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Earth's Infrared Background: A Physics-Based Null
Hypothesis for the Global-Scale Subannual Variability of
Outgoing Longwave Radiation
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!'Courant Institute of Mathematical Sciences, New York University, New York, NY, USA

Abstract Much of the outgoing longwave radiation (OLR) emitted to space can be described as a noisy
“background” of random variability. A rigorous characterization of this background provides an objective null
spectrum and enables the isolation of atmospheric phenomena within OLR observations, such as waves and
storms. Previously, the background has only been considered in the Tropics. Here we study the background on
global, subannual scales and focus on its physical origins. We define the background as isotropic fluctuations
implied by the fluctuation-dissipation theorem in response to internal atmospheric variability on small
spatiotemporal scales. We use a stochastically forced energy balance climate model that generates a red
spectrum in space and time, consistent with observations. By fitting the model to OLR measurements from
satellites, we find that the background fluctuations have an upper bound of about 400 km and 2.5 days on their
spatiotemporal (de)correlations, between meso-scale and synoptic-scale weather.

Plain Language Summary The infrared radiation emitted by Earth carries the “footprints” of
weather and climate-related phenomena, imprinted by greenhouse gases and clouds as they interact with the
radiation on its way through the atmosphere. At the same time, because of the chaotic/turbulent nature of the
atmosphere, the emitted radiation also carries essentially random signals, which make up the Earth's Infrared
Background. In order to accurately trace the footprints, one must also isolate the background. To this end, we
follow the fluctuation—dissipation principle, according to which the random noise in a system is directly linked
to how strongly the system resists disturbances. This allows us to build an empirically consistent model of the
background.

1. Introduction

Only a small fraction of the outgoing longwave radiation (OLR) emitted to space, about 17% (40 out of
240 W m~2, Loeb et al., 2009; Trenberth et al., 2009), originates directly at the surface. The remaining 83% only
make it out to space after having been absorbed and re-emitted by greenhouse gases (about 70% of the total OLR,
or 170 W m~2) and clouds (about 13%, or 30 W m~2). Therefore, in addition to its role in determining the global
energy budget, OLR also contains the “footprints” of atmospheric variability. On subannual time scales
(Figure 1a), OLR exhibits enhanced variability, relative to the global mean variance of 702 [W m_z]z, over the
Intertropical Convergence Zone (Liu et al., 2020; Schneider et al., 2014), monsoonal regions, the Indian Ocean
and the Maritime Continent, associated with the Madden—Julian oscillation (Jiang et al., 2020; Knutson
et al., 1986; Weickmann & Khalsa, 1990; Wheeler & Hendon, 2004; Zhang, 2005), and the midlatitude storm
track regions (Shaw et al., 2016). It also exhibits suppressed variability in the polar regions and in regions
associated with the El Nifio-Southern Oscillation (Ardanuy & Kyle, 1986; Chelliah & Arkin, 1992; Chiodi &
Harrison, 2013; Fajary et al., 2019; Philander, 1983; Timmermann et al., 2018), but the latter are poorly resolved
with a climatological record. Much of the observed OLR variability, however, is best described as random
variability, which we term Earth's Infrared Background (EIB). To identify the footprints of atmospheric phe-
nomena quantitatively, it is important to provide a rigorous description of the background so that an objective null
hypothesis can be established.

This issue is typically encountered in the Tropics, where the identification of the tropical OLR background is
essential for the quantitative analysis of equatorial waves and related coherent features (Knippertz et al., 2022).
However, despite its importance, a consensual definition is still lacking, with different studies using varying
approaches to estimate the background (Gehne & Kleeman, 2012; Hendon & Wheeler, 2008; Kikuchi, 2014;
Kikuchi et al., 2018; Marques & Castanheira, 2018; Masunaga et al., 2006). Perhaps the most prevalent approach
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Figure 1. The variance of outgoing longwave radiation (OLR) from satellite observations during the penultimate standard climate normal (1 January 1981-31 December
2010). (a) Deviation of the subannual OLR variance from the global mean (702 [W m~2]%). (b—d) Anomalous OLR variance after filtering in spectral space using Filters
1-3 discussed in Section 4 and Figure 4f, and removing the background. Filter 1 in panel (b) corresponds in spectral space to the filter used by Wheeler and

Kiladis (1999, WK99) to identify Kelvin waves, but the global application reveals eastward wave activity in the midlatitude storm tracks as well. In each panel the
background variance is removed. For the full OLR in panel (a), the background is uniform and equal to the global spatial mean by construction. For the filtered OLR in
panels (b—d) the background is estimated as described in Section 4.
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consists of successive smoothing (Wheeler & Kiladis, 1999), which gradually redistributes the power in spectral
space toward a uniform distribution, that is, leading to an asymptotically white background. Alternatively, based
on the observation that the OLR has a broad red background, in the sense that its power decays with decreasing
spatiotemporal scales, some studies assume a priori that the background follows a red-noise process (Hendon &
Wheeler, 2008; Kikuchi, 2014; Marques & Castanheira, 2018; Masunaga et al., 2006), albeit only in time. The
most relevant approach in the present context is that of stochastic modeling pioneered by Hottovy and Stech-
mann (2015), where the background is modeled as the response to a white noise forcing representing turbulent
eddy fluxes. Standard results in stochastic climate modeling (Hasselmann, 1976; North et al., 2011) confirm that
the resulting background in this approach is indeed broad sense red, a first-order process in time and second-order
in space.

In this work, we consider a global OLR background on subannual time scales, and define it as isotropic variability
implied by the fluctuation-dissipation theorem (FDT, Kubo, 1966) in response to the internal variability of the
atmosphere. The underlying idea is that, under weak perturbations, the noise level of the system is determined by
its dissipative properties and equilibrium distribution. Like classical Brownian motion, we assume a scale sep-
aration between the response and the forcing, such that the latter can be approximated as a white noise process.
Unlike classical Brownian motion, however, the equilibrium distribution is not derived from first principles and is
only estimated empirically. In addition, the dissipation is modeled using the “simplest” mathematical terms
(Section 2), and the associated coefficients are also estimated empirically to fit observations. Although the
resulting background is empirical, it meets our aim of providing an objective and quantitative null hypothesis for
isolating atmospheric variability on subannual time scales. In addition, while employing a stochastic model
similar to that of Hottovy and Stechmann (2015), the present approach places an additional constraint on the
power spectrum of the forcing.

The assumption that the background is statistically isotropic is the spherical equivalent of statistical homogeneity
in time series analysis and provides the most conservative null hypothesis for the variance. This amounts to the
assumption that any anisotropy observed in the data reflects genuine physical variability rather than an artifact of
the noise. We stress that the observed OLR is far from isotropic, as evident by its non-uniform variance in
Figure 1a (a necessary condition for statistical isotropy). However, the identified regions of enhanced/suppressed
variability in Figure 1a are associated with non-equilibrium phenomena and are the very things the null hypothesis
is designed to detect.

2. A Stochastically Forced Energy Balance Climate Model (£BCM)

A quantitative description of the background requires an empirically consistent model. The most parsimonious,
lowest order, model of isotropic fluctuations that captures the above physical picture and the observed OLR
variance on subannual time scales is given by the following stochastic differential equation:

oF
TOE—AgV2F+F=S. )

Here F represents OLR fluctuations as a function of time, longitude, and latitude, and S represents a stochastic
forcing due to internal fluctuations of the atmosphere. The model has a total of 3 free parameters, a time scale 7,
which sets the temporal decorrelation, a length scale 4, which sets the spatial decorrelation, and an amplitude €,
which sets the variance and enters through the forcing S as described below.

This model has been extensively analyzed in the context of energy balance climate models (EBCMs, North, 1975;
North et al., 1981), where some of its applications include the study of second-order surface temperature statistics
(Kim & North, 1991; North et al., 2011), and climate predictability bounds (North & Cahalan, 1981). Save for the
scale-dependence of the forcing, described below, the present analysis follows these works. However, while we
use a similar model, our motivation is different. In particular, we have no reason to assume that purely random
OLR fluctuations are subject to Fickian diffusion. Rather, in the present context, the Laplacian on the left-hand
side is the lowest order differential operator (other than the identity) that is invariant under rotation, which
guarantees that the response to a statistically isotropic forcing remains isotropic (North & Cahalan, 1981; North
etal., 2011), while the relaxation term guarantees that the response remains statistically stationary (Frankignoul &
Hasselmann, 1977; Hasselmann, 1976). A complementary viewpoint is provided in Hottovy and
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Stechmann (2015), who studied a similar model in the context of the tropical background, and suggested that it
represents the effects of mean and eddy flux convergence in a turbulent atmosphere.

We take the forcing to be Gaussian white noise in time and statistically isotropic in space. The former implies that
the forcing is d-correlated in time, assuming a priori that the forcing decorrelates much faster than the response.
The latter implies that the forcing is §-correlated in Spherical Harmonic space, and depends at most on the
multiple moment (Obukhov, 1947), that is,

(SinDS5y 1 (1)) = 2657181 8,1 8t — 1), )
where S, are the spectral coefficients of S of degree (total wavenumber) / and order (planetary zonal wave-
number) m, asterisks denote complex conjugates, angle brackets denote ensemble averages, sub-scripted §;; is the
Kronecker delta, and argumented &() is the Dirac delta. In a key departure from earlier works (Hottovy &
Stechmann, 2015; North et al., 2011), we find it necessary to allow the forcing to be scale dependent (/ dependent)
to explain the observed OLR. Here 7, = 7(/[1 + 45/(l + 1)/a*], where a is the mean radius of the Earth, which
is the only choice consistent with the FDT (Text S2 in Supporting Information S1). We note that the spatial
decorrelation of the forcing is much faster than that of the resulting response (Text S3 in Supporting Informa-
tion S1), so that the two are well separated in both space and time.

The process in Equation 1 is fully determined by its covariance function, which for an isotropic process depends
only on the scale / and is termed angular covariance. The asymptotic angular covariance, at times much greater
than the decorrelation time (¢,¢' > 1)), is (e.g., Zwanzig, 2001):

Ci(t,1") = (Fi(OF;, (1)) = e2e ="V, 3)

Zz
where F,, are the spectral coefficients of F and ¢; = ¢7;/7y. For the background spectrum, we will use the
corresponding power spectral density (PSD):

Ci(w) = 2612‘[1/[602712 + 1], 4

where hats denote the Fourier modes in frequency domain, obtained from the covariance via the
Wiener—Khinchin theorem, that is, C(@) = [, C/(z)e""dx.

3. Estimating the Model Parameters From Observations

Before estimating the background, we first use Equations 3 and 4 to estimate €, Ay, and 7, from OLR mea-
surements (Text S1 in Supporting Information S1) and discuss their physical meaning.

Consider first the angular power spectrum of the EIB (Figure 2), obtained by multiplying the time-dependent
Spherical Harmonic coefficient by their complex conjugates F,,()F;,(f) and averaging over time and m (with
|m| < I)to estimate the angular variance C; = (F,, [}, ). By the Wiener-Khinchin theorem, the latter is related to

the PSD via C;(t = ') = [, C/(w)dw /2x, and therefore provides a measure of the angular power spectrum in
terms of the frequency-averaged PSD. At small spatial scales (large /), the EBCM (black line) can accurately fit
the raw variance (orange) by setting + = ¢/ in Equation 3 and using non-linear least squares to estimate
€ = 5.8 0.1 Wm2and 4, = 384 + 2 km. At large spatial scales (small /), however, there are externally
forced variations and the £BCM can only explain the observed variance on subannual time scales with fre-
quencies above 1/360 cpd (blue). The peak at / = 15 is an artifact corresponding to the satellite swath half-width
of about 1,250 km. A weaker imprint of the satellite swath width is also found at / = 13 (Text S3 in Supporting
Information S1).

In the context of the stochastic model used here, 4 determines the spatial decorrelation of the EIB. More pre-
cisely, 49 provides an upper bound on the spatial decorrelation. The effective decorrelation decreases with
increasing frequency (Text S3 in Supporting Information S1) and is not simply an e-folding scale (North
et al., 2011). The estimated value of 4y = 384 + 2 km is well below the Nyquist wavelength of 5° in the data,
consistent with random fluctuations with spatial decorrelation smaller than the smallest resolvable waves. In
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Figure 2. The Angular power spectrum is obtained by averaging outgoing longwave radiation fluctuations in spectral space,
F,,(DF; (1), over time and m (with |m| < [) to estimate the angular variance C; = (F,, F,) (orange). The angular variance

Im

provided by the EBCM (Equation 3 with ¢ = ¢/, black line) is fit to the data on subannual time scales (including frequencies
above 1/360 cpd, blue) using nonlinear least squares to estimate ¢ and 4,. With the scaling on the ordinate, the figure represent
the power per logarithmic interval in angular scale. The peak at / = 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 Text S3 in Supporting
Information S1).

addition, 4 is also smaller than the typical Rossby deformation radius, providing further reassurance that the
background is associated with random fluctuations and suggesting that it is constrained by linear wave dynamics.

Next, consider the temporal power spectrum (Figure 3), obtained by applying a discrete Fourier transform on the
time-dependent Spherical Harmonic coefficient to estimate the PSD Fj,(w) F ;,(a))/ Aw, where Aw is the fre-
quency resolution, and averaging over m (with |m| < [) and /. The uptick at @ = 1 cpd (the Nyquist frequency)
likely includes contributions from the diurnal cycle in clouds, rainfall, and stratospheric tides, though these
contributions are obscured by aliasing from higher-frequency variability. The uptick at @ = 0.9 cpd (a period of
1.1 day) is associated with the satellite orbit (Wheeler & Kiladis, 1999), and the upward inflection at @ > 0.6 cpd
is the result of spectral leakage (Text S1 in Supporting Information S1). The dominant harmonics at
(1,2,3,4)/365 cpd (vertical dashed lines) correspond to the annual, semi-annual, and seasonal cycles, and were
explicitly removed before fitting the model (Text S1 in Supporting Information S1). Having estimated ¢, and 4,
from the angular power spectrum, 7, can now be estimated by averaging Equation 4 over / and using non-linear
least squares (black line), yielding 7, = 2.3 + 0.1 days. Consistent with the angular variance in Figure 2, it is
also evident in this figure that the EBCM fits the temporal power spectrum only on subannual time scales with
frequencies above 1/360 cpd.

In the context of the stochastic model used here, 7, provides an upper bound on the temporal decorrelation. The
estimated value is similar to those obtained in the Tropics by Hendon and Wheeler (2008) assuming a red noise
process in time, between 3 days at low zonal wavenumbers and 1 at high wavenumber. It is also in the ballpark of
the 4 days decorrelation time used in the stochastic model of Hottovy and Stechmann (2015). While not strictly
comparable, the common insight that stems from both these works in the Tropics and the present global scale
analysis is that OLR decorrelates on intermediate time scales, between fast convection at small spatial scales and
slower linear damping at large scales (Holton & Colton, 1972; Lin et al., 2008; Romps, 2014; Sardeshmukh &
Held, 1984; Shamir et al., 2023). The effective temporal decorrelation has an /-dependent e-folding scale
7 = 10/ [1 + Agl(l + 1)/a2], as implied by Equation 3. At/ = 0, the temporal decorrelation is at the lower limit
of synoptic-scale weather, typically taken as 2 days. At/ = 20 (about 1,000 km), the decorrelation is 22 hr, at the
upper limit of meso-scale weather, typically taken as 1 day and 1,000 km. Finally, at / = 72 (about 300 km), the
decorrelation is 3 hr, at the lower limit of meso-scale weather. This last value is important since, by assumption,
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Figure 3. The temporal power spectrum is obtained by applying a discrete Fourier transform to the time-dependent Spherical

Harmonic coefficient to estimate the power spectral density (PSD) F},,(w) F Zn(a))/ Aw, where Aw is the frequency
resolution, and averaging over m (with |m| < [) and [/ (orange). The PSD provided by the EBCM (Equation 4, black line)
averaged over / is fit to the data on subannual time scales (including frequencies above 1/360 cpd, blue) using the values of €,
and 4 estimated in Figure 2, and nonlinear least squares to estimate 7. The figure represents the power per frequency. Vertical
dashed lines indicate the annual cycle at 1/365 cpd and subsequent 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.

the temporal correlation of the forcing is much shorter than that of the response. Therefore, the forcing mechanism
(s) must decorrelate faster than meso-scale weather, to allow for sufficient scale separation between the two.

4. Estimating the Background Spectrum and Filtering in Spectral Space

The full description of the EIB consists of its joint power distribution in w,/,m space. We consider the PSD
obtained by first applying a discrete Fourier transform to the time-dependent Spherical Harmonic coefficients to
estimate F),(w) i’jm(w)/Aw, and then averaging over m (with |m| < [) or [ (with |m| < [ < 72) to obtain the
PSD as a function of w and [ (Figure 4, top row) or @ and m (Figure 4, bottom row), respectively. For the latter, the
background (Figure 4e) depends on m implicitly through the m-dependent averaging, although the EBCM
does not.

Having estimated the model parameters, we generate a random realization of the background (Figures 4b and 4e)
by solving the spectral space version of Equation 1 as an /-dependent Ornstein—Uhlenbeck process (Text S1 in
Supporting Information S1), having the same sample size and sample rate as the observed OLR. The advantage of
this approach is that the realized background accounts for the effects of finite sampling, therefore providing a
better basis for comparison than the analytic PSD (black contours) given by Equation 4. Significant signals
(Figures 4c and 4f) are then identified as w,/,m combinations where the ratio of observed to realized PSDs is
significantly different from one (see Text S1 in Supporting Information S1 for statistical analysis). In other words,
the null hypothesis is that the power follows a red-noise distribution in both space and time, and the alternative
hypothesis is that it differs.

Aside from satellite artifacts (black rectangles) and spectral leakage at high frequencies (above 0.8 cpd, see also
Text S1 in Supporting Information S1), the global background reveals distinct regions of significance in Figure 4f.
In order to relate these regions to known atmospheric variability, at least in part, we examine below the resulting
spatial variance after filtering in spectral space according to these regions. The chosen filters are outlined by black
(pseudo-) triangles and labeled 1-6. While the background is isotropic by definition, the application of the filters
introduces anisotropies. Therefore, the filters were applied to both the observed OLR and the realized back-
ground, and their spatial variance were subtracted.
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Figure 4. Space-time spectra. The power spectral density (PSD) of the observed outgoing longwave radiation are obtained by averaging F,,(w) F’ Zn(a))/ Aw, where tildes
denote the Discrete Fourier Transform and Aw is the frequency resolution, over (a) zonal wavenumber m and (d) total wavenumber / with |m| < I. (b, e) The
corresponding PSD of a random realization of the background, generated by solving the spectral space version of Equation 1 as an /-dependent Ornstein—Uhlenbeck process
(Text S1 in Supporting Information S1), and having the same sample size and sample rate as in the observations (a, d). For comparison, black contours mark the analytic
PSD given by Equation 4, highlighting uncertainty associated with finite sampling. (c, f) Regions of significance, where the ratio of observed to background PSD is
significantly different from 1 (Text S1 in Supporting Information S1). With the logarithmic scaling, the power in panel (c), (f) is simply the difference between the spectra
in panels (a, b), (d, e). The spectral filters used in Figures 1b—1d and in Text S3 in Supporting Information S1 are outlined in panel (f) and labeled 1-6. Black rectangles in

panels (c, f) indicate satellite artifacts.

For comparison, Filter 1 corresponds to the exact region of spectral space used in Wheeler and Kiladis (1999) to
filter Kelvin waves in the Tropics, but it is applied to the global subannual variability rather than only equatorially
symmetric seasonal variability. The resulting spatial variance is shown in Figure 1b. Variability associated with
equatorial Kelvin waves can indeed be identified in the Tropics. However, when applied globally, the variance
corresponding to this region of spectral space also captures variability in the midlatitude storm track regions,
which is closely associated with midlatitude baroclinic Rossby waves (Shaw et al., 2016).

Filter 1 makes up part of a larger region of significance identified in Figure 4f and delineated by Filter 2, which
represents non-dispersive eastward propagating variability. The resulting spatial variance (Figure 1c) is generally
similar to that of Filter 1, but with stronger variability consistent with the larger area in spectral space, which is, in
turn, consistent with the broader spectrum of midlatitude baroclinic Rossby waves toward smaller scales and
higher frequencies.

Filter 3 is a mirror image of Filter 2 about wavenumber 0 and represents non-dispersive, westward propagating
variability. The variability in the midlatitude storm track regions is clearly suppressed compared to the eastward
propagating branch in Filter 2 (Figure 1d), and the polar regions are also suppressed compared to the background.
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Enhanced spatial variance is focused only in the Tropics. Its spatial pattern bears some resemblance to that of the
westward propagating equatorial Rossby wave (e.g., Wheeler & Kiladis, 1999, see also Text S3 in Supporting
Information S1), despite covering a different region of spectral space. Even in the Tropics, it exhibits less
variability than Filter 2, despite covering an area of the same size in spectral space.

Together, the picture that stems from Filters 2 and 3 is consistent with traditional midlatitude Rossby wave
dynamics, not just in terms of spatiotemporal scales and geographical projection, but also in dynamical terms. The
enhanced variability of the eastward branch and the suppressed variability of the westward branch are consistent
with Doppler shifting by the mean winds of the extratropical jets. From this perspective, the remanent tropical
pattern in Filter 3 is consistent with the weak easterly mean winds in that region. Moreover, the fact that this
variability appears as non-dispersive waves in spectral space is consistent with the dispersion relation of Rossby
waves in the limit of large wavelengths compared to the Rossby radius of deformation.

Consistent with large spatial scales centered around wavenumber 0, the spatial variance corresponding to Filter 4
(Text S3 in Supporting Information S1) consists of zonally symmetric equator-to-pole gradient, highlighting the
lower OLR variability at the poles observed in Figure 1a. Finally, the spatial variance corresponding to Filters 5
and 6 (Text S3 in Supporting Information S1) highlights regional variability in the monsoonal regions and the
ITCZ, in addition to the storm track regions. Additional filters are considered in Text S3 in Supporting Infor-
mation S1 to motivate further analysis beyond the scope of this work.

5. Conclusions and Discussion

We define the EIB as isotropic, random fluctuations implied by the FDT, in response to internal variability of the
atmosphere on small spatiotemporal scales. A simple stochastically forced energy balance climate model is
capable of explaining the observed space/time spectra on subannual time scales, provided the forcing has scale
dependence. The resulting (joint) space-time spectrum of the background captures the total observed variance, by
construction, and is distributed in space and time according to a red noise process. The deviations from this red
background reveal some atmospheric variability of interest, including equatorial Kelvin waves, midlatitude
Rossby waves, monsoonal circulation, and the large-scale meridional circulation.

As defined here and in previous work, the background captures the same total variance as the raw data. This
widely adopted terminology has led to confusion and criticism, as the word background implies a baseline level.
Semantically, it is reasonable to expect a lower bound. While we have adopted the preceding terminology, a more
accurate term to describe the target of our analysis would be a “null spectrum,” which need not be a lower bound.
It is based on the null hypothesis that there is no spatiotemporal structure in the data. By construction, it captures
the total observed variance, but is distributed in space and time according to an idealized red noise process.
Therefore, it is the distribution of power in spectral space, not the total power, that distinguishes the observed
OLR from the background and enables the identification of significant signals.

If the background is restricted to be a lower bound, it implicitly assumes that significant signals consist only of
enhanced variability. In contrast, from the point of view of a random null hypothesis, both enhanced and sup-
pressed variability are possible. Physically, the variability at certain wavenumbers and frequencies can be sup-
pressed due to anti-resonance. In the Tropics, for example, OLR was found to be suppressed as a result of anti-
resonance between (dry) wave modes and (moist) convection (Stechmann & Hottovy, 2017). On a global scale
(the present work), suppressed variability in the non-dispersive westward branch is important for completing the
physical picture of the midlatitude Rossby wave dynamics in the presence of westerly jets.

An important limitation of our null spectrum that should be kept in mind when interpreting the results is the effects
of spatial variations in the time mean wind. In the Tropics, for example, the PSD of convectively coupled
equatorial waves was found to be systematically modulated as a result of Doppler shifting by the varying mean
wind in different tropical sectors (Dias & Kiladis, 2014). Moreover, much of the spread in spectral space
(interpreted as a spread in the “equivalent depth”) was attributed to this effect. It is thus possible that the regions of
significance identified in the present work are “smeared out” by the varying mean wind across the globe.
Nonetheless, the EIB reveals distinct regions of variability in spectral space associated with the dynamics of the
atmosphere.

Finally, some more interesting questions remain. Although grounded in the fundamental principle of the FDT, the
forcing and damping terms were chosen for simplicity and empirical agreement, rather than derived from first
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principles. The question is therefore what are the relevant physical processes at play. A related question is what
determines the (de)correlation scales of the background.
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