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Highlights

What are the main findings?

• Developed a dynamic spatiotemporal adaptive framework that reveals the evolution
of thermal anomalies from mixed to polarized states.

• Proposed the AEP to quantify spatiotemporal clustering, confirming its significant
statistical linkage to seismic activity.

What are the implications of the main findings?

• Enables region-specific adaptive detection, advancing seismic thermal anomaly re-
search toward spatiotemporal evolution.

• Identifies spatial heterogeneity as the key characteristic, linking anomaly persistence
and co-seismic relevance, and focusing attention on AEP clustering regions.

Abstract

Thermal anomalies serve as potential earthquake precursors and are crucial for understand-
ing the mechanisms underlying seismogenic mechanisms and geodynamic perturbations.
To address the limited understanding of the polarity evolution of thermal anomalies, we de-
veloped a dynamic spatiotemporal adaptive framework to quantify global thermal anomaly
responses. Four parameters—the coefficient of determination (R2), spatiotemporal uncer-
tainty (SU), temporal–spatial uncertainty ratio (TSUR), and spatiotemporal correlation
coefficient (SCC)—were established to characterize the spatiotemporal patterns of thermal
anomaly responses. Additionally, the Anomaly Emphasis Proximity (AEP) was introduced
to identify statistically significant thermal anomaly events. The results indicate that the
spatiotemporal evolution of thermal anomalies exhibits a transition from pre-earthquake
mixed anomalies (both positive and negative) to post-earthquake unipolar anomalies (TIB
decreased from 92% to 49%), accompanied by pronounced sea–land differentiation (SST
increased from 0.3% to 98.7%). The AEP reveals significant thermal anomaly clustering
highly consistent with earthquake activity (e.g., the 2008 Mw 8.0 Wenchuan earthquake
in the Qinghai–Tibet Plateau), showing strong correlations in structurally active regions
(e.g., SCA and SWS; FDR < 18.5%, STCW > 3.7%) but weaker ones in stable regions
(e.g., CNA and ECA). Overall, this framework significantly enhances the robustness and
reliability of seismic thermal anomaly detection.
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1. Introduction
Given the increasing coupling between global population density and urbanization,

investigating potential precursory signals of earthquakes is vital for reducing disaster
impact—particularly in tectonically active subduction zones such as the circum-Pacific
seismic belt [1,2]. A growing body of literature has reported a variety of geophysical
and atmospheric anomalies preceding seismic events [3–7]. With the advancement of
computing and remote sensing technologies, it is now feasible to monitor large areas with
high temporal and spatial resolution [8]. Specifically, long-term thermal infrared datasets
over seismically active regions enable the characterization of surface thermal anomalies
prior to earthquakes, suggesting their potential as early warning indicators [9–12]. However,
significant challenges remain. The spatial and temporal heterogeneity of thermal anomalies,
regional differences in signal-to-noise ratio, and the presence of confounding environmental
factors continue to obscure the underlying mechanisms and limit the reliability of these
anomalies as robust precursors [13].

In numerous ground and satellite observations, thermal anomalies are often identi-
fied as short-lived and spatially localized temperature variations that occur near earth-
quake epicenters before seismic events [14,15]. These anomalies typically appear from
several months to a few days prior to an earthquake, depending on the temporal and
spatial characteristics of the seismogenic process [16]. Their spatial coverage generally
ranges from tens to several hundred thousand square kilometers [17–19], with temperature
ranging from several to over ten kelvins [20–22], and durations of a few days to several
weeks [23–29]. Collectively, these characteristic parameters constitute the fundamental
spatiotemporal constraints for identifying seismic thermal anomalies.

However, characterizing anomalies based solely on the absolute magnitude of temper-
ature differences may be an oversimplification. Although most reported pre-earthquake
thermal anomalies in inland areas are positive [30,31], studies such as that by Zhong et al.
have demonstrated that both positive and negative anomalies can occur [32]. This indicates
that surface temperature changes before earthquakes are not restricted to warming trends
but may also manifest as cooling signals, reflecting the combined influence of multiple
environmental and tectonic factors. Due to differences in thermal regimes between land
and ocean, the manifestation of temperature anomalies also varies [33,34]. For example,
thermal signals may be amplified over snow-covered regions. Ouzounov and Freund ob-
served negative sea surface temperature anomalies before certain offshore earthquakes [35],
which they attributed to upwelling of cold bottom water caused by tectonic activity. In
some coastal regions, both positive and negative anomalies have been documented under
different tectonic settings, but the underlying mechanisms remain uncertain [36]. Therefore,
limiting detection strictly to positive anomalies in earthquake-prone regions is insufficient.

Achieving reliable anomaly detection demands an integrated strategy combining
theoretical constraints, observations, and physical validation [37]. To address this, various
methods have been developed to detect pre-earthquake thermal anomalies, including
the LST difference threshold [38], Z-score method [39,40], the Robust Satellite Techniques
(RST) approach [41–43], temporal integration techniques [44], and other techniques [45–50].
While these approaches have demonstrated promising performance in selected case studies
or localized regions, their limitations are also evident. On one hand, some methods do
not sufficiently incorporate constraints from geophysical principles, resulting in a lack of
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theoretical robustness when applied to complex natural processes [13,39]. On the other
hand, external disturbances such as meteorological variability and anthropogenic influences
may introduce systematic biases that compromise the stability and general applicability of
these algorithms [51].

Since Gornyi et al. first proposed in 1988 that thermal infrared signals could serve
as indicators of seismic activity [52], the field has undergone more than three decades
of development. Although a large body of satellite-based thermal infrared observations
has demonstrated a spatiotemporal correlation between thermal anomalies and earth-
quakes [53–55], the long-term statistical characteristics of such anomalies remain insuf-
ficiently understood [56–60]. Therefore, any investigation of potential pre-earthquake
thermal anomalies must be grounded in robust geophysical theory and supported by
systematic statistical analysis [61–63], rather than relying on arbitrary assumptions or
speculative forecasts [20,64–66].

Although considerable progress has been made in the study of earthquake precur-
sors [39,67,68], current findings remain insufficient for direct application to earthquake
prediction, and the feasibility of related methods has yet to be fully validated [69]. More-
over, against the backdrop of global warming and the increasing frequency of extreme
weather events, the influence of various meteorological factors on surface temperature fur-
ther complicates the identification of pre-earthquake thermal anomalies [70–73]. Previous
efforts to enhance forecasting capability by integrating multiple geophysical parameters
have been hindered by substantial noise and regional variability in the data. This has led to
inconsistent statistical results [33] and limiting the development of a unified and reliable
early warning model [10,14]. These findings highlight that research on only a small number
of earthquake events may not reveal spatiotemporal patterns.

In summary, the current understanding of the spatiotemporal variation in positive and
negative thermal anomaly polarity remains limited. Furthermore, existing statistical charac-
teristics exhibit instability, while radiative properties differ significantly between land and
ocean surfaces. Recognizing that thermal anomalies may represent the lithosphere’s initial
response to external perturbations [74], this research develops a dynamic spatiotemporal
adaptive framework to quantify response patterns in global earthquake-prone regions. To
achieve this objective, two key scientific questions are addressed: (1) How can the spa-
tiotemporal characteristics and evolutionary patterns of thermal anomalies be dynamically
represented? (2) How are clusters of thermal anomalies spatiotemporally correlated with
seismic activity?

To minimize the influence of climatic factors in global-scale statistical analyses, the
temperature field was stratified using the IPCC AR6 climate zoning framework [75,76].
Meanwhile, we established specific features to characterize the spatiotemporal response of
thermal anomalies. Based on the detection results, the evolutionary patterns of thermal
anomalies were further analyzed, and an Anomaly Emphasis Proximity (AEP) index was
introduced to identify statistically significant events. By analyzing 220,182 earthquakes of
Mw ≥ 4 worldwide, the study evaluates the spatiotemporal statistical patterns of thermal
anomalies [77], elucidates the mechanisms underlying enhanced detection capability, and
provides new insights into the investigation of seismic thermal anomalies.

To ensure that the association between detected thermal anomalies and earthquakes
is non-random, we systematically analyzed the spatiotemporal cube of the study area
to obtain thermal anomalies for the full raster grid. These data are then used to test the
statistical significance of the correlation between the detected anomalies and seismic events
(Figure S9 in Supplementary File S3).
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2. Materials and Methods
We integrated multiple open-access datasets from well-established global sources:

(a) the global earthquake catalog provided by the United States Geological Survey (USGS),
covering all events of mag ≥ 4 since 2000; (b) daily near-surface land temperature
data at 1 km resolution from 2003 to 2020, released by Iowa State University [78]; and
(c) global daily sea surface temperature (SST) data at 5 km resolution from 2003 to 2020,
obtained from NOAA CoastWatch’s CoralTemp SST version 3.1 archive [79] (totaling
6575 daily records).

While statistical methods (e.g., RST, Z-Score) suppress noise effectively, they lack
the physical basis to interpret seismic thermal mechanisms. Therefore, we introduce
a hybrid framework coupling physical diffusion models with data-driven diagnostics.
Employing the heat-diffusion equation on an ellipsoidal Earth as a baseline, we decompose
observational residuals into temporal, spatial, and correlation uncertainties. This method
integrates heat conduction constraints to enable the physically interpretable detection of
seismic thermal perturbations (proof provided in Supplementary File S1).

2.1. Construction of Thermal Anomaly Response Parameters

We integrate physical diffusion models with statistical analysis to establish criti-
cal thresholds for arbitrary transient heat sources, thereby facilitating the detection of
thermal anomalies potentially associated with seismic activity. In this context, we de-
fine a “thermal anomaly” as an event in which surface thermodynamic parameters
within a specific geographic region exceed the confidence bounds of their intrinsic
spatiotemporal variability.

Under ideal conditions, assuming Fourier’s Law and local energy conservation apply
within a finite neighborhood, the idealized heat diffusion equation is derived as follows:

∂u(r, t)
∂t

= α∇2u(r, t) (1)

Conversely, in non-ideal scenarios, such as the presence of transient heat sources or
energy imbalance, the heat equation evolves to:

∂u(r, t)
∂t

= α∇2u(r, t) +
Q(r, t)

ρc
(2)

Here, the temperature field is denoted by u(r, t), thermal diffusivity by α = k
ρc , and

the volumetric heat source (power density) by Q(r, t). The symbols ρ, c, and k represent
density, specific heat capacity, and thermal conductivity, respectively.

In practical contexts, although the exact nature and spatiotemporal behavior of the
transient heat source Q(r, t) may remain unknown, our focus lies in detecting abnormal
thermal signals that deviate from the predictions of the ideal diffusion model. To this end,
we define a diagnostic residual term that captures such deviations.

Let: X = ∂u
∂t , Y = α∇2u, ∆(r, t) = Q(r,t)

ρc , Z(r, t) = u(r, t),
ˆ
Z(r, t) = µclim(r, t), which

leads to the identity: ∆(r, t) = u(r, t)− µclim(r, t) = X − Y.
Here, Z(r, t) is the observed value u(r, t) of the temperature field, Ẑ(r, t) is the back-

ground value µclim of the temperature field.
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Thus, monitoring ∆ is mathematically equivalent to estimating the normalized heat-
source strength. If ∆(r, t) ≈ 0: the system follows ideal diffusion equilibrium. If ∆(r, t)
shows significant departures from zero: an external heat source must be present.

However, in actual observations, the measured temperature field is influenced by
various factors from the transmission path, causing fluctuations in ∆(r, t). Thus, we
establish the null hypothesis:

H0: Q(r, t) = 0, there is no external heat source.
Under the null condition, the diagnostic residual follows a zero-mean Gaussian distri-

bution: ∆null ∼ N
(
0, σ2

∆
)
.

This provides the theoretical foundation for the 3σ detection rule: values outside
[−3σ∆,+3σ∆] can be rejected with 99.7% confidence.

According to the definition of residuals, the uncertainty of residuals is determined
by the joint distribution of the “time variation term” and the “spatial diffusion term”. To
describe the spatiotemporal characteristics of diagnostic residual term ∆(r, t), we define
the following three core indicators to describe spatiotemporal uncertainty (σ∆) in the
spatiotemporal domain. The parameters, respectively, represent, temporal uncertainty (σX),
spatial uncertainty (σY), and their correlation coefficient (ρXY).

Temporal Uncertainty: Reflects the background fluctuation of the temporal derivative.
Spatial Uncertainty: Captures the background variability of spatial diffusion. Correlation
Coefficient: Describes the linear dependence between temporal and spatial contributions.
Spatiotemporal Uncertainty (Final Threshold): This variance represents the theoretical
fluctuation range of ∆(r, t) in non-anomalous background conditions.

Applying the law of error propagation, the variance of the residual term ∆(r, t) is
given by:

Var(∆) = Var(X) + Var(Y)− 2 · Cov(X, Y) (3)

Based on the residual formulation above, the combined spatiotemporal uncertainty
can be expressed as:

σ∆ =
√

σ2
X + σ2

Y − 2ρXYσXσY

σX(s0, t) = std
(

∂u
∂t

)
=

√
1

N − 1

N
∑

i=1
(u(s0, i)− û(s0, i))2

σY(s, t0) = std
(
α∇2u

)
=

√
1

M − 1

M
∑

j=1
(u(j, t0)− û(j, t0))

2

ρXY = Corr
(

∂u
∂t

, α∇2u
)
=

∑m(ut − ût)(us − ûs)√
∑m(ut − ût)2∑m(us − ûs)2

(4)

To determine the detection threshold σ∆, we adopt a data-driven approach. This
method comprehensively evaluates the volatility and interrelationships of time and space
terms by analyzing observation data within a certain spatiotemporal domain, to estimate
the theoretical value σ∞ in Formula (S47) (Supplementary File S1). Spatiotemporal Uncer-
tainty (Final Threshold) represents the theoretical fluctuation range of ∆ in non-anomalous
background conditions.

Based on the quantified spatiotemporal uncertainty, a critical threshold for transient
heat sources is established to identify anomalous thermal states within the target region.
Within a continuous spatiotemporal domain, three times the spatiotemporal uncertainty
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(including positive and negative) is defined as the critical threshold distinguishing external
heat sources. The difference between observed values and the theoretical background is
used as the thermal signal anomaly detection sequence. When this difference exceeds the
upper critical threshold, a positive thermal anomaly is recorded (Z − Ẑ > 3σ∆); when it falls
below the lower critical threshold, a negative thermal anomaly is recorded (Z − Ẑ < −3σ∆);
values within the thresholds are considered normal (−3σ∆ ≤ Z − Ẑ ≤ 3σ∆).

The complete anomaly-detection algorithm consists of:

1. Parameter estimation: Use background or historical data to compute σX , σY, and ρXY,
then derive the threshold σ∆.

2. Residual computation: Evaluate ∆(r, t) from real-time observations.
3. Anomaly classification using the 3σ rule: |∆(r, t)| > 3σ∆

If the inequality holds, it is judged as an abnormal heat source event; otherwise, it is
judged as background fluctuation (normal).

In practical observations, the background can only be estimated using long-term time
series data. Given that non-ideal diffusion models exhibit only a relatively stable dynamic
equilibrium, it is critical to examine whether the latest observations trend towards the
background level. This behavior significantly influences the residual decomposition of the
observed temperature field (Equation (S15) in Supplementary File S1).

Therefore, in the residual calculation step, it is necessary to calculate the Coefficient of
Determination between the observed values and the background values. The higher the
R2, the more reliable the background estimation model.

The anomaly detection workflow involves four parameters related to spatiotemporal
uncertainty and one to residual calculation.

R2 = 1 − (σX(t)/σX,tot(t))
2, R − squared (R2)

σ∆ =
√

σ2
X + σ2

Y − 2ρXYσXσY, Spatiotemporal uncertainty (SU)

σX/σY = std
(

∂u
∂t

)
/std

(
α∇2u

)
, Temporal − spatial uncertainty ratio (TSUR)

ρXY = Corr
(

∂u
∂t , α∇2u

)
, Spatiotemporal correlation coefficient (SCC)

(5)

We define four metrics (R2, SU, TSUR, SCC) that, beyond their mathematical inter-
dependence, characterize orthogonal physical dimensions of the detection process. The
Determination Coefficient (R2) serves as a quality index for model fidelity, validating
the background reconstruction against climatic trends. Spatiotemporal Uncertainty (SU)
defines the dynamic detection threshold, quantifying the aggregate confidence interval
for temperature deviations. The Temporal-Spatial Uncertainty Ratio (TSUR) identifies the
dominant variance source; values exceeding unity distinguish rapid temporal transients
(e.g., heating) from static spatial heterogeneity. Finally, the Spatiotemporal Correlation
Coefficient (SCC) validates local structural coherence. Collectively, these metrics form a hier-
archical system—validating background (R2), defining magnitude (SU), and characterizing
pattern (TSUR, SCC)—to ensure robustness in non-stationary environments.

2.2. Annual Energy Balance and Geospatial Constraints Detection Framework

Given that the estimation of spatiotemporal uncertainty and background residuals
relies on data-driven procedures, the global domain lacks a standardized estimation work-
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flow. We propose a detection framework that integrates annual-cycle energy balance
constraints with geospatial priors. Incorporating physical constraints improves the reliabil-
ity of thermal anomaly identification [80,81].

Geospatial constraint. Although previous studies have shown that the impact of
earthquakes on surface temperature tends to propagate along fault zones, it is not feasible
to comprehensively account for the geometry of every fault system, particularly in regions
where no earthquake has yet occurred. To address this limitation, we assume that surface
temperature disturbances induced by an earthquake are radially distributed around the
epicenter within a defined radius. Given that most surface temperature datasets are
provided in regular latitude–longitude grids, we apply a spherical geodesic distance
constraint to extract relevant temperature data within the prescribed neighborhood.

Energy balance constraint. We assume that the net surface energy budget at any
given location varies periodically due to Earth’s revolution around the Sun, and remains
approximately balanced over a full orbital cycle. According to the Stefan–Boltzmann law,
the total energy exchange over one orbital period can be expressed as:

E =
∫ C

0
εi · σ · T4

i dt =
∫ t0+C

t0

εi · σ · T4
i dt = constant (6)

In practice, by taking the orbital cycle C = 365 days, the above expression can be
discretized as:

365

∑
i=1

εi · T4
i =

365+∆t

∑
j=1+∆t

ε j · T4
j (7)

When the condition is satisfied, the total energy over a full cycle remains conserved.

Ti =

(
εi

εi+365

)0.25
· Ti+365 (8)

It should be noted that this equivalence relies on the assumption that interannual
variations in surface emissivity and land cover are minimal, ensuring the validity of the
energy balance constraint over climatological timescales.

However, actual multi-periodic constraints may be influenced by multiple factors,
making it more difficult to recover the temperature change pattern. The formula for
multi-periodic constraints is as follows:

Ti =
m
∑

k=1

Ak
ωk

sin(ωkti + φk) + B

E =
∫ t0+C

t0
εi · σ · T4

i dt + B ∗ C = constant, i ∈ N+

ωk =
2πk

C
, k ∈ N+ ∪ 1/N+,

(9)

where ωk is a phase with a period of any number of days, Ak is the amplitude corresponding
to phase ωk; φk is its corresponding initial phase, ti is the time, Ti is the daily temperature,
B is the global average temperature, εi is the daily surface emissivity, C is the global period,
and E is the total energy of the global period.

In practical detection, it is essential to define standardized input data. For a given
earthquake event P0 (characterized by occurrence time, magnitude, longitude, and latitude),
the initial step is to select the time series within a spatial neighborhood defined by a specific
geographic radius (Figure 1a). Due to grid projection effects, the number of grid points
included within this radius varies with latitudes (Figure 1b).
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Figure 1. The spatiotemporal parameterization scheme based on annual energy balance and geo-
graphic constraints. (a) Schematic illustration of the spatiotemporal cube; (b) Conceptual diagram of
neighborhood heterogeneity across different latitudes on the longitude–latitude grid; (c) Detailed
parameter design of the spatiotemporal cube.

To facilitate robust baseline estimation, the dataset for each event is partitioned into
a background set and a detection set. The detection set spans the interval from 90 days
preceding the event to 30 days thereafter, while the background set comprises the two years
immediately prior to the detection window (Figure 1c).

The detection procedure begins by inputting the event P0 occurrence time to define
the temporal range of the time series. The event’s geographic coordinates (longitude and
latitude) are then used to calculate the spatial neighborhood masks U(P0), V(P0), and
W(P0) based on spherical distance constraints.

Subsequently, temperature raster data within the corresponding temporal window are
extracted according to these masks. The spatiotemporal correlation coefficient is estimated
using U(P0) and V(P0), while temporal and spatial uncertainties as well as observational
biases are assessed with W(P0). Anomaly detection is then performed via a discriminant
function. The entire detection workflow is iterated over all target earthquakes (Figure 2).
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Figure 2. Detection algorithm flowchart.

2.3. Anomaly Emphasis Proximity Score (AEP)

Based on the globally detected time series of seismic thermal anomalies, to express the
continuity and imminent nature of seismic thermal anomalies, we introduce the Anomaly
Emphasis Proximity Score (AEP), a scalar metric computed from thermal anomaly de-
tections within the 90 days preceding and 30 days following each earthquake. The AEP
quantifies the joint significance of anomaly persistence and temporal proximity to the
seismic event, thereby emphasizing continuous anomalies near the earthquake occurrence
(Day 91). Given a binary time series of thermal anomalies during the pre-earthquake period,
the AEP is defined as follows:

X = {x1, x2, . . . , x90}, xt ∈ {0, 1} (10)

where xt = 1 denotes the presence of an anomaly on day t, we identify all consecutive
anomaly segments as:

C = {(t1, l1), (t2, l2), . . . , (tk, lk)} (11)
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with ti being the start day of the ith anomaly segment and li its length. We define the AEP
score as:

AEP =
k

∑
i=1

li
(91 − ti)α

(12)

where α > 0 is a proximity decay exponent, typically chosen as α = 1 or 2 to balance
spatiality and temporality. A smaller (91 − ti) indicates a segment closer to the earthquake,
thereby increasing the score.

To identify strongly significant thermal anomalies, we further define a threshold based
on the empirical distribution of AEP scores across a global catalog of 220,182 earthquakes
(as shown in Figure S1 in Supplementary File S3). Denoting AEPi as the anomaly emphasis
proximity score for the ith event, we define the strong significance criterion as:

eventstrong : AEPj ≥ AEPstrong = Median
({

AEPj}220,182
j=1

)
(13)

An event is said to exhibit strongly significant thermal anomalies if its AEP score
satisfies. This definition emphasizes not only the presence of anomalies but their relative
spatiotemporal concentration and recurrence strength compared to the global empirical
background. It allows for robust comparison and classification of events based on a unified
and physically interpretable metric.

Similarly, the AEP Score Post the earthquake is shown below,

AEPpost =
k

∑
i=1

li
(31 − ti)α

(14)

A higher AEPpost value indicates that thermal anomalies are more concentrated near
the immediate aftermath of the earthquake and persist over consecutive days. Isolated
or delayed anomalies receive smaller weights. This metric may capture delayed thermal
adjustments or surface responses in seismically active regions.

In summary, we propose a comprehensive physically constrained framework that
couples four diffusion-based parameters with annual energy-balance constraints to fil-
ter non-tectonic noise. An AEP-based weighting scheme is then employed to explicitly
quantify the spatiotemporal persistence of thermal anomalies associated with seismic
activity. Specifically, the AEP metric functions as a spatiotemporal filter that amplifies
persistent anomalies occurring in close spatiotemporal proximity to the seismic event, while
suppressing isolated or distant signals.

3. Results
3.1. Spatiotemporal Response Characteristics of Seismic Thermal Anomalies

The spatiotemporal response characteristics of 220,182 seismic thermal anomalies were
extracted using Model 2 (Figure 3). Other model parameters can be found in Supplementary
File S4.

A higher correlation indicates that the model more accurately represents real-world
temperature dynamics. In Figure 3, inland regions such as TIB, the eastern NWS, ECA,
and WCA exhibit moderate fitting accuracy, while several islands in the western Pacific
within the SEA region show lower accuracy. In contrast, most other land and oceanic
areas maintain high fitting performance, suggesting that the unified model parameters are
globally applicable and ensure a reasonable level of comparability across experiments.

Elevated SU values are observed over the Tibetan Plateau and the western Andes, areas
characterized by complex high-altitude terrain with extensive mountains, glaciers, and ice
sheets, representing some of the most tectonically active regions globally. These conditions
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suggest that strongly coupled land–atmosphere interactions may amplify spatiotemporal
variability. Although localized perturbations occur elsewhere, the overall SU distribution
remains within a relatively low range.

Figure 3. Spatiotemporal Patterns of Seismic Thermal Anomaly Responses (R2, SU, TSUR, SCC).

TSUR > 1 indicates dominant temporal uncertainty, suggesting enhanced temporal
variability and possible time-pattern irregularities. Therefore, this index serves as an indica-
tor of flux rates in coupled atmosphere–land–ocean systems. Notable regions with elevated
TSUR values include southeastern Southeast Asia (particularly Papua New Guinea), north-
ern RFE, several high-latitude and polar regions such as RAR, NWN, CNA, and ARO, as
well as the eastern Drake Passage between Cape Horn and Antarctica. Although TSUR par-
tially reflects coupling intensity by definition, from a time-series perspective, higher values
may correspond to an increased likelihood of detecting thermal anomalies. However, such
anomalies are not always physically interpretable; rapid temperature changes in regional
fields may arise from transient subsurface heat sources or vigorous atmospheric convective
heat exchange.

Except for certain equatorial and coastal regions (e.g., SEA, EPO, NWS, CAF, and
SEAF), most areas exhibit high local temporal coherence. According to the interpretation of
the thermal penetration index, localized decorrelation often signifies the presence of non-
concentrated transient heat sources, suggesting spatially incoherent local disruptions. The
aggregation of such anomalies near the equator likely reflects regionally driven processes
associated with strong climatic variability, possibly linked to distinct atmosphere–land–
ocean coupling regimes that facilitate abrupt energy exchanges across system boundaries.
Moreover, apart from the persistently low values over SEA and SCA—both regions of
complex ocean–land interaction—most terrestrial and marine surfaces maintain consistently
high spatiotemporal correlation coefficients over multiple years.

In summary, the collective spatiotemporal behavior of these four parameters suggests
that regions exhibiting strong responses may be influenced by deeper and potentially
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transient subsurface heat sources. The spatial and temporal trajectories of these parameters
differ markedly, underscoring the inherent complexity of temperature field dynamics
within global seismically active zones.

Furthermore, by examining the temporal evolution of regional patterns in land surface
temperature (LST) and sea surface temperature (SST) across six representative IPCC regions
over a 15-year period, the spatiotemporal response characteristics of surface and oceanic
thermal anomalies were further analyzed. In Figure 4, the SU values of oceanic surfaces
generally remain lower and more stable over time, except for notable disturbances observed
in the SWS region around 2014 and a transient fluctuation in the EAS region between 2010
and 2011. In contrast, the SU values over land surfaces are typically higher and exhibit
lower temporal stability. Particularly, a pronounced surface anomaly was detected in the
RFE region in 2006, while the TIB region showed recurrent fluctuations throughout the
entire time series.

Figure 4. Temporal Trends of Seismic Thermal Anomaly Responses in Land and Sea Surface Temper-
atures for Representative IPCC Regions.

With the exception of distinct variations detected around 2004 in the land surfaces
of the RFE and SEA regions, most domains exhibited relative stability from 2005 to 2020.
The long-term mean of this ratio across all regions remains below unity, indicating that
spatial uncertainty generally predominates over temporal uncertainty. Lower values
reflect stronger spatial heterogeneity, underscoring the necessity of high-resolution surface
observations. In such regions, the use of coarse-resolution data could obscure spatial
complexity and introduce biases in anomaly detection results. Consequently, this finding
validates our selection of 1 km resolution for land surface temperature and 5 km resolution
for sea surface temperature as the baseline inputs.

3.2. Spatiotemporal Evolution of Positive, Negative, and Mixed Thermal Anomalies Before and
After Earthquakes

To systematically investigate the spatiotemporal evolution patterns of seismic thermal
anomalies, this study conducted a comprehensive comparative analysis of the spatial
distribution and correlations of positive, negative, and mixed thermal anomalies before
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and after earthquakes, across different temporal intervals (2005–2012 and 2013–2020), land–
sea locations, and representative IPCC regions (Figure 5). The global analysis reveals
that thermal anomalies are not uniformly distributed but are highly concentrated along
the Himalaya–Circum-Pacific tectonic belts. At the IPCC regional scale, distinct spatial
differentiation is evident among anomaly types.

Figure 5. Spatial Distribution and Correlation Comparisons of Positive, Negative, and Mixed Thermal
Anomalies. (a) Global distribution of positive, negative, and mixed (P&N) anomalies during the two
pre-earthquake periods; (b) Global distribution of positive, negative, and mixed anomalies during
the two post-earthquake periods; (c) Correlation analysis of positive, negative, and mixed anomalies
during the two pre-earthquake periods; (d) Correlation analysis of positive, negative, and mixed
anomalies during the two post-earthquake periods.

https://doi.org/10.3390/rs18020290

https://doi.org/10.3390/rs18020290


Remote Sens. 2026, 18, 290 14 of 34

For instance, within the Tibetan Plateau (TIB), an evident east–west contrast is ob-
served: the central and eastern subregions (e.g., TIB-01, TIB-02) tend to exhibit negative
or mixed anomalies, whereas the western subregion (TIB-03) displays all three types,
with positive anomalies predominating in both frequency and spatial extent. Similarly,
along the western coast of South America, the Andean region (SWS) demonstrates the
coexistence of all three anomaly types. A representative case of land–ocean interaction is
found around Papua New Guinea, encompassing both the Southeast Asia (SEA) and the
Equatorial. Pacific-Ocean (EPO) regions. Here, sea surface temperature (SST) anomalies
are predominantly positive, while land surface temperature (LST) anomalies are mostly
negative, revealing a potential land–ocean thermal contrast mechanism.

These spatial patterns collectively indicate that local geological structures, surface
properties, and regional climatic backgrounds exert profound regulatory influences on the
characteristics of thermal anomalies.

Correlation analysis based on chord diagrams further reveals the complex interdepen-
dencies and evolutionary relationships among different types of thermal anomalies across
time periods (Figure 5). The results show that, compared with 2005–2012, the association
networks formed by SST and LST anomalies during 2013–2020 exhibit a more systematic
and extensive structure. Within this correlation network, mixed positive–negative anoma-
lies occupy a central hub position, suggesting that such events may possess the highest
spatial coherence and the strongest land–ocean coupling intensity. The prominence of
this later-stage structure also highlights the distinctiveness of the extreme anomaly clus-
ter observed earlier (2005–2012) over the Japanese Islands (EAS region), which abruptly
disappeared in the following period—implying a possible phase transition in the regional
thermal anomaly background field. In contrast, low correlation values mainly occur be-
tween anomalies of opposite polarity within the same period or between different types of
anomalies (e.g., LST vs. SST) across different periods, potentially indicating the occurrence
of polarity transitions (from positive to negative or vice versa). Overall, the more robust
and complex correlation network observed in the later period may reflect enhanced spatial
aggregation of thermal anomalies or a stronger influence from large-scale external drivers,
such as interdecadal climate oscillations.

The temporal dimension of thermal anomaly distribution exhibits pronounced dy-
namic evolution. A comparison between the two periods (2005–2012 vs. 2013–2020) reveals
clear shifts in dominant anomaly types across multiple IPCC regions. A notable example is
found along the western Andes (SWS region), where early-stage anomalies were dominated
by negative types with higher spatial clustering and broader coverage, transitioning to
positive anomalies that became more prominent in both density and extent during the
later stage. From the perspective of pre- and post-earthquake variations, a general trend
emerges: the proportion of mixed anomalies significantly decreases after earthquakes,
reflecting a shift from a pre-earthquake mixed mode toward a post-earthquake polarized
dominant mode. However, in certain regions, such as Papua New Guinea (SEA and EPO),
the frequency of post-earthquake anomalies even surpasses that of the pre-earthquake
stage, suggesting that seismic events may trigger or amplify local land–atmosphere–ocean
coupling processes.

Collectively, these findings demonstrate that seismic thermal anomalies are not static
signals but temporally evolving processes intrinsically linked to seismic cycles. This
statistical evidence substantiates a non-random physical connection between large-scale
seismicity and surface temperature, suggesting that future research must transcend single-
event case studies in favor of multi-event, multi-stage statistical frameworks.
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As shown in Table 1, three representative inland regions (TIB, SCA, ECA) and three typ-
ical coastal–oceanic regions (RFE, CNA, SWS) were selected to examine the spatiotemporal
characteristics of positive and negative thermal anomalies.

Table 1. Proportion distribution of positive and negative abnormal frequencies under different parameters.

LST SST
Negetive N and P Positive Negetive N and P Positive

Pre

TIB T1 5.3% 92.0% 2.7%
T2 5.4% 88.6% 5.9%

SCA T1 18.7% 64.6% 16.8%
T2 22.1% 63.6% 14.3%

ECA T1 18.5% 64.8% 16.7%
T2 14.3% 69.5% 16.2%

RFE T1 18.8% 61.6% 19.6% 13.9% 71.1% 15.0%
T2 32.6% 44.5% 23.0% 24.1% 54.9% 21.0%

CNA T1 8.9% 76.7% 14.3% 0.1% 99.6% 0.3%
T2 1.6% 96.3% 2.0% 0.0% 99.0% 1.0%

SWS T1 30.6% 52.3% 17.2% 47.2% 35.0% 17.9%
T2 24.8% 61.6% 13.6% 27.0% 19.8% 53.2%

Post

TIB T1 22.8% 49.4% 27.7%
T2 20.1% 56.4% 23.4%

SCA T1 31.6% 40.3% 28.1%
T2 32.7% 40.1% 27.2%

ECA T1 31.2% 35.4% 33.4%
T2 23.5% 50.7% 25.8%

RFE T1 34.3% 39.8% 25.8% 35.7% 20.4% 43.9%
T2 26.0% 44.2% 29.8% 32.4% 22.1% 45.6%

CNA T1 13.2% 67.6% 19.2% 0.0% 1.3% 98.7%
T2 19.3% 63.2% 17.6% 0.0% 40.2% 59.8%

SWS T1 45.3% 23.4% 31.3% 62.5% 9.3% 28.2%
T2 42.1% 26.0% 31.9% 36.0% 6.1% 57.9%

The analysis quantifies the proportional distribution of positive, negative, and mixed
(coexisting) anomaly frequencies across two distinct temporal periods (T1: 2005–2012 and
T2: 2013–2020). By distinguishing between pre-earthquake and post-earthquake phases, the
table reveals the variation in Land Surface Temperature (LST) and Sea Surface Temperature
(SST) response patterns.

The results reveal pronounced pre- and post-earthquake transitions. Temporally,
the pre-earthquake stage is dominated by mixed anomalies (N and P), with probabilities
often exceeding 60%; for instance, the TIB region reaches 92.0%. After earthquakes, this
mixed pattern rapidly collapses into a single polarity, typically negative or positive, as
observed in the SCA region, where the probability of negative anomalies increases from
18.7% before to 31.6% after earthquakes. Spatially, the responses differ markedly among
regions: inland areas exhibit a significant rise in negative anomalies following earthquakes,
whereas coastal regions show an overwhelming increase in positive sea surface temperature
(SST) anomalies. In the CNA region, SST positive anomalies surge from 0.3% before to
98.7% after seismic events, forming a striking land–sea contrast.

Moreover, from 2013 to 2020, the overall probability of positive anomalies increases
substantially—for example, in the SWS region, SST positive anomalies rise from 17.9%
to 53.2%—suggesting the modulation of background climatic conditions. Finally, the
type of data fundamentally shapes the anomaly pattern: LST tends to exhibit negative
responses (e.g., post-earthquake LST negative anomalies reach 45.3% in SWS), whereas SST
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consistently presents strong and coherent positive anomalies. Finally, terrestrial surfaces
exhibit remarkable consistency between the T1 and T2 periods, whereas sea surfaces display
substantial differences across the two periods, with average changes exceeding 15%. This
contrast highlights the challenges in accurately reconstructing the thermal background due
to the response characteristics of underlying surface properties.

The spatiotemporal variations of positive, negative, and mixed thermal anomalies in
land and sea surfaces (Figure 6) reveal differentiated responses across IPCC regions in terms
of both surface type and temporal period. Specifically, the frequency of post-earthquake
anomalies in land surface temperature (LST) shows an increasing trend in regions such
as SAM(2), SAM(3), NWS(1), and NWS(2), whereas it decreases in NCA, SCA(1), RFE(3),
and WCA(3). For sea surface temperature (SST), the most pronounced changes occur
along the western Pacific coastlines (e.g., NPO, NAU) and the eastern Pacific margins,
particularly from SWS(1) to SWS(4). Observations indicate that, compared with the early
period (2005–2012), the number of regions exhibiting SST anomalies increases substantially
in the later period (2013–2020), whereas the spatial dynamics of negative anomalies follow
different trajectories.

In summary, the spatiotemporal evolution of positive, negative, and mixed thermal
anomalies transitions from a chaotic pre-earthquake mixed mode to a post-earthquake
polarized dominance, revealing the dynamic reorganization of regional thermal stress
patterns; this evolution may be driven by local geology, surface properties, and climatic
processes. Notably, within this evolution, mixed anomalies, encompassing simultaneous
positive and negative events, tend to exert a broader spatial influence than single-type
anomalies. However, their frequency concentration demonstrates a marked decline during
2013–2020 compared to earlier periods. This distinct shift in anomaly patterns may reflect
enhanced environmental responses and altered system stability against the backdrop of
global climate change.

3.3. Spatiotemporal Clustering Characteristics of the Thermal Anomalies Pre- and
Post-Earthquake Events

Building upon the distinctive anomaly patterns identified in the preceding chapter
across Japan, the Tibetan Plateau and adjacent regions, the Gulf of Mexico, and the Andes
Mountains, this chapter subdivides the study period into three narrower intervals for
a more systematic analysis of the anomalies. We then compare these refined temporal
anomaly patterns with the spatiotemporal distribution of actual seismic events, aiming to
elucidate tighter correlations between observed anomalies and earthquake occurrences.

The spatial clustering of positive and negative anomalies indicates the presence of
thermal anomalies; however, their statistical correlation with seismic activity remains
uncertain. To address this, we introduce the Anomaly Emphasis Proximity (AEP) Score.

In Figure 7, the aggregation characteristics of the AEP are illustrated for four repre-
sentative regions. First, in the Tibetan Plateau and its surrounding areas, two extensive
pre-earthquake anomaly clusters existed between 2005 and 2010, one in the west and
one in the east. Over time, these clusters gradually diverged: the western cluster shifted
westward while contracting, whereas the eastern cluster migrated southwestward across
China at an approximate rate of 100 km per year. Second, in southern Central America
(SCA) and adjacent regions, the first two periods were dominated by prominent clusters
of land surface temperature (LST) anomalies, whereas during 2016–2020 the clustering
abruptly shifted to sea surface temperature (SST) anomalies, exhibiting a pattern of initial
intensification followed by decline, potentially reflecting a phase change in the region’s
land–ocean–atmosphere coupling dynamics. Third, in eastern Japan and the Russian Far
East (RFE), enhanced pre-earthquake thermal anomaly clusters appeared in the Northeast
Asia corner during 2011–2015, followed by a rapid decline in 2016–2020.
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Figure 6. Temporal and Spatial Variations of Positive, Negative, and Mixed Thermal Anomalies in
Land and Sea Surface Temperatures. (a) Spatiotemporal dynamic variations of positive, negative,
and mixed thermal anomalies in land (top three rows) and sea (bottom three rows) surface temper-
atures during the two pre-earthquake periods; (b) Spatiotemporal dynamic variations of positive,
negative, and mixed thermal anomalies in land (top three rows) and sea (bottom three rows) surface
temperatures during the two post-earthquake periods.
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Figure 7. Spatiotemporal Clustering of Significant Pre-earthquake AEP Indices in Land and Sea
Surface Temperatures. (a) Ternary phase diagrams of spatiotemporal clustering of significant pre-
earthquake AEP indices in land (LST) and sea (SST) surface temperatures during three time periods;
(b) Spatial distribution of spatiotemporal clustering of significant pre-earthquake AEP indices in
land and sea surface temperatures during three time periods; (c) Spatial distribution changes of
typical regions for spatiotemporal clustering of significant pre-earthquake AEP indices in land and
sea surface temperatures during three time periods.

Additionally, high-frequency SST anomaly clusters were observed during 2005–2010
but did not recur in subsequent periods, suggesting the presence of region-specific processes
at that time. Fourth, in southwestern South America (SWS), AEP clusters in all three
periods were concentrated along the western margin of the Andes subduction zone; during
2005–2010, the cluster extended southward, while the core anomalous area persisted
throughout the study period, consistent with the frequent occurrence of high-magnitude
seismic events in the region.

Post-earthquake comparison (Figures 7 and 8) indicates that the aggregation char-
acteristics of the AEP in four representative regions exhibit pronounced spatiotemporal
differentiation. In the TIB region, post-earthquake responses diverge between east and
west, with the eastern cluster expanding and exhibiting a delayed response, while the
western cluster weakens significantly. In SCA, the pattern shifts from a pre-earthquake
land–ocean-dominated anomaly to a sustained post-earthquake thermal release. The RFE
region displays heterogeneous thermal responses, with some anomalies persisting and
others rapidly decaying. In contrast, the SWS region maintains a highly consistent pre-
and post-earthquake pattern, reflecting the dominant influence of a stable structural back-
ground. These results reveal that the impact of earthquakes on AEP patterns is strongly
region-specific.
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Figure 8. Spatiotemporal Clustering of Significant Post-earthquake AEP Indices in Land and Sea
Surface Temperatures. (a) Ternary phase diagrams of spatiotemporal clustering of significant post-
earthquake AEP indices in land (LST) and sea (SST) surface temperatures during three time periods;
(b) Spatial distribution of spatiotemporal clustering of significant post-earthquake AEP indices in
land and sea surface temperatures during three time periods; (c) Spatial distribution changes of
typical regions for spatiotemporal clustering of significant post-earthquake AEP indices in land and
sea surface temperatures during three time periods.

Based on the improved IPCC AR6 regional division and seismic hotspot classification,
ternary diagram analyses (Figures 7a and 8a) reveal the spatiotemporal evolution of pre-
and post-earthquake AEP distributions for land and sea surfaces. Pre-earthquake LST
AEP clusters are primarily concentrated between 2005 and 2015 and exhibit a significant
negative correlation with earthquake frequency, with high-activity regions corresponding to
lower thermal background uncertainty (SU). Post-earthquake LST clusters shift temporally
to 2011–2020 while maintaining strong coupling with earthquake frequency and SU. In
contrast, pre-earthquake SST AEP clusters are concentrated in 2016–2020, with weak
correlation to seismic activity, and post-earthquake SST distributions are relatively uniform
across three periods, further reducing coupling with earthquakes. These patterns indicate a
clear divergence in spatiotemporal distribution and coupling strength between LST and
SST, reflecting fundamental differences in the thermal response of land and ocean surfaces
to seismic events.

LST anomalies display higher variability and a pronounced temporal shift in dominant
aggregation periods post-earthquake, while SST anomalies remain temporally balanced
with lower variability. These results highlight the differential influence of underlying
surface environments on thermal anomaly clustering and the complexity of pre- and
post-earthquake temperature field dynamics in seismically active regions.
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3.4. Spatiotemporal Coupling Between Regional Aggregation of the AEP and
Earthquake Epicenters

The spatiotemporal clustering of pre-earthquake AEP indices (2005–2020) shows
strong correspondence with the spatial distribution of global M ≥ 7 earthquakes, as illus-
trated in Figure 9. In the Tibetan Plateau, the locations of major earthquakes—including
the 7.6-magnitude event in 2005, the 7.5-magnitude event in 2015, and multiple strong
shocks in 2008—coincide with areas of high thermal anomaly density. In eastern Japan
(EAS), the 9.1-magnitude earthquake in 2011 overlaps spatiotemporally with AEP clusters
during 2011–2015. Similarly, in the offshore Russian Far East (RFE), strong SST AEP clusters
observed from 2005 to 2010 align with frequent high-magnitude events in the same period,
including two M ≥ 7 earthquakes in 2006 and the M8.1 earthquake in 2007, whereas such
events are significantly fewer outside this period.

Figure 9. Spatiotemporal Clustering of Significant Pre-earthquake AEP Indices (2005–2020) and
Spatial Correspondence with Global M ≥ 7 Earthquakes.

Analysis of Figures 7 and 9 further indicates that the offshore islands along Aus-
tralia’s east coast, as part of the Pacific Rim seismic belt, exhibit relatively low AEP values
during 2011–2015, consistent with the few strong earthquakes recorded in this interval
(2006–2009, 2016, 2020). Likewise, regions along Southeast Asia (SEA) and the western Pa-
cific seismic belt show temporal synchrony between AEP indices and strong seismic activity.
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On the western side of the Andes (SWS), high-density AEP clusters persist throughout the
study period, corresponding to annual M ≥ 7 earthquakes, with the 8.8-magnitude 2010
earthquake associated with markedly elevated AEP values. In contrast, in the SCA region
of the Gulf of Mexico, AEP cluster areas remain stable in the first two periods (2005–2010,
2011–2015) but contract during 2016–2020, despite ongoing strong seismic events, suggest-
ing potential phase-dependent differences in regional energy release processes that warrant
further investigation.

In summary, the aggregation characteristics of AEP indices across global regions
(Figure 9) show high-density clusters observed in areas such as SCA and SWS and relatively
sparse distributions in CNA and ECA. This highlights a notable spatial correspondence be-
tween AEP clusters and strong seismic activity across multiple tectonic units, preliminarily
suggesting the potential seismic relevance of thermal anomalies. However, analyses based
solely on spatial overlap are insufficient to statistically establish an intrinsic link or rule out
the possibility of random coincidence.

To ensure the robustness of the findings, this study incorporates non-seismic thermal
anomaly samples (spatiotemporal cubes of AEP alerts, including negative samples in IPCC
regions, the flowchart as shown in Figure S9 in Supplementary File S3) and applies the
significance testing method proposed by Zhang et al. [82] to systematically evaluate the
statistical association between thermal anomalies and seismic activity. The experimental
design divides the study period into three temporal segments (2005–2010, 2010–2015,
2015–2020) to assess the influence of temporal scale, and selects four representative high-
density regions (SCA, SWS, RFE, TIB) and two low-density regions (CNA, ECA) to reveal
the spatiotemporal heterogeneity and dependency of the anomaly–earthquake relationship.
Across all regions, thermal anomalies passed significance tests (p1 ≤ 0.05, p2 ≤ 0.05), with
optimal detection parameters of M = 4, T = 50 days, D = 75 km for CNA, ECA, and TIB,
and M = 4, T = 50 days, D = 100 km for RFE, SCA, and SWS.

As shown in Table 2, the significance test was conducted in two cross-validation steps.
First, the T1 period was used for training and the T2 period for validation to obtain the
initial set of p-values. Then, the T2 period served as the training window and the T3
period as the validation window to generate the second set of p-values. For each of the
three periods, the corresponding significance indicators were computed using the optimal
detection parameters derived from these training procedures.

The association between thermal anomalies and seismic activity exhibits pronounced
spatial heterogeneity and temporal stability. In high-density regions (e.g., SCA and SWS),
the false discovery rate (FDR) remains low (10.5–18.5%), indicating high alert reliabil-
ity, while the false negative rate (FNR) is also low (4.0–17.8%), reflecting effective omis-
sion control. Elevated STCW values (3.7–12.6%) indicate broad alert coverage, and low
loss values (0.10–0.13) confirm overall superior performance. In contrast, low-density
regions (e.g., CNA and ECA) show extremely low FNR (0.0–19.8%) but relatively high
FDR (33.1–61.5%), suggesting frequent false alarms; small STCW values (0.1–1.9%) reflect
overly concentrated alerts, leading to moderate loss values (0.19–0.36).

Specifically, the RFE region exhibits a unique “high-reliability, high-miss” pattern
(FDR 23.1–30.2%, FNR 36.7–63.1%), likely due to complex seismic mechanisms or weak
thermal signals. In contrast, the TIB region demonstrates moderate association strength,
potentially influenced by high-altitude background signal-to-noise characteristics. All
cases pass significance testing (Type I alert), confirming the statistical linkage between
algorithm-detected thermal anomalies and earthquakes. However, the association strength
displays clear regional dependency: it is strong and stable in high-density regions
(e.g., SCA and SWS, with minimal temporal fluctuations) and weaker and more variable in
low-density regions (e.g., CNA, where FDR sharply declines in the T2 period).
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Table 2. Significance test index values in typical regions at different times.

Significance Test p1-Value p2-Value FDR FNR STCW Loss

CNA-T1 4.8 × 10−10 2.2 × 10−12 61.5% 10.0% 0.1% 0.36
CNA-T2 5.5 × 10−10 3.0 × 10−11 33.1% 0.0% 0.5% 0.19
CNA-T3 48.1% 0.0% 0.4% 0.28

ECA-T1 7.9 × 10−10 2.5 × 10−8 53.3% 15.7% 1.6% 0.32
ECA-T2 2.8 × 10−10 4.5 × 10−8 51.1% 13.5% 1.9% 0.31
ECA-T3 49.6% 19.8% 1.7% 0.31

TIB-T1 5.5 × 10−6 2.9 × 10−9 48.8% 21.9% 2.2% 0.31
TIB-T2 1.2 × 10−5 3.7 × 10−8 50.9% 40.0% 2.2% 0.37
TIB-T3 46.0% 28.8% 2.2% 0.31

RFE-T1 4.1 × 10−8 3.3 × 10−8 28.2% 36.7% 1.3% 0.27
RFE-T2 2.4 × 10−8 8.2 × 10−6 30.2% 63.1% 1.1% 0.40
RFE-T3 23.1% 60.7% 1.1% 0.37

SCA-T1 1.1 × 10−9 2.2 × 10−9 13.2% 12.9% 4.6% 0.11
SCA-T2 2.3 × 10−9 1.4 × 10−8 10.5% 12.4% 4.5% 0.10
SCA-T3 14.5% 17.8% 3.7% 0.13

SWS-T1 4.3 × 10−4 1.8 × 10−8 18.5% 4.0% 11.8% 0.13
SWS-T2 6.7 × 10−6 4.7 × 10−8 12.8% 9.7% 11.8% 0.12
SWS-T3 12.5% 6.4% 12.6% 0.11

The results indicate a statistically significant overall association between thermal
anomalies and seismic activity; however, spatial heterogeneity emerges as a key charac-
teristic. This association is strong with high predictive performance in tectonically active
regions, whereas it is comparatively weak in stable areas, highlighting the dependence of
thermal anomalies as potential earthquake precursors on region-specific geological context
and activity patterns.

4. Discussion
The results presented in the preceding section have quantified the statistical correla-

tions between thermal anomalies and seismic events, highlighting the marked performance
disparity between tectonically active and stable regions. However, identifying these spa-
tiotemporal patterns represents only the initial step. The observed heterogeneity in the
FDR and STCW metrics suggests that these thermal signals are not merely random sta-
tistical fluctuations but are governed by underlying geodynamic processes. To transition
from phenomenological detection to mechanistic understanding, this section interprets
these statistical findings within the physical frameworks of stress accumulation, crustal
deformation, and thermal diffusion. Consequently, the subsequent discussion is structured
to systematically characterize the dynamic evolution of these thermal signatures, evalu-
ate the methodological robustness of the AEP metric, and elucidate the diverse physical
mechanisms driving the observed regional heterogeneities.

4.1. Dynamic Spatiotemporal Signatures in Seismic Thermal Anomalies Detection and Evolution

Previous research applied the multi-year period equilibrium strategy of Model 2 to
extract thermal anomalies from 220,182 earthquakes globally, achieving high fitting accuracy
(R2 > 0.6) across most regions and enabling adaptive detection of thermal anomalies
worldwide. Despite these strengths, the approach relies on fundamental assumptions,
namely that temperature variations at any surface point follow periodic patterns, including
seasonal cycles, which can be disrupted by sudden heat sources.
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Accordingly, this work introduces, for the first time, a dynamic spatiotemporal adap-
tive estimation approach, establishing four parameters to characterize the spatiotemporal
response of thermal anomalies (R2, SU, TSUR, SCC). By analyzing the spatiotemporal un-
certainty of the local thermal field (SU) and the reconstruction capability of the background
signal (R2), the method captures the complexity of the target region’s background, dynami-
cally removes periodic variations, and defines stable boundary values for reconstructing
the temporal temperature field.

Although established methods such as RST have demonstrated effectiveness in detect-
ing thermal anomalies within specific regions [42,66], the analysis indicates that anomaly
detection is highly dependent on the reconstruction of the background signal. When ap-
plying a “global threshold” in complex tectonic regions, such as the Tibetan Plateau, the
weakened ability to reconstruct the background signal systematically leads to underfitting
(Model 1) or overfitting (Model 3).

Spatiotemporal statistical analysis of positive and negative thermal anomaly sam-
ples associated with earthquakes reveals distinct evolutionary patterns. During the pre-
earthquake stage, mixed positive and negative anomalies dominate (e.g., N and P anomalies
account for 92.0% in the TIB), reflecting competition among multiple heat sources. In the
post-earthquake stage, anomalies shift toward a single dominant polarity, terrestrial areas
tend to exhibit negative anomalies (post-earthquake negative anomaly probability of 45.3%
in SWS-LST), whereas oceanic regions show bursts of positive anomalies (probability in the
CNA rises from 0.3% to 98.7%). This land–ocean differentiation highlights the substantial
influence of the underlying surface properties on thermal anomaly responses.

Previous studies often present fragmented or even contradictory findings, with some
focusing on positive anomalies [31] and others on negative anomalies [32]. The “mixed-
to-polarized” pattern revealed here helps reconcile these apparent discrepancies in the
literature. Moreover, this transition may reflect the disruption of the critical balance between
heat and cold sources during seismic energy release, offering a novel perspective for the
identification of precursor signals.

The AEP (Equations (10)–(14)) integrates anomaly persistence and pre-earthquake
characteristics to effectively identify significant thermal anomaly events and to exam-
ine their spatiotemporal differentiation in terms of spatial clustering. These signifi-
cant clusters (Figures 7–9) closely correspond to major seismic events, including the
2008 M8.0 earthquake on the Tibetan Plateau (TIB), the 2011 M9.1 earthquake in east-
ern Japan (RFE), and frequent M7+ events along the western Andes (SWS). The AEP
essentially quantifies pre-earthquake heat flux enhancement, with high values consistent
with fault pre-slip heating models in which accelerated stress release generates frictional
heat. The eastward migration of AEP clusters on the Tibetan Plateau, at approximately
100 km per year, may reflect crustal stress propagation pathways, while persistent AEP
clustering along the western Andes may correspond to locked subduction zones. Signifi-
cance testing that includes negative anomaly samples (p1, p2 < 0.05) confirms that these
associations are not random. In tectonically active regions (SCA/SWS), FDR is less than
18.5%, and STCW exceeds 3.7%, whereas in stable regions (CNA/ECA), FDR exceeds 33.1%
and STCW is below 1.9%, indicating that the intensity of thermal anomaly clustering is
likely influenced by the underlying structural background.

In summary, by integrating heat-diffusion-derived diagnostic parameters, annual
energy-balance constraints, and the AEP scoring scheme, this study constructs a physically
constrained framework to capture the dynamic evolution of seismic thermal anomalies.
These stages form a sequential, mutually reinforcing process that establishes a closed-loop
workflow—transitioning from physically grounded signal capture, to background-noise
suppression, and ultimately to the quantitative characterization of thermal anomalies.
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This integrated structure significantly enhances both the robustness and interpretability of
identifying precursor thermal disturbances in complex surface environments.

4.2. Advantages and Limitations of the AEP Metric

A pervasive challenge across data-driven anomaly detection methodologies is that
outputs are frequently manifested as fragmented, discrete temporal markers. The AEP
metric was specifically conceived to address this limitation. By quantifying the persistence
and temporal proximity of thermal disturbances, AEP serves as a discriminator, effectively
segregating genuine tectonic thermal activities from stochastic background noise, such
as extreme weather events or wildfires. The primary merit of AEP lies in its integrative
capacity: it consolidates discrete time-series anomalies into a coherent scalar metric that
reflects both physical consistency and regional discriminative power.

Our results demonstrate that high AEP scores align closely with the fault pre-slip heat-
ing model [83,84], effectively capturing the enhanced heat flux associated with accelerated
stress release. This physical validity is empirically corroborated by significance testing: in
tectonically active zones like the Western Andes (SWS), AEP maintains a False Discovery
Rate (FDR) below 18.5%, a performance significantly superior to that in stable regions
(>33.1%). This marked contrast underscores the robustness of the AEP metric in isolating
authentic tectonic signals against complex geological backgrounds.

Notwithstanding the aforementioned strengths, the AEP metric, as a temporal weight-
ing system, remains susceptible to extreme non-tectonic disturbances. While the upstream
annual energy-balance constraints effectively suppress routine solar and seasonal varia-
tions, the AEP algorithm is mechanistically predisposed to amplify any signal exhibiting
“continuity and density”. Consequently, prolonged meteorological anomalies—such as
multi-week heatwaves or persistent atmospheric blocking—that bypass the initial physical
filters could theoretically result in the spurious inflation of AEP scores. To mitigate this,
future iterations of this framework would benefit from integrating finer-scale atmospheric
dynamic models as secondary filters, thereby further isolating subtle pre-earthquake ther-
mal signatures from extreme weather masking.

Beyond climatological factors, the heterogeneity of tectonic settings necessitates careful
consideration. The manifestation of thermal signals—specifically their distinct weights
in persistence and urgency—is heavily modulated by local geological attributes, such
as fault geometry and geomorphology. A “one-size-fits-all” weighting scheme may not
capture these nuances across diverse terrains. Therefore, future research aims to incorporate
comprehensive geodynamic parameters to enable site-specific calibration of these weighting
factors, thereby enhancing the adaptability of the metric to complex crustal environments.

4.3. Underlying Mechanisms Behind Regional Differentiation
4.3.1. Typical Multi-Sphere Coupling Mechanisms in Thermal Anomaly Evolution

To interpret the spatiotemporal dynamics of thermal anomalies presented in Figures 7
and 8, we employ a multi-sphere interaction framework, specifically the Lithosphere-Ocean-
Atmosphere Coupling, to determine the underlying mechanisms. By analyzing the density
clustering dynamics of Pre-earthquake Thermal Anomalies (AEPs) across three distinct
tectonic environments from 2005 to 2020, we ascribe the observed spatial heterogeneity to
specific geophysical coupling modes.

1. Deep-Ocean Attenuation and Filter Effect (Mid-Atlantic Ridge). Observations indicate
a distinct scarcity of significant AEP clusters despite frequent seismic activity in this
region. This “muted” response is fundamentally governed by the thermodynamic
inertia of the deep ocean. Unlike terrestrial environments, thermal energy gener-
ated by seabed stress—whether via fluid convection or degassing—must traverse a
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massive water column, undergoing significant attenuation due to the high specific
heat capacity of seawater and vigorous circulation. Consequently, this mechanism
functions as a “Dissipative Filter”. Only thermal anomalies of exceptional intensity
and duration can breach this “inertial barrier” to reach the sea surface. This physical
constraint elucidates the unique “High-Reliability, High-Miss Rate” pattern observed
in deep-sea regions (and the chemically similar RFE zone): while the ocean suppresses
weak signals leading to numerous missed detections, any anomaly that successfully
breaches this suppression is highly likely to be of genuine tectonic origin. There-
fore, the lack of physical uniformity between events in this region reflects sporadic
breakthroughs under extreme energy thresholds, highlighting the physical coupling
mechanism between the ocean and the atmosphere.

2. Synergistic and Asymmetric Coupling at Land-Ocean Interfaces (Western Pacific and
Southeast Pacific). The Western Pacific seismic belt exhibits the most intricate thermo-
dynamic regime. Data reveal that during major seismic events, this transition zone is
dominated by a “Superposition Effect,” where thermal anomalies are amplified by the
convergence of direct terrestrial radiative heating and enhanced latent heat flux from
the adjacent ocean. However, this high sensitivity serves as a double-edged sword.
The low thermal inertia of the land side leads to rapid responses to atmospheric per-
turbations, while the ocean side introduces complex fluid dynamics. This interaction
not only results in highly concentrated AEP clusters but also introduces non-tectonic
background noise. The superposition of the land’s high-frequency response and the
ocean’s dynamic variability renders the region prone to including non-seismic thermal
anomalies in detection. This explains why, although the signal intensity is highest
here, its spectral purity is lower than in inland regions. This phenomenon reflects
intensified energy exchange prior to mainshocks, underscoring the physical coupling
mechanisms among the lithosphere, shallow ocean, and atmosphere.
Compared with the synergistic mode of the Western Pacific, the Andean tectonic belt
along the coast of the Southeast Pacific presents an obvious ‘asymmetric interface cou-
pling’ mode. Despite the Andes being located at a similar land–sea boundary, it shows
a persistent high-density AEP accumulation center on the continental side, which
forms a sharp contrast with the relatively weak thermal response of the neighboring
ocean. This difference emphasizes that despite its location at the interface, the huge
stress accumulation of the subduction zone leads to a coupled response, in which the
land component clearly dominates the ocean component. However, this ground signal
is obviously stronger than in pure inland areas (such as the Tibetan Plateau). This
amplification means the ocean might have produced a thermodynamic contribution
through moisture transport. Although the sea surface itself maintains thermal stability,
the continuous transfer of water vapor to the high-altitude Andes helps to enhance
latent heat release on land. While the synergy of subduction zone stress and oceanic
latent heat significantly enhances the land thermal response, this amplification effect
triggers severe signal aliasing and ‘multi-event fusion’ in earthquake-prone areas,
obscuring the identification of clear pre-earthquake thermal anomaly patterns.

3. High-Threshold Lithospheric Coupling and Background Noise (Himalayan Fault
Zone). In the Himalayan region, the mechanism simplifies to a direct lithosphere-
atmosphere interaction, unbuffered by oceanic factors but modulated by extreme
topography and climate. Analysis indicates that the dynamic spatiotemporal uncer-
tainty (SU) of anomaly detection here is significantly higher than in plains or marine
regions. This is primarily attributed to the Tibetan Plateau’s nature as a compres-
sional tectonic belt, where massive stress accumulation is requisite for rock fracture.
Although the absence of industrial noise facilitates the observation of AEP migration,
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the low thermal inertia of the land surface renders it extremely sensitive to solar
radiation and atmospheric disturbances. While this rapid responsiveness allows tec-
tonic thermal signatures to manifest quickly, it inevitably introduces a high-frequency
background noise floor. This thermophysical characteristic rationalizes the observed
medium False Discovery Rate (FDR): the noisy thermal background generated by
complex terrain tends to mask subtle precursor signals. However, during strong
seismic events, as signal intensity far exceeds the background, the spatiotemporal
migration trajectory of AEPs along fault lines remains clearly observable (Figure 10),
validating the transmissibility of “P-hole” activation and gas leakage effects along the
tectonic strike.

Figure 10. Spatiotemporal evolution of significant Pre-earthquake Thermal Anomaly (AEP) density
across two major seismic research zones from 2005 to 2020. The red boxes represent land regions or
land-dominated land-sea interfaces, while the purple boxes represent sea regions or sea-dominated
land-sea interfaces. The red arrows indicate the spatiotemporal dynamic variations of the same
typical locations across different time periods.
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In summary, the phenomenon of AEP diffusion weakening on land and strengthening
in the ocean, observed in both pre- and post-earthquake phases, further corroborates
the coupling of the proposed mechanisms. The distribution characteristics presented in
this study are not data artifacts but physical manifestations of varying thermal inertia
environments: ranging from the ocean acting as a “filter” for signal shielding, to the
signal amplification and aliasing caused by “superposition” at the land–sea interface, and
finally to the rapid response and high background thresholds driven by “low inertia” in
high-altitude terrestrial zones. These findings underscore that the detectability of seismic
thermal anomalies is strictly constrained by the thermodynamic properties of the regional
geophysical environment.

4.3.2. Statistical Dependency on Earthquake Types and Focal Depths

To ensure the statistical robustness of our analysis, this study utilizes a comprehen-
sive global catalog comprising 220,182 seismic events (mag ≥ 4) spanning the past two
decades. The dataset is heavily dominated by three primary magnitude scales: body-
wave magnitude (mb, 183,392 events), moment magnitude (Mw, 26,520 events), and local
magnitude (Ml , 4635 events). Collectively, these categories constitute 97.44% of the total
records, rendering other types (e.g., mc, md; totaling 5365 events) statistically negligible.
Geographically, the seismicity is concentrated within oceanic and coastal transition zones
(165,238 events), with inland continental events comprising 24.95% (54,944 events). Given
this heterogeneous baseline, it is imperative to ascertain whether the detectability of thermal
anomalies exhibits specific biases towards certain seismic characteristics across differing
tectonic settings.

We further disaggregated the proportional distribution of significant pre-earthquake
AEP signals across representative IPCC regions, categorizing them by earthquake type,
magnitude, and focal depth (in Table 3). This analysis uncovers a striking dichotomy
in the dependence of thermal anomalies on seismic attributes, broadly characterizing a
“shallow dominance” in stable continental interiors versus “deep-source anomalies” in
subduction zones.

1. Shallow-source dominance (stable regions): In the majority of regions, thermal anoma-
lies are overwhelmingly associated with shallow earthquakes (<20 km). For in-
stance, in Africa (Land) and the EUROPE (Sea), shallow body-wave magnitude (mb,
mag 4–6) events account for 86.86% and 91.29% of the significant signals, respectively.
Given that mb events constitute the bulk of the global catalog, this high detection
rate in stable regions implies that the thermal precursor mechanism is strictly depth-
constrained, suggesting that energy from deeper sources likely attenuates rapidly
during ascent, failing to induce detectable surface temperature perturbations.

2. Deep-source dominance (subduction zones): Conversely, in subduction-dominated
regions such as South America and the Pacific (Land), this pattern is inverted. De-
spite the global prevalence of shallow seismicity, deeper earthquakes surprisingly
account for the vast majority of detected anomalies—72.75% in South America and
85.21% in the Pacific. This significant deviation from the global baseline suggests
that in convergent plate boundaries, unique geological architectures allow thermal or
material signatures from greater depths to migrate vertically to the surface without
total dissipation.
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Table 3. Statistical distribution of significant pre-earthquake thermal anomalies across representative
IPCC land and sea regions, categorized by earthquake magnitude type (mb, Mw, Ml), magnitude
range, and focal depth.

Mw Mw Mw Mw mb mb Ml Ml
Region (Land

Portion) mag 4–6 mag 4–6 mag ≥ 6 mag ≥ 6 mag 4–6 mag 4–6 mag 4–6 mag 4–6 Other

Low High Low High Low High Low High

AFRICA 6.73% 1.28% 0% 0% 86.86% 1.92% 2.88% 0% 0.32%
ASIA 4.72% 5.29% 0.54% 0.28% 40.99% 47.57% 0.37% 0% 0.25%

CENTRAL-
AMERICA 5.87% 4.95% 0.50% 0.67% 15.18% 34.90% 4.70% 0.17% 33.05%

EUROPE 8.51% 7.45% 0% 0% 29.79% 28.72% 17.02% 2.13% 6.38%
EUROPE-AFRICA 13.64% 2.37% 0.71% 0.24% 58.24% 9.25% 9.49% 1.19% 4.86%

NORTH-AMERICA 37.64% 9.53% 0.81% 0.16% 5.01% 5.49% 33.76% 5.98% 1.62%
OCEANIA 5.95% 3.69% 0.36% 0.36% 15.71% 17.86% 24.40% 11.79% 19.88%
PACIFIC 0% 7.04% 0.70% 2.11% 4.93% 85.21% 0% 0% 0%

SOUTH-AMERICA 0.89% 12.86% 0.10% 1.02% 4.47% 72.75% 0.38% 2.65% 4.87%

Region (Sea Portion)

AFRICA 10.00% 0% 0.19% 0% 88.49% 0.57% 0.19% 0.19% 0.38%
ARCTIC 6.64% 0.41% 0.41% 0% 91.29% 1.24% 0% 0% 0%

ASIA 2.76% 6.62% 0.30% 0.58% 20.11% 69.10% 0.15% 0.02% 0.36%
CENTRAL-
AMERICA 4.75% 3.64% 0.76% 0.31% 27.98% 40.61% 0.90% 0.28% 20.78%

EUROPE 18.37% 0% 2.04% 0% 73.47% 2.04% 4.08% 0% 0%
EUROPE-AFRICA 7.61% 2.68% 0.49% 0.24% 51.52% 25.27% 7.43% 2.13% 2.62%

INDIAN 9.60% 0.88% 0.40% 0.13% 75.26% 13.73% 0% 0% 0%
NORTH-AMERICA 24.74% 12.82% 1.67% 0.64% 24.36% 24.10% 4.62% 6.79% 0.26%

OCEANIA 4.32% 2.31% 0.43% 0.30% 26.81% 33.07% 12.64% 8.94% 11.19%
PACIFIC 4.43% 4.92% 0.69% 0.65% 30.60% 58.15% 0.21% 0.19% 0.17%
POLAR 15.58% 0.36% 0.36% 0% 82.61% 0.36% 0.36% 0% 0.36%

SOUTH-AMERICA 12.35% 9.41% 0.65% 0.69% 22.35% 46.04% 1.78% 4.29% 2.43%
SOUTHERN 9.91% 2.94% 1.45% 0.07% 59.85% 25.77% 0% 0% 0%
ATLANTIC 17.16% 0.27% 1.12% 0% 77.18% 1.02% 0.27% 0.05% 2.94%

Note: In the type row of the table, “low” and “high” are surface source depths, and the boundary is set at 20 km
underground to distinguish between shallow and deep source earthquakes.

4.3.3. Coupling of Seismic Characteristics with Physical Thermal Mechanisms

Synthesizing the observed statistical dependencies with established physical models,
we hypothesize that the detected thermal anomalies are driven by two distinct, region-
specific mechanisms: frictional heating (the shallow/stable regime) and fluid/gas advection
(the deep/subduction regime).

1. Local frictional heating (shallow mechanism): In stable regions like Africa, the dom-
inance of shallow mb events is strongly consistent with the local frictional heating
model [84]. The limited transmission distance allows thermal energy generated by
micro-fracturing and frictional slip within the shallow crust to diffuse effectively to
the surface without total attenuation.

2. Advective transport via fluid/gas migration (deep mechanism): Conversely, the
high incidence of anomalies associated with deep-focus events (>20 km) in South
America implies a transport mechanism significantly more efficient than pure thermal
conduction. We attribute this phenomenon to advective heat transport driven by
fluid and gas migration [85,86]. Subduction zones are inherently rich in volatiles.
Enhanced stress at depth can drive the upwelling of fluids along high-permeability
slab interfaces, acting as a carrier system that transports deep-seated thermal energy
to the surface. This mechanism provides a robust explanation for the detectability of
anomalies in these regions, even when originating from deep-seated sources.
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Fundamentally, the validity of these mechanism differences rests upon the estab-
lished link between seismic activity and the detected thermal anomalies. By employ-
ing a detection framework grounded in interpretable physical processes—rather than
purely black-box statistics—we not only enhance the robustness of this association but
also provide the necessary empirical scaffolding to substantiate these region-specific
geodynamic interpretations.

4.4. Challenges and Future Perspectives

Despite the establishment of an adaptive detection framework, limitations regarding
methodological constraints and regional variability persist. Accurate background signal
reconstruction remains a critical challenge, as detection sensitivity is compromised by
sensor resolution limits, atmospheric interference, and anthropogenic noise. Consequently,
subtle pre-earthquake signals may be obscured. Furthermore, data quality uncertainties
introduce potential biases into AEP calculations. Most critically, the current analysis
remains primarily correlative, necessitating further research to definitively unravel the
underlying causal mechanisms.

However, independent time-series analysis of global seismic thermal anomalies reveals
a critical yet frequently overlooked aspect in the broader research field, extending beyond
the specific scope of our framework. In regions characterized by persistent high-frequency
seismicity (e.g., the western Andes, SWS), the spatiotemporal temperature field cubes
constructed for two distinct seismic events occurring within a short interval may exhibit
significant overlap. This “superposition state” of thermal fields potentially compromises
the assumption of regional energy balance (as evidenced by the low R2 regions in Figure 3a).
Consequently, in such complex tectonic settings, it is essential to conduct a preliminary
assessment of the framework’s background residual separation capability using R2 prior to
proceeding with anomaly extraction and spatiotemporal dynamic analysis.

To advance research toward causal inference, future work should prioritize three key
directions. First, the four-parameter system (R2, SU, TSUR, SCC) should be transformed
from static calibration tools into dynamic tracking indicators, capturing temporal evo-
lution to enhance precursor sensitivity. Second, underlying physical mechanisms must
be elucidated by simulating the polarity transitions of anomalies and employing cross-
validation with non-homologous datasets. Finally, prospective validation should be imple-
mented under multi-physical field constraints—including region-specific parameterization
(e.g., α)—and verified through pilot experiments in zones like Sichuan–Yunnan. These
efforts aim to elevate thermal anomalies from “auxiliary evidence” to “reliable precursors”.

5. Conclusions
To comprehensively assess the spatiotemporal evolution of global seismic thermal

anomalies and their response to known seismic activity, an adaptive detection framework
rooted in annual energy balance and geospatial constraints is established. By applying
four core diagnostic parameters to 220,182 seismic events spanning 2005–2020, the regional
adaptability of the detection model was quantified. The results demonstrate that the pro-
posed approach effectively captures the spatiotemporal heterogeneity of thermal anomalies,
achieving robust background reconstruction on a global scale (R2 > 0.6).

Distinct evolutionary patterns characterize the polarity of thermal anomalies, shifting
from pre-earthquake mixed anomalies to post-earthquake single-polarity dominance, ac-
companied by pronounced land–ocean differentiation. For instance, post-earthquake sea
surface temperature (SST) anomalies increase sharply from 0.3% to 98.7% in coastal regions,
whereas land surface temperature (LST) tends to exhibit negative anomalies. Additionally,
the introduced Anomaly Emphasis Proximity (AEP) index effectively identifies significant
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thermal clusters whose spatial aggregation closely corresponds to major seismic events
(e.g., the 2008 Mw 8.0 Tibetan earthquake and the 2011 Mw 9.1 East Japan earthquake).
Statistical significance tests incorporating negative samples (p1, p2 ≤ 0.05) confirm robust
thermal–seismic correlations, particularly in tectonically active regions such as SCA and
SWS, which exhibit high reliability (FDR < 18.5%) and broad coverage (STCW > 3.7%).
In contrast, relatively weak associations in stable zones (e.g., CNA and ECA) highlight
the inherent spatial heterogeneity of these responses. Overall, these findings advances
the understanding of the spatiotemporal characteristics and clustering phenomena of
seismic-related thermal anomalies, providing new insights into the mechanisms underlying
seismogenic processes and geodynamic perturbations.
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IPCC Intergovernmental Panel on Climate Change
N and P Negative and Positive anomalies
TIB Tibetan-Plateau
SWS S.W.South-America
SCA S.Central-America
RFE Russian-Far-East
CNA C.North-America
ECA E.C.Asia
SEA S.E.Asia
EPO Equatorial. Pacific-Ocean
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