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Abstract. Land and ocean temperatures share external forcing but respond through markedly different thermal memories.

Using uncertainty-aware empirical mode decomposition and recurrence-based dynamical indicators, we show that sea-surface-

temperature variability is systematically stretched toward longer periods relative to land-air temperature. This scale dilation is

consistent with the increase in the ocean’s effective heat capacity as progressively slower forcing penetrates to greater depths.

Against this separated hierarchy, modern warming reorganizes the joint dynamics: the effective dimension decreases, recur-5

rence persistence increases, and land–ocean co-recurrence strengthens. Synchronization first appears at multidecadal scales and

its lower boundary subsequently contracts toward decadal and intermittent interannual scales. A concurrent increase in ocean

evaporation, absent over land, further identifies the hydrological cycle and latent-energy exchange as a plausible pathway for

this growing interdependence. Together, these diagnostics describe a scale-dependent reorganization associated with the warm-

ing background: land and ocean increasingly revisit similar configurations together, while the joint trajectory exhibits lower10

local dimension and greater recurrence persistence. Enhanced co-recurrence extends toward shorter timescales and exceeds a

surrogate expectation that preserves the two warming backgrounds, although changes in observational coverage and quality

remain a possible contributor.

1 Introduction

Interacting systems with contrasting response times need not react to common forcing by merely shifting their mean states.15

Their characteristic timescales may separate, the number of dynamically active degrees of freedom may contract, and initially

distinct trajectories may become increasingly interdependent (Alberti et al., 2025). Detecting such changes from observations

is difficult because forced non-stationarity coexists with internal variability, while conventional correlation measures contain

little information about local geometry, persistence, or the scale dependence of the evolving dynamics (Lucarini et al., 2016a).
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Scaling provides a complementary perspective on this multiscale organization. Schertzer and Lovejoy developed multiplicative-20

cascade descriptions of geophysical variability that connect scale invariance with intermittency and multifractal statistics

(Schertzer and Lovejoy, 1987; Lovejoy and Schertzer, 2013). In the temporal domain, the distinction between weather, macroweather,

and climate emphasizes that different ranges can exhibit different scaling behavior, rather than a single exponent applying

across all timescales (Lovejoy et al., 2013). This motivates examining both the hierarchy of temperature fluctuations and how

land–ocean interdependence varies across that hierarchy.25

The land–ocean climate system provides a natural realization of this general problem. Land temperatures respond rapidly

to radiative and atmospheric perturbations, whereas ocean heat capacity, vertical mixing, and circulation generate a much

longer memory. This contrast explains the stronger mean warming over land (Sutton et al., 2007; Joshi et al., 2008), but its

consequences extend beyond the mean response. The oceanic depth involved in thermal adjustment increases with the duration

of the forcing, producing a scale-dependent effective heat capacity. At the same time, evaporation and latent-heat exchange30

connect the oceanic reservoir to the atmosphere and land, providing a possible pathway by which the initially separated thermal

responses can become dynamically organized. Whether these processes leave an observable signature in the geometry and

recurrence structure of global land and ocean temperatures remains unresolved.

Here we show that global land-air and sea-surface temperatures undergo a coherent multiscale reorganization. Their in-

trinsic modes form corresponding but nonidentical hierarchies, with ocean variability systematically shifted toward longer35

periods. The nonlinear temperature backgrounds subsequently diverge in amplitude while organizing the joint trajectory onto

a lower-dimensional, more persistent manifold. Land–ocean co-recurrence first increases at multidecadal scales and later ex-

tends toward shorter periods. Finally, this transition is accompanied by a growing contrast between oceanic and terrestrial

evaporation, consistent with an increasing role of ocean-supplied moisture and latent energy in the coupled dynamics.

2 Data and methods40

2.1 Land and ocean temperature records and empirical mode decomposition

We analyze monthly global land-air temperature anomalies from CRUTEM5 (Osborn et al., 2021) and sea-surface-temperature

anomalies from HadSST4.2 (Kennedy et al., 2019) over their common interval 1856–2026. Observational uncertainty is prop-

agated through 500 realizations obtained by varying the raw data within their reported uncertainty ranges. Each realization is

decomposed using empirical mode decomposition (EMD), which represents a nonstationary signal as a sum of data-adaptive45

intrinsic mode functions (IMFs) and a nonlinear residual (Huang et al., 1998; Wu and Huang, 2009),

T (t) =

K∑

k=1

ck(t)+R(t). (1)

The ensemble means of ck and R define the analyzed components, while their ensemble spread quantifies sensitivity to obser-

vational uncertainty. The complete decompositions and sensitivity tests are reported in the Supplement.
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2.2 Evaporation from the Twentieth Century Reanalysis50

To examine a possible hydrological pathway, we additionally use monthly evaporation from the NOAA–CIRES–DOE Twenti-

eth Century Reanalysis version 3 (20CRv3) (Slivinski et al., 2019, 2021). We use the individual 20CRv3 members to construct

the evaporation ensemble, with separate area-weighted averages over land and ocean. This reanalysis ensemble is distinct from

the 500 uncertainty realizations generated for the temperature records. The hydrological comparison is restricted to the overlap

with the temperature analysis and is interpreted as a physical diagnostic test. Member-to-member variability does not, by itself,55

quantify systematic errors shared by the ensemble or establish the homogeneity of long-term evaporation trends.

3 Results

3.1 Separation of land and ocean timescales

Figure 1 shows the temperature records. Their amplitudes differ markedly, but both contain variability from subannual to

centennial scales superimposed on accelerating backgrounds. The EMD modes reveal corresponding yet separated hierarchies60

(Fig. 2). Between the annual and multidecadal range,

P SST
k

PL
k

> 1, (2)

with ratios of approximately 1.2–1.9. A fit P SST
k = a(PL

k )
β gives a= 1.17±0.08 and β = 1.10±0.05, with uncertainty prop-

agated from the observational ensemble. The longest components, whose nominal periods approach the record length, are not

interpreted as stationary oscillations and are excluded from the inference of a universal scaling.65

3.2 Power laws and scale-free properties

Within a finite range of scales, power-law spectra provide a second-order description of variability. They do not, by themselves,

establish multifractality: multiplicative-cascade approaches also characterize how moments of different orders depend on scale

(Schertzer and Lovejoy, 1987; Lovejoy and Schertzer, 2013). Fluctuation-based analyses, including Haar-wavelet methods,

offer a complementary way to estimate scaling and identify changes between regimes (Lovejoy and Schertzer, 2012). Here we70

use spectral slopes and EMD periods to describe the observed hierarchy; we do not estimate a full multifractal spectrum. The

slopes below should therefore be interpreted over their fitted frequency ranges, rather than as universal exponents spanning

weather through climate (Lovejoy et al., 2013).

The power spectrum of atmospheric temperature follows a power law,

Satm(ω)∝ ω−γ , γ = 1.4. (3)75

This scale-free structure explains why EMD produces a clean dyadic progression of IMF periods PL
k ≈ 2k∆t: for a power-law

spectrum, the EMD sifting algorithm acts as a dyadic filter bank, with each IMF capturing approximately one octave band (Wu
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Figure 1. Monthly global land-air and sea-surface-temperature anomalies with observational uncertainty

and Huang, 2004; Flandrin et al., 2004). The power spectrum of SST also follows a power law,

SSST(ω)∝ ω−δ, δ = 1.7, (4)

with δ > γ: the SST spectrum is redder than the atmospheric spectrum, consistent with P SST
k > PL

k at every mode k. Impor-80

tantly, the difference

δ− γ = 0.3 (5)

is small, reflecting a modest but systematic reddening of the ocean spectrum relative to the atmosphere.

We can propose a single framework to explain the observations above. The ocean acts as a linear filter on the atmospheric

forcing,85

SSST(ω) = |H(ω)|2Satm(ω), (6)

4
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Figure 2. Characteristic periods of corresponding EMD modes. The dashed line marks equal periods; the solid line is the fit P SST = a(PL)β .

where H(ω) is the ocean transfer function. Substituting Eqs. (3) and (4) into Eq. (6) gives

|H(ω)|2 ∝ ω−(δ−γ) = ω−0.3, (7)

a pure power law in frequency with no preferred scale, which is a direct consequence of both spectra being power laws.

A fractional integrator is one possible representation of this power-law gain. Scaling-based fractional stochastic models have90

been used to represent long memory in macroweather temperatures (Lovejoy et al., 2015). However, the ratio of power spectra

constrains the gain, not the phase of the transfer function, and does not uniquely identify a causal land–ocean response. Under

the additional fractional-integrator assumption, we write the transfer function H(ω)∝ (iω)−ν . Identifying 2ν = δ− γ gives

ν =
δ− γ

2
=

0.3

2
= 0.15, (8)

and the corresponding equation of motion is95

dνSST(t)

dtν
∝ Fatm(t) → (iω)ν ŜST(ω)∝ F̂atm(ω), (9)

where ν = 0.15. The operator dν/dtν is the Riemann–Liouville fractional derivative of order ν, which interpolates between

two limiting cases:
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– ν = 1, whereby Eq. (9) becomes ˙SST∝ Fatm, so that solving for SST requires integrating Fatm once.

– ν = 0: the zeroth-order derivative is the identity operator, giving SST∝ Fatm, indicating instantaneous equilibration100

with no memory.

The observed ν = 0.15, which is small, means the ocean is close to instantaneous equilibration but retains a slowly fading

power-law memory of past forcing, consistent with the modest but systematic reddening δ− γ = 2ν = 0.3.

The following argument explores a possible link between the power-law filter and the EMD timescale scaling of Eq. (2). It

is a heuristic construction, not a result established by the scaling references above.105

The EMD sifting algorithm identifies the k-th IMF through the local extrema of the signal. The characteristic period of mode

k is therefore controlled not by the energy in the dyadic band but by the density of extrema (zero-crossing rate) of the signal at

that scale. For a stationary process with power-law spectrum ω−α, the expected number of extrema per unit time, i.e. the Rice

frequency, scales as the square root of the ratio of the second to the zeroth spectral moment:

ω̄(α) ∝
(∫

ω2ω−α dω∫
ω−α dω

)1/2

. (10)110

For a power-law spectrum truncated to the k-th dyadic band [ωk, 2ωk], Eq. (10) gives

ω̄
(α)
k = ωk f(α), f(α) =

(
(1−α)(23−α − 1)

(3−α)(21−α − 1)

)1/2

, (11)

where f(α) depends only on the spectral slope, not on k. Within a fixed dyadic band the ratio f(δ)/f(γ) is constant across

modes, which would give β = 1. The key is that the band boundaries themselves are not fixed: they are determined by the

extrema density of the full signal. For a power-law spectrum ω−α over the full frequency range [ωmin,ωmax], the cumulative115

extrema density up to frequency ω scales as ω(3−α)/2. The EMD sifting algorithm extracts modes in order of decreasing

frequency, so the k-th mode boundary ω
(α)
k is set by the condition that the first k modes account for a fixed fraction of the total

extrema:
(

ω
(α)
k

ωmax

)(3−α)/2

=
K − k

K
, (12)

giving120

ω
(α)
k ∝

(
K − k

K

)2/(3−α)

. (13)

Pairing mode k of the atmosphere (α= γ) with mode k of the ocean (α= δ) and eliminating k yields

ΩSST
k ∝

(
ωL
k

)(3−γ)/(3−δ)
, (14)

and converting to periods P = 2π/ω:

P SST
k = α

(
PL
k

)β
, β =

3− γ

3− δ
. (15)125
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With γ = 1.4 and δ = 1.7:

β =
3− 1.4

3− 1.7
=

1.6

1.3
≈ 1.23. (16)

This is close to, but not exactly equal to, the observed β = 1.10±0.05. The residual discrepancy is consistent with two known

limitations of the theoretical argument: first, the EMD sifting algorithm is not a perfect zero-crossing counter and its effective

spectral moment lies between the zeroth and second moments; second, the actual power spectra deviate from perfect power130

laws at finite record length, introducing higher-order corrections to the extrema density scaling. Within these caveats, β ≈
(3−γ)/(3−δ) provides a parameter-free prediction of the EMD timescale scaling exponent from the independently measured

spectral slopes γ and δ.

3.3 Physical interpretation via a scale-dependent heat capacity

The fractional integrator has a direct physical interpretation. Returning to the standard derivative, we assume that the SST field135

has a timescale-dependent heat capacity Ceff . In Fourier space, one obtains:

iωCeff(ω) ŜST(ω)∝ F̂atm(ω). (17)

Matching this to Eq. (9), one obtains that Ceff(ω)∝ ω−(1−ν) = ω−0.85. This means that the effective heat capacity increases

at lower frequencies.

Now compare with classical Fickian diffusion. For a periodic surface forcing at frequency ω, the thermal penetration depth140

scales as hdiff(ω)∝ ω−1/2, which, since Ceff(ω)∝ hdiff(ω) gives Ceff(ω)∝ ω−1/2. The observed exponent is 0.85> 0.5.

This means that the heat capacity grows faster with period than classical diffusion predicts, so that deeper layers are entrained

more efficiently than simple diffusion would suggest. Such an anomalous hyper-diffusive entrainment aligns well with the KPP

parametrization (Large et al., 1994) and results from a combination of advective-diffusive mechanisms, including wind-driven

mixing and Ekman pumping, mesoscale eddies, and, especially, the large-scale ocean circulation.145

3.4 Nonlinear land and ocean temperature backgrounds

The nonlinear residuals clarify how the two slow responses subsequently evolve (Fig. 3). Land and ocean follow a common

curved trajectory, but the land residual accelerates more rapidly and increasingly departs from the ocean residual during recent

warming. In the parametric representation RSST(t) versus RL(t), the trajectory bends below the equal-response line, directly

displaying the attenuation of the oceanic surface response. The common zero crossing near 1968 depends on the anomaly150

reference and is not interpreted as a physical transition; the robust feature is the growing separation and curvature of the two

residuals.

3.5 Recurrence-based dynamical indicators

To determine whether this scale separation accompanies a change in dynamical organization, we use recurrence-based indica-

tors derived from extreme-value statistics (Lucarini et al., 2016b; Faranda et al., 2017; Alberti et al., 2025). For a trajectory155
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Figure 3. Nonlinear land and ocean temperature backgrounds. The main panel shows the EMD residuals RL(t) and RSST(t). The inset gives

their parametric trajectory, colored by year; the dashed diagonal denotes equal land and ocean responses. The increasing departure below the

diagonal reflects the attenuated and delayed oceanic surface response relative to land.

in the joint land–ocean state space, recurrences near the state occupied at time t define three instantaneous quantities. The

dimension d(t) estimates the local number of active degrees of freedom. The extremal index 0≤ θ(t)≤ 1 measures recur-

rence clustering: small values denote long residence and high persistence, whereas values near unity indicate rapid departure.

The co-recurrence ratio 0≤ α(t)≤ 1 measures the fraction of simultaneous land and ocean recurrences and therefore their in-

stantaneous dynamical interdependence. These indicators describe complementary geometric and temporal properties without160

assuming linear dependence or stationarity.

We first apply the indicators to the original records and to counterparts from which the EMD residuals have been removed.

Figure 4 shows that retaining the residuals systematically reduces d, particularly near the beginning of the record and after the

mid-twentieth century. The trajectory with the warming background retained therefore has a lower estimated local dimension

than its detrended counterpart, reminiscent of the hammam effect discussed by Faranda et al. (2019). Here, dimension charac-165

terizes the local recurrence geometry of the analyzed temperature variables; it is neither a measure of thermodynamic entropy

nor an estimate of the total number of microscopic degrees of freedom of the climate system. The decrease in d is consistent
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with a dominant common direction associated with the slow components and does not imply a decrease in thermodynamic

entropy or greater thermodynamic stability.

The extremal index provides a separate temporal diagnostic. Values of θ are generally lower when the residuals are re-170

tained, indicating longer persistence of dynamically similar configurations. This empirical behavior is not a consequence of

the decrease in d: local dimension and recurrence clustering describe distinct properties and need not vary together. The

most pronounced change occurs in α. Detrended temperatures remain weakly to moderately interdependent, with intermittent

co-recurrence episodes. In the original records, α increases sharply around the middle of the twentieth century and remains

elevated thereafter, reaching values near 0.6. For these records, the observed combination of changes is summarized by175

d ↓, θ ↓, α ↑ . (18)

Scaling-based tests of climatic change stress the need to account for long-range dependence when constructing a natural-

variability null hypothesis (Lovejoy, 2014). Here the surrogate test addresses a narrower question: whether the retained warm-

ing backgrounds, combined with independently resampled oscillatory components, reproduce the observed co-recurrence. Its

validity depends on how well the resampling preserves the relevant temporal dependence.180

A common-trend surrogate test preserves both observed nonlinear residuals while independently block-resampling the os-

cillatory IMF coordinates of land and ocean. The observed interdependence increasingly exceeds this null expectation after the

mid-twentieth century, particularly at decadal and multidecadal scales (Fig. S3 in the Supplement). Within this surrogate frame-

work, preserving the two smooth warming backgrounds alone does not reproduce the observed interdependence. However, the

test does not isolate the effects of evolving observational coverage, measurement practices, or reconstruction uncertainty. Im-185

provements in data quality could contribute to the apparent increase in co-recurrence, particularly when comparing the sparsely

observed early record with recent decades. Propagating the reported temperature uncertainties addresses sensitivity to those

uncertainty estimates, but does not establish that all time-dependent observational effects have been removed. Distinguishing

a physical change from these effects requires additional tests using coverage-matched records, a common sampling mask, and

alternative temperature products; these tests are not provided here.190

3.6 Multiscale dynamical reorganization

The one-dimensional comparison does not identify the scales at which this reorganization develops. At multiscale level m, we

therefore treat the first m IMFs as coordinates of the land and ocean state vectors,

xm(t) =
[
cL1 (t), . . . , c

L
m(t)

]
, (19)

ym(t) =
[
cSST1 (t), . . . , cSSTm (t)

]
, (20)195

ordered from fast to slow variability, with the residual included as the final coordinate. The components are not summed into

scalar cumulative reconstructions. Applying the recurrence analysis at every m yields d(t,τ), θ(t,τ), and α(t,τ), where τ is

the characteristic period of the slowest coordinate admitted at that level (Alberti et al., 2023b, a).
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Figure 4. Joint land–ocean recurrence diagnostics with and without the warming background. Instantaneous dimension d (top), extremal

index θ (center), and co-recurrence ratio α (bottom) computed from the original records (blue) and their detrended oscillatory components

(orange). Lower d denotes a lower-dimensional neighborhood, lower θ greater persistence, and larger α stronger dynamical interdependence.

Figure 5 shows that the scale of maximum local dimension is not fixed. High dimensionality initially occupies a broad

range of periods, whereas the modern interval has a lower background dimension interrupted by episodic bands of enhanced200

complexity. Persistence predictably increases toward slower components, but it also expands temporally: in recent decades,

low-θ(t,τ) conditions reach periods shorter than those affected earlier in the record.

The co-recurrence map provides the clearest signature. Before the twentieth century, α(t,τ) is small over most scales.

Enhanced interdependence first appears in the multidecadal-to-centennial components around 1940. After the mid-twentieth

century, the high-α region broadens and its lower boundary progressively contracts from multidecadal toward decadal and,205

intermittently, interannual periods. We refer to this downward migration as a contraction of the characteristic synchronization

timescale: progressively faster components enter the coherent regime. Here “synchronization cascade” describes the observed
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progression of enhanced co-recurrence across scales. It does not establish a multiplicative transfer process of the kind modeled

in multifractal cascade theory (Schertzer and Lovejoy, 1987; Lovejoy and Schertzer, 2013).

Figure 5. Multiscale dynamical reorganization of global land and ocean temperatures. From top to bottom: instantaneous dimension d(t,τ),

extremal index θ(t,τ), and co-recurrence ratio α(t,τ) obtained by progressively augmenting the state vectors with slower IMF coordinates.

The lower boundary of enhanced α moves toward shorter periods during the modern interval.

3.7 A possible hydrological pathway210

The hydrological cycle provides a plausible physical pathway for this reorganization. Evaporation transfers both moisture and

latent energy from the surface to the atmosphere. Over the ocean, water supply is effectively unlimited and evaporation can

increase as the surface warms and the near-surface humidity gradient and turbulent exchange change. Over land, evaporation

is additionally constrained by soil-moisture availability, vegetation, and surface resistance. Consequently, the two components

need not evolve proportionally under warming.215
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This contrast is visible in 20CRv3 (Fig. 6). The global land-average evaporation retains a strong seasonal cycle but shows

little comparable secular change, whereas ocean-average evaporation exhibits a pronounced increase. The ocean–land evapo-

ration contrast

∆E(t) = Eocean(t)−Eland(t) (21)

therefore grows during the same broad interval in which multidecadal α(t,τ) strengthens and its lower boundary moves toward220

shorter periods. This correspondence is physically consistent with a larger oceanic supply of moisture and latent energy to

the atmosphere, which can communicate ocean thermal anomalies to the atmosphere and land while land-surface moisture

limitations regulate the return flux. More generally, an intensified hydrological cycle can alter salinity, stratification, and ocean

heat uptake, thereby feeding back on the thermal memory of the coupled system (Liu et al., 2021).

The evaporation hypothesis must be interpreted carefully. Co-evolution does not establish mediation, and long-term hydro-225

logical trends in a reanalysis are less directly constrained than temperature observations, particularly early in the record. The

result is therefore used to identify a testable mechanism rather than to claim that evaporation alone causes the increase in α. A

decisive test would require independent flux products over their common period and a conditional recurrence analysis asking

whether land–ocean temperature interdependence decreases after conditioning on oceanic evaporation, latent-heat flux, and

atmospheric moisture transport.230

4 Discussion

These findings suggest a physical interpretation linking contrasting thermal memories to the observed recurrence structure. The

longer SST timescales are consistent with greater oceanic thermal inertia. Retaining the nonlinear warming backgrounds is as-

sociated with lower local dimension and greater recurrence persistence, while enhanced land–ocean co-recurrence appears first

at slow scales and subsequently extends toward shorter periods. The evaporation contrast motivates moisture and latent-energy235

exchange as a candidate mechanism linking the subsystems. This interpretation remains a hypothesis: the present diagnos-

tics do not establish a causal sequence from warming through evaporation to enhanced interdependence, and observational

inhomogeneity remains a possible contributor.

Our interpretation remains dynamical rather than directional. Co-recurrence does not determine whether land drives ocean,

ocean drives land, or both respond through atmosphere–ocean feedbacks and external forcing. The empirical result is that240

the analyzed records exhibit concurrent, scale-dependent changes in geometry, persistence, and co-recurrence; establishing

their robustness to observational inhomogeneity requires the additional tests outlined above. This differs from a conventional

increase in correlation: the transition combines timescale dilation between the subsystems, contraction of the effective dimen-

sion, increased persistence, and a synchronization boundary moving toward shorter periods.

This reorganization may also matter for climate extremes. Long-lived ocean-temperature anomalies maintain anomalous245

surface fluxes and atmospheric moisture, while rapidly warming land surfaces amplify near-surface temperature departures. A

regime in which the two components recur more persistently and coherently may therefore provide a dynamical background

12
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Figure 6. Hydrological context of the land–ocean dynamical reorganization. Top: temperature co-recurrence ratio α(t,τ) as in Fig. 5.

Middle and bottom: global area-weighted evaporation over land and ocean, respectively, from 20CRv3. Ocean evaporation increases over

the historical record, while land evaporation exhibits no comparable secular rise. The temporal correspondence with enhanced multidecadal

α identifies latent-energy and moisture exchange as a candidate pathway, not as a causal attribution.

favorable to prolonged or compound land–ocean heat anomalies. Our global-mean analysis neither attributes individual heat

waves or marine heat waves nor identifies a regional mechanism. It instead motivates spatially resolved and event-based tests

of whether the observed multiscale reorganization affects their persistence and co-occurrence.250

5 Conclusions

More broadly, the combination of multiscale decomposition and recurrence diagnostics offers a framework for investigating

coupled systems with contrasting memory times. In the land–ocean records examined here, it resolves differences in charac-
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teristic periods alongside changes in local geometry, persistence, and co-recurrence. Whether similar patterns occur in other

systems, and which mechanisms generate them, remains to be tested with controlled models and independent observations.255
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