements in these DNS were made with the real-space
probes located at the centre of a box. The mean velocity at the centre of the
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Fig. 3 The power spectrum of the daily mean surface air temperature measured at Alert
location (Nunavut, Canada).

cubical box has a zero value. Therefore, the measurements provide a real tem-
poral (frequency) spectrum (Kumar and Verma 2018).

The dashed curve in Fig. 2 indicates the stretched exponential spectrum
Eq. (1) with β = 1/2, and the dotted vertical arrow indicates the location of
the frequency f0. From the location of f0 (the maximum of E(f)) one can
see that the entire distributed chaos is tuned to the low-frequency coherent
structures in this case.

The stretched exponential form of the power spectrum indicates the smooth
predictability for this numerical simulation despite a considerable randomiza-
tion (β = 1/2).

2 Distributed chaos in the buoyancy-driven flows

2.1 Buoyancy-inertial mechanism

Equations (4-6) at ν = κ = 0 and vanishing or periodic boundary conditions
have an invariant - a generalized energy:

E =

∫
V

(u2 − Sσg
H

∆
θ2) dr (7)

where V is the spatial volume (see, for instance, Kumar et al. (2014)). It can
be readily shown that the presence of a global rotation does not change the
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 Russia-Yakutsk (daily, 1951-2017yy)

Fig. 4 The power spectrum of the daily mean surface air temperature measured at Yakutsk
(Russia, Siberia).

invariant Eq. (7).

Taking into account phenomenological ideas of Kolmogorov, Bolgiano and
Obukhov (Monin and Yaglom 2007), we can obtain (using the dimensional
considerations) a relationship between characteristic temperature fluctuations
θc and the characteristic frequency scale fc

θc ∝ (σg)−1ε1/2f1/2
c , (8)

where the generalized dissipation/transfer rate

ε =

∣∣∣∣∣d⟨u2 − Sσg d
∆θ2⟩

dt

∣∣∣∣∣ (9)

⟨...⟩ denotes spatial averaging.

To take into account the possibility of random fluctuations of fc (together
with θc, Eq. (8)), one should consider an ensemble average of the exponential
spectra Eq. (2) (deterministic chaos)

E(f) =

∫
P (fc) exp−(f/fc) dfc. (10)

This approach determines the distributed chaos as a smooth randomization of
the deterministic one.
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Fig. 5 The power spectrum of the daily mean surface air temperature measured at Central
England for the period 1944-2018yy.

If the characteristic temperature fluctuations θc are half-normally dis-
tributed: P (θc) ∝ exp−(θ2c/2σ

2
c ), then the probability distribution P (fc) can

be readily calculated using Eq. (8)

P (fc) ∝ f−1/2
c exp−(fc/4f0) (11)

where f0 is a renormalized (due to the fluctuations) characteristic frequency.

Substituting Eq. (11) into Eq. (10) we obtain

E(f) ∝ exp−(f/fβ)
1/2 (12)

i.e., the distributed chaos with β = 1/2 (cf Fig. 2).

2.2 Buoyancy-diffusive mechanism

As mentioned in the previous subsection 2.1, the invariance of the generalized
energy E is conditioned by the applicability of certain boundary conditions.
If the boundary conditions are not favorable for the invariance of the gener-
alized energy, then the parameter ε in the estimate Eq. (8) can be replaced
by another, wildly used for the turbulent flows, phenomenological integral pa-
rameter – eddy diffusivity of heat Kh (see, for instance, Li et al. 2015 and
references therein). In this case we obtain from the dimensional considerations

θc ∝ (σg)−1K
1/2
h f3/2

c (13)
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Fig. 6 As in Fig. 5 but for the historical period 1858-1943yy.

It is a more complex task to find the spectrum E(f) for this case. Let us
rewrite Eq. (10) in the form

E(f) ∝
∫ ∞

0

P (fc) exp−(f/fc) dfc ∝ exp−(f/f0)
β (14)

The Eq. (14) can be used to estimate P (fc) for large fc (Johnston 2006)

P (fc) ∝ f−1+β/[2(1−β)]
c exp(−γfβ/(1−β)

c ) (15)

Let us generalize equations (8) and (13) as

θc ∝ fα
c (16)

In the case of half-normally distributed positive variable θc, a relationship
between the exponents β and α can be obtained from Eqs. (15) and (16) (using
some algebra)

β =
2α

1 + 2α
(17)

It follows from Eq. (17) that for α = 3/2 (Eq. (13)) the parameter β = 3/4,
i.e. the spectrum in this case has the form

E(f) ∝ exp−(f/f0)
3/4 (18)
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3 Northern Hemisphere

The power spectra of the local surface air temperature fluctuations at 11 dif-
ferent geographical locations around the globe are shown in Figs. 3-14. The
spectra have been computed using the maximum entropy method with an
optimal resolution (Ohtomo et al. 1995). Low-frequency annual and seasonal
variations have been removed by subtracting a wavelet (symmlet of order four)
regression from the daily time series (Ogden 1997). This subtraction also re-
moves the long-term trends, and the remaining time series represent the daily
to intraseasonal dynamics only (cf. Wheeler and Hendon 2004; Ventrice et al.
2013).

Let us start from the Alert ( Qikiqtaaluk Region, Nunavut, Canada) - the
northernmost permanently inhabited location on the globe, far north of the
Arctic Circle (Latitude: 82.5018 and Longitude: -62.3481, elevation: 30 m).
The climate is of a very dry polar type. Figure 3 shows the power spectrum
of the daily mean surface air temperature measured for the 1951–2006yy (the
data were taken from the site Climate 2025). The straight line in the figure
(the best fit) indicates, in the appropriately chosen scales, the stretched expo-
nential decay Eq. (12) with the β = 1/2. The fundamental (pumping) period
Tf ≃ 40d.

Yakutsk (Russia, Sakha Republic, Siberia) - located 450 kilometers south
of the Arctic Circle (Latitude: 62.0354 and Longitude: 129.6755, elevation: 126
m). Yakutsk has an extreme subarctic climate with a distinct inland location.
The winters are extremely long and cold (the lowest temperature recorded
here -64.4 0C), while summers are warm (daily max. temperatures can exceed
+30 °

0C). The climate is rather dry. Figure 4 shows the power spectrum of the
daily mean surface air temperature measured for the 1951–2017yy (the data
were taken from the site Aisori 2025). The straight line in the figure (the best
fit) indicates, in the appropriately chosen scales, the stretched exponential de-
cay Eq. (12) with the β = 1/2. The fundamental (pumping) period Tf ≃ 40d.

Next, let us look at Central England with its temperate maritime climate.
Although the urban effect is rather considerable at this region (a triangular
area enclosed by London, Bristol, and Lancashire - Latitude: 53.7632, Lon-
gitude: -2.7044) there is a long continuous data set of the mean daily tem-
peratures (Hadcet 2025; Parker 1992) that allows to compare the temperature
power spectra for a modern (the 1944-2018yy) and an historical (1858–1943yy)
periods (see Figs. 5 and 6). And again the both decaying parts of the spectra
correspond to the stretched exponential Eq. (12) with the same β = 1/2. The
fundamental (pumping) period in both these cases: Tf ≃ 44d, is also close to
that observed in the previous cases.

Next is the Balkhash city (Kazakhstan, Central Asia - Latitude: 46.8435,
Longitude: 74.9810, elevation: 440 m) with its semi-arid (continental) climate.
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Fig. 7 The power spectrum of the daily mean surface air temperature measured at Balkhash
(Kazakhstan, Central Asia).
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Fig. 8 The power spectrum of the daily mean surface air temperature measured at Sapporo
(Japan).

Although the city is located on the northern shore of Lake Balkhash (one of
the largest lakes in Asia), precipitation is low. Figure 7 shows the power spec-
trum of the daily mean surface air temperature measured for the 1936–2005yy
(the data were taken from the site Ecad 2025). The straight line in the figure
(the best fit) indicates, in the appropriately chosen scales, the stretched ex-
ponential decay Eq. (18) now with the β = 3/4. The fundamental (pumping)
period Tf ≃ 40d.
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Fig. 9 The power spectrum of the daily mean surface air temperature measured at Salt
Lake City (Utah, USA).

Sapporo (Japan, Latitude: 43.0625, Longitude: 141.3536, elevation: 26 m)
has a humid continental climate with significant rainfall. Figure 8 shows the
power spectrum of the daily mean surface air temperature measured for the
1953–2018yy (the data were taken from the site NOAA 2025). The straight
line in the figure (the best fit) indicates, in the appropriately chosen scales,
the stretched exponential decay Eq. (18) with the β = 3/4 (cf. Fig. 7). The
fundamental (pumping) period Tf ≃ 40d.

As the Sapporo the Salt Lake City (Utah, USA - Latitude: 40.7608, Lon-
gitude: -111.8910, elevation 1304 m) has a hot-summer humid continental cli-
mate. The Pacific Ocean and the Great Salt Lake are considered the primary
influences on the weather of this location. Figure 9 shows the power spectrum
of the daily mean surface air temperature measured for the 1950–2018yy (the
data were taken from the site NOAA 2025). The straight line in the figure (the
best fit) indicates the stretched exponential decay Eq. (18) with the β = 3/4
(cf. Figs. 7 and 8). The fundamental (pumping) period Tf ≃ 40d.

4 Tropics

Now let us jump to the tropics - Darwin (in the top end of Northern Australia,
Latitude: -12.4634, Longitude: 130.8456, elevation: 37 m). It has a tropical sa-
vanna climate, that is characterized by very stable mean daily temperature
all year round, with clear distinct dry and wet seasons. The wet season is
characterised by monsoonal rains and high humidity, while the dry season is
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Fig. 10 The power spectrum of the daily mean surface air temperature measured at Darwin
(Northern Australia).

characterised by cool nights and sunny warm days. Figure 10 shows the power
spectrum of the daily mean surface air temperature measured for the 1950–
2018yy (the data were taken from the site NOAA 2025). The straight line
in the figure (the best fit) indicates the stretched exponential decay Eq. (12)
with the β = 1/2. The fundamental (pumping) period Tf ≃ 40d. The power
spectrum is rather similar to those observed at the high latitudes (cf. Figs. 3-6).

5 Southern Hemisphere

Dissimilarity between the Northern and Southern hemispheres’ geographic set-
ting in respect of the land-ocean distribution could result in significant differ-
ences in the time variability of the surface air temperature. However, as it
will be seen from the figures 11-14, the main properties of the above-discussed
distributed chaos at the daily to intraseasonal time scales are also valid for the
Southern Hemisphere. Only the values of the fundamental (pumping) period
are different.

Alice Springs (central Australia, Latitude: -23.6980, Longitude: 133.8807,
elevation: 545 m) has a desert (a semi-arid) climate with little rainfall through-
out the year, hot summers, and cold winters. Figure 11 shows the power spec-
trum of the daily mean surface air temperature measured for the 1973–2018yy
(the data were taken from the site NOAA 2025). The straight line in the fig-
ure (the best fit) indicates the stretched exponential decay Eq. (18) with the
β = 3/4. The fundamental (pumping) period Tf ≃ 33d (cf. Figs. 7-9).
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Fig. 11 The power spectrum of the daily mean surface air temperature measured at Alice
Springs (Central Australia).
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Fig. 12 The power spectrum of the daily mean surface air temperature measured at Bloem-
fontein (central South Africa).

The Bloemfontein (central South Africa, Latitude: -29.0852, Longitude:
26.1596, elevation: 1395 m) has a semi-arid climate with hot summers and
dry, cooler winters. Figure 12 shows the power spectrum of the daily mean
surface air temperature measured for the 1980–2018yy (the data were taken
from the site NOAA 2025). The straight line in the figure (the best fit) indicates
the stretched exponential decay Eq. (18) with the β = 3/4. The fundamental
(pumping) period Tf ≃ 50d, that can be a consequence of the Madden-Julian
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Fig. 13 The power spectrum of the daily mean surface air temperature measured at Santa
Rosa (central Argentina).
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Fig. 14 The power spectrum of the daily mean surface air temperature measured at Rio
Gallegos (Patagonia, Argentina).

Oscillation (Wheeler and Hendon 2004; Ventrice et al. 2013).

The Santa Rosa (central Argentina, Latitude: -36.6209, Longitude: -64.2912369,
elevation: 175 m) has a humid subtropical climate with hot (warm) summers
and dry, chilly winters. Figure 13 shows the power spectrum of the daily mean
surface air temperature measured for 1973–2018yy (the data were taken from
the site NOAA 2025). The straight line in the figure (the best fit) indicates
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Fig. 16 Power spectrum corresponding to the sub-set (1936-1976yy) of the daily data shown
in Fig. 15.

the stretched exponential decay Eq. (18) with the β = 3/4. The fundamental
(pumping) period Tf ≃ 31d (cf. Figs. 11 and 12).

The Rio Gallegos (Patagonia, Argentina, Latitude: -51.6230, Longitude:
-69.2168, elevation: 20 m) has a cold semi-arid climate (with low precipitation
and very strong winds). Figure 14 shows the power spectrum of the daily
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mean surface air temperature measured for the 1973–2018yy (the data were
taken from the site NOAA 2025). The straight line in the figure indicates
the stretched exponential decay Eq. (12) with the β = 1/2. The fundamental
(pumping) period Tf ≃ 33d.

6 Global temperature

Figure 15 shows a global average surface temperature anomaly (relative to
the Jan. 1951 - Dec. 1980 average). The land-based daily data for the 1936-
2018yy were taken from the site (Berkeley Earth 2025). The entire daily time
series shown in Fig. 15 is statistically non-stationary, and a certain detrending
is necessary before a spectral analysis. But before the detrending, it should
be noted that the time sub-series for the 1936–1976yy is approximately sta-
tistically stationary, and the spectral computation can be performed for this
sub-series without detrending. Figure 16 shows the power spectrum corre-
sponding to this statistically stationary subset of the data. The straight line
in the figure (the best fit) indicates the stretched exponential decay Eq. (12)
with the β = 1/2.

The second part of the time series, for the 1977–2018yy, can be detrended
using the simplest linear regression method. Figure 17 shows the corresponding
power spectrum. The straight line in the figure (the best fit) indicates the
stretched exponential decay Eq. (12) with the β = 1/2.

On can conclude that the daily global average temperature fluctuations
are dominated by the distributed chaos with β = 1/2 (the buoyancy-inertial
mechanism Eq. (12)).

Interestingly, T0 period is nearly a half-year in this case (see Figs. 16 and
17). The global temperature fluctuations can be sensitive to this period due to
dissimilarity between the Northern and Southern hemispheres’ geographic set-
ting concerning the land-ocean distribution. There is also more of a difference
in solar radiation between winter and summer in the Southern hemisphere
than in the Northern hemisphere due to the Earth’s orbit eccentricity. The
northward cross-equatorial ocean heat transport plays its role as well (Kang
et al. 2015).

Now let us make a detrending, removing low-frequency annual and sea-
sonal variations by subtracting a wavelet regression from the daily time series
shown in Fig. 15. The symmlet wavelets were used for this purpose for the
local temperature fluctuations in the previous Sections. They are a modified
version of Daubechies wavelets (with increased symmetry) (Ogden 1997). A
special (and simplest) case of the Daubechies wavelet is the Haar wavelet. It is
especially effective for the analysis of signals with abrupt fluctuations, that is
the case of the daily global temperature fluctuations. Therefore, this wavelet
regression has been used for the daily time series shown in Figure 15. Figure
18 shows the power spectrum computed for the Haar wavelet detrended entire
daily time series (the 1936–2018yy).
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Fig. 17 Power spectrum corresponding to the sub-set (1977-2018yy) of the daily data shown
in Fig. 15.
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Fig. 18 Power spectrum corresponding to the wavelet regression detrended daily time series
shown in Fig. 15.

The straight line in the figure (the best fit) indicates the stretched expo-
nential decay Eq. (12) with the β = 1/2. The fundamental (pumping) period
Tf ≃ 47d.
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Fig. 19 Map of the tropical Pacific regions.
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Fig. 20 Power spectrum corresponding to the wavelet regression detrended daily index
Niño3+4 for 1981-2018yy period.

7 Tropical Pacific SST

It is well known that the El Niño/La Niña (or ENSO: El Niño - Southern
Oscillation) phenomenon causes major changes in the global atmospheric cir-
culation and, as a consequence, changes of the surface air temperatures across
the globe (see, for instance, Halpert and Ropelewski 1992; Fan et al. 2017 and
references therein). Therefore, it is interesting to look at the chaotic properties
of this phenomenon on the daily to intraseasonal time scales and compare these
properties with those of the surface air temperatures over land. The important
point here is that the El Niño/La Niña indices: Niño1,...,Niño4, are the areas
averaged SST (sea surface temperature, i.e. the water temperature near the
ocean’s surface). The Niño3 (5N-5S, 150W-90W region) and the Niño4 (5N-
5S, 160E-150W region) indices together cover a rather wide and representative
area in the tropical Pacific (see Fig. 19). In this area, the El Niño/La Niña
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phenomenon is mainly observed. Figure 20 shows the power spectrum corre-
sponding to the weighted index Niño3+4, computed from the indices Niño3 and
Niño4 for the entire region (5N-5S, 160E-90W), for the 1981–2018yy period.
A simple weighting has been used to take into account the difference between
the areas corresponding to the Nino3 and Nino4 indices. The data for compu-
tations were taken from the site (Climexp 2025) and the low-frequency annual
and seasonal variations have been removed by subtracting the wavelet (symm-
let of order four, used above for the local surface air temperature fluctuations)
regression from the daily time series. The straight line in the figure (the best
fit) indicates the stretched exponential decay Eq. (12) with the β = 1/2.

8 Predictability limitations

After the seminal paper (Lorenz 1969) the predictability problem obtained
several new trends which dominate its development even now.

1. There were introduced two main types of predictability. Let us define
them as the smooth and rough ones (see Introduction). At the smooth pre-
dictability, the predictability horizon can be indefinitely extended by reducing
the initial error. At the rough predictability, the predictability horizon cannot
be indefinitely extended by reducing the initial error. It was generally assumed
that the real weather forecasts belong to the second type of predictability, with
a finite horizon that cannot be larger than two weeks (approximately).

2. Following Kolmogorov’s scaling paradigm (Monin and Yaglom 2007) it
was assumed that the power-law spectra completely determine the real weather
forecasts. Since this assumption, the power-law spectra were the main theo-
retical tool in this respect. There were many attempts to find such spectra for
the simulations and naturally observed data (see, for instance, Sun and Zhang
2016 and references therein).

3. It was assumed that for the power-law spatial (wavenumber) spectra of
the kinetic energy E(k) ∝ k−γ with the γ < 3, the predictability is rough.

4. The main predictability efforts were concentrated on the space properties
of the velocity field and the temperature field was considered as a secondary
one for the weather predictability problem (Vannitsem et al. 2019).

Now it is clear that the stretched exponential frequency spectra Eqs. (12)
and (18) can be considered as strong indicator of the smooth predictability.
The first example given in the present paper - the Rayleigh-Bénard thermal
convection, provides a clue to the situation. In this case, the entire frequency
range covered by the distributed chaos with the stretched exponential spec-
trum is tuned to the fundamental (pumping) frequency f0 (the low-frequency
coherent structures). Generally, the fundamental (pumping) periods indicated
in the Figs. 3-14 can be considered as practical forecast windows of the surface
air temperature dynamics for these cases. It means that the practical smooth
predictability of the air surface temperature dynamics is possible at least up
to the corresponding time scales.
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9 Conclusions

A. The apparent universality of the surface air temperature spectra on the
daily to intraseasonal time scales can be related to the domination of the two
(buoyancy-inertial and buoyancy-diffusive) mechanisms driving the surface air
temperature’s dynamics. Of course, the cases considered in the paper are ex-
amples only and there should be a comprehensive analysis of as numerous as
possible local records of the surface air temperature to check out this univer-
sality and to find out its limitations.

B. For Central England, there is no significant difference in the universal
spectrum between a Modern (1944–2018yy) and a Historical (1858–1943yy)
periods (cf. Figs 5 and 6).

C. It seems that the value β = 3/4 corresponds to most of the mid-latitudes,
whereas the value β = 1/2 corresponds to the high-latitudes and tropics.

D. The fundamental (pumping) period Tf ≃ 40 day seems to be a universal
one for the Northern Hemisphere. The near-40-day oscillations at the North-
ern Hemisphere extratropics are well known from numerous observations and
are theoretically associated with the interaction of topography with the non-
zonal flows (cf. Magana 1993; Marcus 1994; Robertson, and Mechoso 2003;
Cunningham and De Albuquerque 2006 and references therein).

E. The global average surface temperature fluctuations (land-based) are
dominated by the buoyancy-inertial mechanism with β = 1/2. The shift of
the fundamental (pumping) period Tf toward 50 days (see Fig. 18) can be re-
lated to the effect of the Madden-Julian oscillation (see, for instance, Wheeler
and Hendon 2004; Ventrice et al. 2013; Madden and Julian 1994; Zhang 2005;
Hoell et al. 2014; Matsueda and Takaya 2015; Henderson 2017 and references
therein), but it can also be related to the large-scale spatial averaging (cf. Figs.
5 and 6).

F. The tropical Pacific SST fluctuations on the daily to intraseasonal time
scales are dominated by the buoyancy-inertial mechanism with β = 1/2 (Fig.
20). The fundamental (pumping) period Tf ≃ 57d can be compared to the
corresponding periods of the Madden-Julian oscillation (cf. Wheeler and Hen-
don 2004; Ventrice et al. 2013; Madden and Julian 1994; Henderson 2017). It
is not surprising because the Madden-Julian oscillation is a dynamic coupling
between tropical ocean deep convection and large-scale atmospheric circula-
tion. The second peak in the spectrum shown in Fig. 20 corresponds to period
T ≃ 33d and can be compared to the fundamental (pumping) periods char-
acteristic to the surface air temperature in Australia and South America (cf.
Figs. 11, 13, 14, and 19).
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G. The practical smooth predictability for the surface air temperature dy-
namics is possible at least up to the fundamental (pumping) period of the
distributed chaos.
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