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Key Points:4

• The Earth’s Infrared Background (EIB) is identified as isotropic variability im-5

plied by the fluctuation–dissipation theorem.6

• The EIB is modeled using a stochastically forced energy balance climate model,7

yielding a red background consistent with observations.8

• The EIB provides a null hypothesis for separating atmospheric signals from nat-9

ural variability in Outgoing Longwave Radiation.10
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Abstract11

Much of the Outgoing Longwave Radiation (OLR) emitted to space is best described as12

random variability, or the “Earth’s Infrared Background”. A rigorous characterization13

of this background provides an objective null hypothesis and enables the isolation of at-14

mospheric phenomena — such as waves, storms, and other coherent structures — within15

OLR observations. To this end, we identify the background as isotropic fluctuations im-16

plied by the fluctuation–dissipation theorem in response to internal atmospheric vari-17

ability on small spatiotemporal scales. We use a stochastically forced energy balance cli-18

mate model, which has a broad sense red spectrum consistent with observations, a first-19

order process in time, and a second-order process in space. By fitting the model to OLR20

data from satellite observations, we find that the background fluctuations have an up-21

per bound of about 400 km and 2.5 days on their spatiotemporal22

(de)correlations, between meso-scale and synoptic-scale weather.23

Plain Language Summary24

The infrared radiation emitted by Earth carries the “footprints” of weather and25

climate-related phenomena, imprinted by greenhouse gases and clouds as they interact26

with the radiation on its way through the atmosphere. At the same time, because of the27

chaotic/turbulent nature of the atmosphere, the emitted radiation also carries essentially28

random signals, which make up the Earth’s Infrared Background. In order to accurately29

trace the footprints, one must also isolate the background. To this end, we follow the30

fluctuation–dissipation principle, according to which the random noise in a system is di-31

rectly linked to how strongly the system resists disturbances. This allows us to build an32

empirically consistent model of the background.33
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1 Introduction34

Only a small fraction of the Outgoing Longwave Radiation (OLR) emitted to space,35

about 17% (about 40 out of 240 Wm−2, Trenberth et al., 2009; Loeb et al., 2009), orig-36

inates directly at the surface. The remaining 83% only make it out to space after hav-37

ing been absorbed and re-emitted by greenhouse gases (about 70% of the total OLR, or38

170 Wm−2) and clouds (about 13%, or 30 Wm−2). Therefore, in addition to its role in39

determining the global energy budget, OLR also contains the “footprints” of atmospheric40

variability. On subannual time scales (Fig. 1), for example, OLR exhibits enhanced vari-41

ability (compared to the global mean STD of 26.5 Wm−2) over the Intertropical Con-42

vergence Zone (Schneider et al., 2014; Liu et al., 2020), monsoonal regions, the Indian43

Ocean and the Maritime Continent, associated with the Madden–Julian oscillation (Knutson44

et al., 1986; Weickmann & Khalsa, 1990; M. C. Wheeler & Hendon, 2004; Zhang, 2005;45

Jiang et al., 2020), and the mid-latitude warm conveyor belts (Shaw et al., 2016). It also46

exhibits suppressed variability in the polar regions and in regions associated with the El47

Niño-Southern Oscillation (Philander, 1983; Ardanuy & Kyle, 1986; Chelliah & Arkin,48

1992; Chiodi & Harrison, 2013; Timmermann et al., 2018; Fajary et al., 2019). At the49

same time, much of the observed OLR is best described as random variability, which we50

term Earth’s Infrared Background (EIB). Therefore, to use these footprints quantita-51

tively, it is important to provide a rigorous description of the background so that an ob-52

jective null hypothesis can be established.53

This issue is typically encountered in the Tropics, where the identification of the54

Tropical OLR background, is essential for the quantitative analysis of equatorial waves55

and related coherent features (Knippertz et al., 2022). However, despite its importance,56

a consensual definition is still lacking (Masunaga et al., 2006; Hendon & Wheeler, 2008;57

Gehne & Kleeman, 2012; Kikuchi, 2014; Marques & Castanheira, 2018; Kikuchi et al.,58

2018), with existing studies using varying approaches to estimate the background. Per-59

haps the most prevalent approach consists of successive smoothing (M. Wheeler & Ki-60
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Figure 1. Outgoing Longwave Radiation (OLR). Climatological OLR variability (STD)

from satellite observations during the penultimate standard climate normal (1 January, 1981 to

31 December, 2010). The global mean STD (26.5 Wm−2) is marked by the white contour and

the vertical white line in the colorbar. Stippling indicate points where the observed variance is

insignificantly different from a random realization of the background (see Supporting Informa-

tion S1 for further details on the data, random realizations, and statistical analysis). Marked

on the figure are regions of abnormally high variability, compared to the global mean STD, in-

cluding: The Intertropical Convergence Zone (ITCZ), the Warm Conveyor Belts (WCB), the

Madden–Julian oscillation (MJO), and the North American (NAM), South American (SAM),

North African (NAFM), South African (SAFM), Indian (INM), East Asian (EASM), South Asian

(SEAM), and North Australian (NAUM) Monsoons.
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ladis, 1999), which gradually redistributes the power in spectral space towards a uniform61

distribution, i.e. leading to an asymptotically white background. Alternatively, based62

on the observation that the OLR has a broad red background, in the sense that its power63

decays with decreasing spatiotemporal scales, some studies assume a priori that the back-64

ground follows a red-noise process (Masunaga et al., 2006; Hendon & Wheeler, 2008; Kikuchi,65

2014; Marques & Castanheira, 2018), albeit only in time. The most relevant approach66

in the present context is that of stochastic modeling pioneered by Hottovy and Stech-67

mann (2015), where the background is modeled as the response to a white noise forc-68

ing, representing turbulent eddy fluxes. Standard results in stochastic climate model-69

ing (Hasselmann, 1976; North et al., 2011) confirm that the resulting background in this70

approach is indeed broad sense red, a first-order process in time and second-order in space.71

In this work, we consider a global OLR background on subannual time scales, and72

identify it with isotropic variability implied by the fluctuation-dissipation theorem (FDT,73

Kubo, 1966) in response to the internal variability of the atmosphere. The underlying74

idea is that, under weak perturbations, the noise level of the system is determined by75

its dissipative properties and equilibrium distribution. Like classical Brownian motion,76

we assume a scale separation between the response and the forcing, such that the lat-77

ter can be approximated as a white noise process. Unlike classical Brownian motion, how-78

ever, the equilibrium distribution is not derived from first principles and is only estimated79

empirically. In addition, the dissipation is modeled using the “simplest” mathematical80

terms (Section 2), and the associated coefficients are also estimated empirically to fit ob-81

servations. Although the resulting background is empirical, it meets our aim of provid-82

ing an objective and quantitative null hypothesis for isolating atmospheric variability on83

subannual time scales. In addition, while implying the use of a stochastic model simi-84

lar to that of Hottovy and Stechmann (2015), the present approach places an additional85

constraint on the power spectrum of the forcing.86
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The assumption that the background is statistically isotropic is the spherical equiv-87

alent of statistical homogeneity in time series analysis and provides the most conserva-88

tive null hypothesis for the variance. This amounts to the assumption that any anisotropy89

observed in the data reflects genuine physical variability rather than an artifact of the90

noise. We stress that the observed OLR is far from isotropic, as evident by its non-uniform91

variance in Fig. 1 (a necessary condition for statistical isotropy). However, the identi-92

fied regions of enhanced/suppressed variability in Fig.1 are associated with non-equilibrium93

phenomena and are the very things the null hypothesis is designed to detect.94

2 A Stochastically Forced Energy Balance Climate Model (EBCM)95

96

A quantitative description of the background, and the associated foreground, re-97

quires an empirically consistent model. The most parsimonious, lowest order, model of98

isotropic fluctuations that captures the above physical picture and the observed OLR99

variance on subannual time scales is given by the following stochastic differential equa-100

tion:101

τ0
∂F

∂t
− λ2

0∇2F + F = S. (1)102

Here F represents OLR fluctuations, and S represents a stochastic forcing due to inter-103

nal fluctuations of the atmosphere. The model has a total of 3 free parameters, a time104

scale τ0, which sets the temporal decorrelation, a length scale λ0, which sets the spatial105

decorrelation, and an amplitude ϵ0, which sets the variance and enters through the forc-106

ing S as described below.107

This model has been extensively analyzed in the context of energy balance climate108

models (EBCMs, North, 1975; North et al., 1981), where some of its applications include109

the study of second-order surface temperature statistics (Kim & North, 1991; North et110

al., 2011), and climate predictability bounds (North & Cahalan, 1981). Save for the scale-111

dependence of the forcing, described below, the present analysis follows these works. How-112
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ever, while resulting in a similar model, our reasoning is different. In particular, we have113

no reason to assume that purely random OLR fluctuations are subject to Fickian dif-114

fusion. Rather, in the present context, the Laplacian on the left-hand side is the lowest115

order differential operator (other than the identity) that is invariant under rotation, which116

guarantees that the response to a statistically isotropic forcing remains isotropic (North117

& Cahalan, 1981; North et al., 2011), while the relaxation term guarantees that the re-118

sponse remains statistically stationary (Hasselmann, 1976; Frankignoul & Hasselmann,119

1977). A complementary viewpoint is provided in Hottovy and Stechmann (2015), who120

studied a similar model in the context of the tropical background, and suggested that121

it represents the effects of mean and eddy flux convergence in a turbulent atmosphere.122

We take the forcing to be Gaussian white noise in time and statistically isotropic123

in space. The former implies that the forcing is delta correlated in time, assuming a pri-124

ori that the forcing decorrelates much faster than the response. The latter implies that125

the forcing is delta correlated in Spherical Harmonics space, and depends at most on the126

multiple moment (Obukhov, 1947), i.e.,127

⟨Slm(t)S∗
l′m′(t′)⟩ = 2ϵ20τlδll′δmm′δ(t− t′), (2)128

where Slm are the spectral coefficients of S, asterisks denote complex conjugates, angle129

brackets denote ensemble averages, sub-scripted δij is the Kronecker delta, and argumented130

δ() is the Dirac delta. In a key departure from earlier works (North et al., 2011; Hot-131

tovy & Stechmann, 2015), we find it necessary to allow the forcing to be scale depen-132

dent (l dependent) to explain the observed OLR. Here τl = τ0/[1+λ2
0l(l+1)/a2], where133

a is the mean radius of the Earth, which is the only choice consistent with the FDT (Sup-134

porting Information S2). We note that the spatial decorrelation of the forcing is much135

faster than that of the resulting response (Supporting Information S3), so that the two136

are well separated in both space and time.137

The process in Eq. (1) is fully determined by its covariance function, which for an138

isotropic process depends only on the scale l and is termed angular covariance. The asymp-139
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totic angular covariance, at times much greater than the decorrelation time (t, t′ ≫ τl),140

is (e.g., Zwanzig, 2001, see also Supporting Information S2):141

Cl(t, t
′) = ⟨Flm(t)F ∗

lm(t′)⟩ = ϵ2l e
−|t−t′|/τl , (3)142

where Flm are the spectral coefficients of F and ϵl = ϵ0τl/τ0. For the background spec-143

trum, we will use the corresponding power spectral density (PSD):144

Ĉl(ω) = 2ϵ2l τl/
[
ω2τ2l + 1

]
, (4)145

where hats denote the Fourier modes in frequency domain, obtained from the covariance146

via the Wiener–Khinchin theorem, i.e., Ĉl(ω) =
∫∞
−∞ Cl(τ)e

−iωτdτ .147

3 Estimating the model parameters from observations148

Before turning to estimating the background and associated foreground, we use Eqs. (3)149

and (4) to estimate ϵ0, λ0, and τ0 from observations (Supporting Information S1) and150

discuss their physical meaning.151

Consider first the angular power spectrum of the EIB (Fig. 2), obtained by mul-152

tiplying the time-dependent Spherical Harmonics coefficient by their complex conjugates153

Flm(t)F ∗
lm(t) and averaging over time and m (with |m| ≤ l) to estimate the angular vari-154

ance Cl = ⟨FlmF ∗
lm⟩. By the Wiener-Khinchin theorem, the latter is related to the PSD155

via Cl(t = t′) =
∫∞
−∞ Ĉl(ω)dω /2π, and therefore provides a measure of the angular156

power spectrum in terms of the frequency-averaged PSD. At small spatial scales (large157

l), the EBCM (black line) can accurately fit the raw variance (orange) by setting t =158

t′ in Eq. (3) and using non-linear least squares to estimate ϵ0 = 5.8± 0.1 Wm−2 and159

λ0 = 384±2 km. At large spatial scales (small l), however, there are externally forced160

variations and the EBCM can only explain the observed variance on subannual time scales161

with frequencies above 1/360 cpd (blue). The peak at l = 15 is an artifact correspond-162

ing to the satellite swath half-width of about 1,250 km. A weaker imprint of the satel-163

lite swath width is also found at l = 13 (Supporting Information S3).164

–8–



manuscript submitted to Geophysical Research Letters

18.0° 9.0° 6.0° 4.5° 3.6° 3.0°
Angular scale

0 10 20 30 40 50 60 70
Multipole moment ( )

0

100

200

300

400

500

600

(
+

1)
C

/2
  [

W
m

2 ]
2

0 = 5.8 ± 0.1 [Wm 2]
0 = 384 ± 2 [km]

Unfiltered
Subannual

BCM

Figure 2. The Angular power spectrum is obtained by averaging OLR fluctuations in

spectral space, Flm(t)F ∗
lm(t), over time and m (with |m| ≤ l) to estimate the angular variance

Cl = ⟨FlmF ∗
lm⟩ (orange). The angular variance provided by the EBCM (Eq. 3 with t = t′, black

line) is fit to the data on subannual time scales (including frequencies above 1/360 cpd, blue)

using nonlinear least squares to estimate ϵ0 and λ0. With the scaling on the ordinate, the figure

represent the power per logarithmic interval in angular scale. The peak at l = 15 (12◦) is an

artifact corresponding to the satellite swath half-width of about 1,250 km. The uncertainty in

the raw data is associated with the variance across m, while the uncertainty in the subseasonal

data is associated with the variance across both m and the temporal windows (see Supporting

Information S3).
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In the context of the stochastic model used here, λ0 determines the spatial decor-165

relation of the EIB. More precisely, λ0 provides an upper bound on the spatial decor-166

relation. The effective decorrelation decreases with increasing frequency (Supporting In-167

formation S3) and is not simply an e-folding scale (North et al., 2011). The estimated168

value of λ0 = 384±2 km is well below the Nyquist wavelength of 5◦ in the data, con-169

sistent with random fluctuations with spatial decorrelation smaller than the smallest re-170

solvable waves. In addition, λ0 is also smaller than the typical Rossby deformation ra-171

dius, providing further reassurance that the background is associated with random fluc-172

tuations and suggesting that it is constrained by linear wave dynamics.173

Next, consider the temporal power spectrum (Fig. 3), obtained by applying a dis-174

crete Fourier transform on the time-dependent Spherical Harmonics coefficient to esti-175

mate the PSD F̃lm(ω)F̃ ∗
lm(ω)/∆ω, where ∆ω is the frequency resolution, and averaging176

over m (with |m| ≤ l) and l. The uptick at ω = 1 cpd (the Nyquist frequency) results177

from stratospheric tides associated with the diurnal cycle, as well as aliasing by higher178

frequency gravity waves. The uptick at ω = 0.9 cpd (a period of 1.1 day) is associated179

with the satellite orbit (M. Wheeler & Kiladis, 1999), and the upward inflection at ω >180

0.6 cpd is the result of spectral leakage (Supporting Information S1). The dominant har-181

monics at (1, 2, 3, 4)/365 cpd (vertical dashed lines) correspond to the annual, semi-annual,182

and seasonal cycles, and were explicitly removed before fitting the model (Supporting183

Information S1). Having estimated ϵ0 and λ0 from the angular power spectrum, τ0 can184

now be estimated by averaging Eq. (4) over l and using non-linear least squares (black185

line), yielding τ0 = 2.3±0.1 days. Consistent with the angular variance in Fig. 2, it is186

also evident in this figure that the EBCM fits the temporal power spectrum only on sub-187

annual time scales with frequencies above 1/360 cpd.188

In the context of the stochastic model used here, τ0 provides an upper bound on189

the temporal decorrelation, which has an l-dependent e-folding scale τl = τ0/[1+λ2
0l(l+190

1)/a2], as implied by Eq. (3). At l = 0, the temporal decorrelation is at the lower limit191
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Figure 3. The temporal power spectrum is obtained by applying a discrete Fourier

transform to the time-dependent Spherical Harmonics coefficient to estimate the PSD

F̃lm(ω)F̃ ∗
lm(ω)/∆ω, where ∆ω is the frequency resolution, and averaging over m (with |m| ≤ l)

and l (orange). The PSD provided by the EBCM (Eq. 4, black line) averaged over l is fit to the

data on subannual time scales (including frequencies above 1/360 cpd, blue) using the values of

ϵ0 and λ0 estimated in Fig. 2, and nonlinear least squares to estimate τ0. The figure represents

the power per frequency. Vertical dashed lines indicate the annual cycle at 1/365 cpd and subse-

quent three harmonics: (2, 3, 4)/365 cpd. The uncertainty in the raw data is associated with the

variance across m, while the uncertainty in the subseasonal data is associated with the variance

across both m and the temporal windows.
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of synoptic-scale weather, typically taken as 2 days. At l = 20 (about 1000 km), the192

decorrelation is 22 hours, at the upper limit of meso-scale weather, typically taken as 1 days193

and 1000 km. Alternatively, considering also the angular power spectrum, a less arbi-194

trary definition of the transition between synoptic and meso-scale weather might be the195

inflection point (maximum in Fig. 2) at l = 16 (11.25◦, about 1250 km), where the tem-196

poral decorrelation is 28 hours. If so, the above results imply that the damping mech-197

anism is dominated by linear relaxation at synoptic-scales and diffusion at meso-scales.198

Finally, at l = 72 (about 300 km), the decorrelation is 3 hours, at the lower limit of meso-199

scale weather. This last value is important since, by assumption, the temporal correla-200

tion of the forcing is much shorter than that of the response. Therefore, allowing for suf-201

ficient scale separation between the two, the forcing mechanism(s) ought to be sufficiently202

faster than meso-scale weather.203

4 Estimating the background and associated foreground204

The full description of the EIB consists of its joint power distribution in ω, l,m space.205

We consider the PSD obtained by first applying a discrete Fourier transform to the time-206

dependent Spherical Harmonic coefficients to estimate F̃lm(ω)F̃ ∗
lm(ω)/∆ω, and then av-207

eraging over m (with |m| ≤ l) or l (with |m| ≤ l ≤ 72) to obtain the PSD as a func-208

tion of ω and l (Fig. 4, top row) or ω and m (Fig. 4, bottom row), respectively. Note209

that for the latter, the background (Fig. 4E) depends on m implicitly through the m-210

dependent averaging, although the EBCM does not.211

A common source of confusion, particularly in the study of the tropical spectrum,212

has been the fact that the background has the same amount of total variance as the raw213

data. The same is also true here. Using the values of ϵ0 and λ0 estimated above, the to-214

tal variance of the EBCM is 8891±314 [Wm−2]2, which is in agreement with the ob-215

served value of 9113 ± 309 [Wm−2]2 (see Supporting Information S1 for the variance216

calculations). However, the fact that the two have the same amount of total variance does217
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Figure 4. Space-time spectra. The power spectral density (PSD) of the observed OLR are

obtained by averaging F̃lm(ω)F̃ ∗
lm(ω)/∆ω, where tildes denote the Discrete Fourier Transform

and ∆ω is the frequency resolution, over zonal wavenumber m (A) and total wavenumber l (D)

with |m| ≤ l. (B, E) The corresponding PSD of a random realization of the background, gen-

erated by solving the spectral space version of Eq. (1) as an l-dependent Ornstein–Uhlenbeck

process (Supporting Information S1), and having the same sample size and sample rate as in

(A, D). For comparison, black contours mark the analytic PSD given by Eq. (4), highlighting

uncertainty associated with finite sampling. (C, F) The foreground is estimated by means of the

log-scaled ratio of observed to background PSD, and is shown only where it is significantly differ-

ent from 1 (Supporting Information S1). Black triangles in panel (F) indicate dispersion relations

of gravity waves with phase speeds between 10 and 100 m s-1. Black rectangles in panels (C, F)

indicate satellite artifacts.
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not necessarily imply that the foreground has zero variance, since the background and218

raw data are generally correlated. More waves excite more natural variability, and vice219

versa. Therefore, it is the power distribution in spectral space, not the total power, that220

distinguishes the two. In addition, it is often assumed that the foreground consists only221

of enhanced variability, but we argue that suppressed variability is just as important. In222

other words, the background has a red spectrum by definition, a first-order process in223

time and a second-order process in space, and the foreground consists of fluctuations whose224

spectrum deviates from that of the red background.225

Having estimated the model parameters, we generate a random realization of the226

background (Fig. 4B,E) by solving the spectral space version of Eq. (1) as an l-dependent227

Ornstein–Uhlenbeck process (Supporting Information S1), having the same sample size228

and sample rate as the observed OLR. The advantage of this approach is that the re-229

alized background accounts for the effects of finite sampling, therefore providing a bet-230

ter basis for comparison than the analytic PSD (black contours) given by Eq. (4). The231

foreground (Fig. 4C,F) is then estimated as the ratio between the observed and realized232

PSDs, shown only where it is significantly different from one (see Supporting Informa-233

tion S1 for the statistical analysis). With the logarithmic scaling of the power, the fore-234

ground in panel C (F) is simply the difference between the spectra in panels A and B235

(D and E).236

The resulting foreground is dominated by the main energy drivers of the large-scale237

atmosphere on subannual time scales, including planetary Rossby waves, baroclinic Rossby238

waves, and synoptic-scale weather. For reference, the black triangles in Fig. 4F consist239

of the dispersion relations of gravity waves with phase speeds between 10 and 100 m s-1.240

The regions enclosed by these triangles are consistent with (stable) baroclinic Rossby241

waves with spatial scales between 2,500-4,000 km (wavenumbers between 10-16) and pe-242

riods of 2-14 days (closer inspection of the origin confirms that the enhanced/suppressed243

variability in these regions does not extend to period longer than about 14 days). The244
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asymmetry between the eastward and westward propagating waves, with the former hav-245

ing enhanced variability, compared to the background, and the latter suppressed vari-246

ability, is consistent with Doppler shifting by the mean flow (which is absent from the247

background). The fact that their dispersion relation matches that of gravity waves is fur-248

ther consistent with the fact that their scale is much larger than the Rossby deforma-249

tion radius.250

The side lobes of suppressed variability are consistent with unstable baroclinic Rossby251

waves, or synoptic weather, with spatial scales between 1000-2500 km (wavenumbers be-252

tween 16-40) and periods of 2-14 days. The fact that they appear as suppressed variabil-253

ity is consistent with the fact that they are unstable, and therefore in shortage compared254

to the background. In other words, in the absence of mean flow, they are stable modes255

of the background. Moreover, the fact that they are symmetric with respect to eastward/westward256

variability is further consistent with the fact that the growth rate of unstable modes is257

typically larger than their frequency (the imaginary part of the phase speed is larger than258

its real part).259

Finally, the central lobe is consistent with planetary Rossby waves with spatial scales260

between 5000-10,000 km (wavenumbers between 4-8) and periods of 2-14 days. They ap-261

pear as suppressed variability since, in contrast to baroclinic Rossby waves, which feed262

on the mean flow, planetary Rossby waves feed into the mean flow and are therefore in263

shortage compared to the background. In addition, the central lobe likely includes the264

regions of suppressed variability at the poles and spectral leakage from the El Niño-Southern265

Oscillation, both of which project mostly on wavenumbers 0-3 (Fig. 1).266

5 Conclusions and Discussion267

We find that the Earth’s Infrared Background (EIB) can be described as isotropic,268

random fluctuations implied by the fluctuation-dissipation theorem (FDT). It is gener-269

ated in response to internal variability of the atmosphere on small spatiotemporal scales,270
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and is sustained by the Earth’s energy balance at the top of the atmosphere. In partic-271

ular, a simple stochastically forced energy balance climate model is capable of explain-272

ing the observed space/time spectra on subannual time scales. The resulting (joint) space-273

time spectrum of the background captures the total observed variance by construction,274

and is distributed in space and time according to a red noise process, allowing one to sep-275

arate atmospheric variability of interest from the background.276

Although grounded in the fundamental principle of the FDT, further work remains.277

The forcing and damping terms were chosen for simplicity and empirical agreement, rather278

than derived from first principles. The question is then what are the relevant physical279

processes at play. Considering the estimated (de)correlation scales, while allowing suf-280

ficient separation between the forcing and the response, and considering also the assump-281

tion that the background is isotropic, the most plausible origin of the former is insta-282

bilities associated with small-scale atmospheric turbulence. Indeed, small-scale damp-283

ing is often heuristically associated with turbulent diffusion, while large-scale (synoptic)284

damping is associated with varying non-linear processes (Holton & Colton, 1972; Sardesh-285

mukh & Held, 1984; Lin et al., 2008; Romps, 2014; Shamir et al., 2023). As such, this286

description of the background is complementary to the turbulent-centric description of287

the Tropical Background in Hottovy and Stechmann (2015), with an additional constraint288

on the scale-dependence of the forcing. A related question is what determines the (de)correlation289

scales of the background. We hypothesize that they are constrained by the linear wave290

dynamics, namely, the Rossby radius of deformation and the characteristic Rossby wave291

frequency.292
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