remote sensing

Article

A Bayesian Approach for Forecasting the Probability

of Large

Earthquakes Using Thermal Anomalies from Satellite Observations

Zhonghu Jiao *

check for
updates

Citation: Jiao, Z.; Shan, X. A Bayesian
Approach for Forecasting the
Probability of Large Earthquakes
Using Thermal Anomalies from
Satellite Observations. Remote Sens.
2024, 16, 1542. https:/ /doi.org/
10.3390/1s16091542

Academic Editors: Fumio Yamazaki,
Wenliang Jiang, Dong Li, Erick Mas
and Zhongtai He

Received: 8 March 2024
Revised: 17 April 2024
Accepted: 17 April 2024
Published: 26 April 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Xinjian Shan

State Key Laboratory of Earthquake Dynamics, Institute of Geology, China Earthquake Administration,
Beijing 100029, China; xjshan@ies.ac.cn
* Correspondence: jzh@ies.ac.cn; Tel.: +86-010-6200-9661

Abstract: Studies have demonstrated the potential of satellite thermal infrared observations to de-
tect anomalous signals preceding large earthquakes. However, the lack of well-defined precursory
characteristics and inherent complexity and stochasticity of the seismicity continue to impede ro-
bust earthquake forecasts. This study investigates the potential of pre-seismic thermal anomalies,
derived from five satellite-based geophysical parameters, i.e., skin temperature, air temperature, total
integrated column water vapor burden, outgoing longwave radiation (OLR), and clear-sky OLR, as
valuable indicators for global earthquake forecasts. We employed a spatially self-adaptive multipara-
metric anomaly identification scheme to refine these anomalies, and then estimated the posterior
probability of an earthquake occurrence given observed anomalies within a Bayesian framework.
Our findings reveal a promising link between thermal signatures and global seismicity, with elevated
forecast probabilities exceeding 0.1 and significant probability gains in some strong earthquake-prone
regions. A time series analysis indicates probability stabilization after approximately six years. While
no single parameter consistently dominates, each contributes precursory information, suggesting a
promising avenue for a multi-parametric approach. Furthermore, novel anomaly indices incorpo-
rating probabilistic information significantly reduce false alarms and improve anomaly recognition.
Despite remaining challenges in developing dynamic short-term probabilities, rigorously testing
detection algorithms, and improving ensemble forecast strategies, this study provides compelling
evidence for the potential of thermal anomalies to play a key role in global earthquake forecasts. The
ability to reliably estimate earthquake forecast probabilities, given the ever-present threat of destruc-
tive earthquakes, holds considerable societal and ecological importance for mitigating earthquake
risk and improving preparedness strategies.

Keywords: earthquake forecast; Bayes’ theorem; thermal anomaly; probabilistic forecast; thermal
infrared remote sensing

1. Introduction

While deterministic earthquake prediction remains in its nascent stages and its fore-
seeable success is uncertain [1,2], increasing efforts are focused on developing reliable
earthquake forecasts to facilitate community preparedness and potentially mitigate damage
and casualties. The probabilistic forecast of large earthquakes, following the recognition of
pre-earthquake anomalies, is a crucial step in advancing the implementation of operational
earthquake forecasting (OEF) systems. Seismicity data serve as the primary driver for OEF
systems, enabling timely forecasts that can help mitigate earthquake risk during earthquake
sequences [3]. However, integrating thermal anomalies detected by satellite measurements
into OEF systems remains challenging, despite their potential to signal the occurrence of
strong earthquakes.

Pre-seismic thermal anomalies have emerged as potential seismic precursors for up-
coming strong earthquakes [4,5]. Decades of research spanning various earthquakes and
geographic regions have investigated diverse anomalous phenomena using geophysical
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and geochemical parameters, such as outgoing longwave radiation (OLR), skin and air
temperature, and atmospheric water vapor, suggesting their possible connection to seis-
mic activity [6-9]. While researchers have reported encouraging findings regarding the
detection of anomalous signals from space potentially correlated with strong earthquakes,
these results remain subject to debate and criticism [1,10,11]. A critical challenge lies in
the lack of universally identifiable and diagnostic pre-seismic anomaly characteristics or
a “fingerprint” that reliably predicts large earthquakes [12,13]. This limitation, further
supported by studies on the statistical correlation between pre-seismic anomalies and
earthquakes [14-16], hinders the integration of these anomalies into OEF systems due to
high false-alarm rates from the prevalence of spatially and temporally scattered anomalous
fluctuations [17]. While statistically robust pre-seismic anomaly detection will remain a
significant challenge in the near future, the immediate need for earthquake forecast support
to mitigate the economic and human toll of strong earthquakes underscores the urgency of
exploring alternative avenues.

Given the limitations of pre-seismic anomaly identification, coupled with a growing
consensus towards probabilistic earthquake forecasts [17,18], estimating the conditional
probability of earthquakes upon detected thermal anomalies appears to be a more promis-
ing approach. This probabilistic framework can inherently account for the uncertainties
associated with the non-uniqueness of current anomaly recognitions. Existing probabilistic
forecast methods often utilize geodetic and seismological data. Jackson and Kagan [19]
employed the rate-density function solely from earthquake catalogs. Petersen, et al. [20]
built a time-independent probability model assuming a Poisson distribution for earthquake
occurrences. By leveraging earthquake catalogs, a Poisson probability was calculated,
successfully revealing an 82% likelihood of a 7.7 Mw earthquake in the Colima region char-
acterized by a low b-value [21]. Shen, et al. [18] proposed a probabilistic forecast approach
using a tapered Gutenberg—Richter magnitude distribution, based on the crustal strain rate,
for the intermediate-term periods between large earthquakes. Notably, the Third Uniform
California Earthquake Rupture Forecast (UCERF3) exemplifies a successful implementation
of a probabilistic forecast by synthesizing seismic, geologic, and geodetic data [22]. The
integration of thermal anomalies has the potential to further enhance short-term forecast-
ing capabilities. Fidani [17] and Fidani, et al. [23] proposed an approach to estimate the
conditional probability of an earthquake occurrence for a short-term forecast based on
the relationship between covariance and cross-correlation, applied to CO, and electron
burst anomalies. However, such methods remain reliant on certain modeling assump-
tions and have not yet fully demonstrated their predictive power for earthquake forecast
probability (Pgg) at a global scale. Current probabilistic forecast methods predominantly
leverage regional geologic, geodetic, and seismological data, typically employing empirical
statistical models. However, these models possess inherent constraints in comprehensively
capturing the intricate physical mechanisms underlying earthquake occurrences. Unlike
deterministic models that presuppose a direct causal link between observed anomalies
and imminent seismic events, the Bayesian framework presents a promising approach for
augmenting earthquake forecasting proficiency. By facilitating the assimilation of prior
knowledge and iterative refinement of probability assessments with the incorporation of
new data, Bayesian methods offer a pathway towards improved forecasting accuracy.

Driven by its strengths in probabilistic inference, Bayesian probability theory is gaining
considerable traction in earthquake science for tackling complex models. By synergisti-
cally integrating historical seismic data, geological information, and real-time monitoring
data, Bayesian models refine earthquake probability estimates and illuminate the intricate
interplay between stress accumulation, fault geometry, and seismic release [24]. Notably,
the Bayesian approach has been applied in various contexts within earthquake forecasts.
Marzocchi, et al. [25] utilized it for the model comparison of earthquake forecast approaches
based on Bayes factors. Darzi, et al. [26] employed a Bayesian spatiotemporal Epidemic-
Type Aftershock Sequence (ETAS) clustering model to forecast aftershocks following the
2008 Mw6.3 Olfus earthquake in Iceland. Dong, et al. [27] leveraged the Bayesian predictive
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distribution to account for parameter uncertainties in both the ETAS model and modified
Omori law models, ultimately comparing their forecast skills. Particularly, the studies
support the superiority of Bayesian probability theory over null hypothesis testing in
estimating the conditional probability of earthquake occurrences [10,25]. Null hypothesis
testing is a statistical technique utilized to assess the validity of a hypothesis Hy by contrast-
ing it with an alternative hypothesis H;. Hy denotes the absence of an effect, relationship, or
group disparity, while H; suggests their presence. Researchers analyze data to determine if
observed results exhibit statistical significance or could have occurred by chance, assuming
Hpj is true. This involves calculating a test statistic and determining the probability of
obtaining extreme results given Hy. If this probability, the p-value, falls below a prede-
termined threshold, typically 0.05, Hy is rejected in favor of Hj. It is clear that Bayesian
inference plays a critical role in deciphering the intricate dynamics of fault systems and
predicting seismic events, empowering us to deliver more reliable earthquake forecasts
and formulate effective mitigation strategies. In this context, satellite data present a wealth
of observational data for past seismic cases, enabling robust statistical analyses aimed at
characterizing the Prg of thermal anomalies. Such analyses are particularly valuable for
comparing the performance of multiple forecast models and advancing the development
of OEF systems.

This study utilizes five geophysical parameters retrieved from the Atmospheric In-
frared Sounder (AIRS) product to estimate the posterior probability of an earthquake oc-
currence (also known as Prg) within seismically active regions globally, without requiring
additional hypotheses. Leveraging a self-adaptive multiparametric anomaly identification
scheme, we extract seismic-related anomalies from historical data, serving as the founda-
tion for subsequent probability estimation. A Bayesian framework is then employed to
calculate Prg relying on identified anomalies from each parameter alongside earthquake
data. This research represents a potential pioneering study in utilizing thermal anoma-
lies derived from satellite observations to forecast large earthquakes, with our findings
demonstrating promising preliminary evidence for their significance in indicating upcom-
ing strong seismic events. Furthermore, the estimated Prg can serve as valuable prior
knowledge for subsequent monitoring and a comparative analysis of precursory anomalies.
Derived from historical earthquake catalogs and nearly two decades of remote sensing
data, Ppg represents a long-term average condition regarding earthquake occurrences
and their correlations with triggered anomalous phenomena. They also offer quantitative
indicators, critical for decision making by responsible authorities regarding potential future
earthquakes and enhancing seismic regime prediction capabilities.

2. Study Area and Data
2.1. Global Seismically Active Regions

Unlike randomly distributed phenomena, strong earthquakes exhibit a non-random
spatial distribution, predominantly clustering along major fault systems [28]. While their
timing remains largely stochastic [29], analyzing their spatial patterns can provide valuable
insights into future seismicity. To define seismically active regions for this study (Figure 1),
we utilized an earthquake catalog from the United States Geological Survey (USGS) com-
prising 4719 events with magnitudes > 6 and focal depths < 70 km recorded between 1980
and 2020. A 1° x 1° grid was overlaid on the globe, and the number of earthquakes within
each grid cell was searched based on their latitude and longitude. Grid cells exceeding
a threshold count of 1 were retained as seismically active regions. For a cell containing
more than one earthquake, a 5° x 5° buffer zone (shown in gray in Figure 1) was created
surrounding this central cell, and the same procedure was repeated to identify the most
earthquake-prone areas globally. The most tectonically active regions, with earthquake
counts exceeding 20 within individual 1° x 1° grid cells, are primarily observed along
major plate boundaries and mid-ocean ridges. These areas are characterized by intense
plate movements and increased seismic and volcanic activities [30]. Given the reasonable
assumption that historical seismic activity can inform future seismicity with similar magni-
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tudes within adjacent regions [22], these seismically active areas were chosen as the focus
of our study.

130°

20°N 3005 | 140°E

Figure 1. Global seismically active regions with earthquake counts in 1° x 1° grids. Gray areas
represent 5° x 5° grids surrounding central grids containing multiple earthquakes. The subgraphs
provide zoomed-in views of (A) the Mediterranean region, (B) Mainland China and adjacent regions,
and (C) Southeast Asia.

It is essential to acknowledge that the definition of globally seismically active regions
relies on the prevalence of anomaly phenomena, given the constraints of utilized geophysi-
cal parameters and anomaly detection methods. This often results in a high false-alarm
ratio in earthquake forecasts [31]. Many regions exhibit minimal occurrences of strong
earthquakes based on historical seismic data and regional tectonic settings. Therefore,
anomalies detected in these areas hardly signify impending earthquakes but could be
attributed to other environmental or anthropogenic factors. Excluding such areas from
consideration enhances the efficacy of earthquake forecasts, which is the primary purpose
for such treatment. However, advancements in anomaly detection methods offer hope for
refining the identification of relevant anomalies. A synthetic earthquake method has been
devised to assess anomaly detection under such circumstances [29], indicating a long way
to enhancing our understanding of pre-earthquake anomalies.

2.2. AIRS Dataset

Hyperspectral infrared (HIR) sounders are instruments that observe earth’s atmo-
sphere and surface by capturing infrared radiation emitted by the earth across a wide range
of wavelengths, typically spanning from 3 to 16 ym. By dividing the infrared spectrum
into numerous narrow spectral bands, HIR sounders can provide detailed information
about various atmospheric and surface properties. These properties include atmospheric
temperature, water vapor content, cloud characteristics, trace gases, and other geophysical
parameters. The measurements obtained by these sounders, which operate aboard satellite
platforms, enable scientists to monitor and analyze atmospheric dynamics, climate patterns,
weather phenomena, and environmental changes. Therefore, HIR techniques play a crucial
role in advancing our understanding of earth’s climate system and improving weather fore-
casting capabilities. Currently, there are several operational HIR sounders, including the
High-resolution Infrared Radiation Sounder (HIRS/4), the Infrared Atmospheric Sounding
Interferometer (IASI), and the Cross-track Infrared Sounder (CrIS). In this study, we utilize
data products from the AIRS instrument.
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Launched on 4 May 2002, AIRS aboard the Aqua satellite represents a new generation
of high-resolution infrared sounders. The instrument continuously monitors the earth—
atmosphere system by observing its emitted infrared radiation with 2378 channels across
a spectral range of 3.74-15.4 um. It has a horizontal spatial resolution of 13.5 km at nadir
and achieves twice-daily global coverage [32]. A key advantage of this hyperspectral tech-
nology lies in its ability to simultaneously retrieve multiple geophysical and geochemical
parameters with good accuracy. This study leverages the AIRS/Aqua L3 daily standard
physical retrieval (AIRS3STD) V7.0 product for night-time data to compute pre-seismic
multiparametric anomalies. Offering a spatial resolution of 1° and a temporal resolution of
12 h, this product provides access to five key geophysical parameters: skin temperature (ST;
K), air temperature (AT; K), total integrated column water vapor burden (CWV; kg/m?),
OLR (W/m?), and clear-sky OLR (COLR; W/m?). An example of the AIRS data product is
illustrated in Figure 2, where the white areas indicate missing data.

0° 60°E 120°E 180° 120°wW 60°W

Figure 2. AIRS data products on 31 December 2020, including the geophysical parameters: (a) skin
temperature (ST), (b) air temperature (AT), (c) total integrated column water vapor burden (CWV),
(d) clear-sky outgoing longwave radiation (OLR), and (e) OLR.

3. Methods
3.1. Pre-Seismic Anomaly Recognition

The anomalous fluctuations of the five geophysical parameters are quantified using
the z-score (ZS) normalization method, expressed as

o(ry 1) = puxy) M

ZS(x,y,t) = 5(%,9)

where v(x,y,t) represents the current value of a given parameter at a specific location
(x,y) and time £; p(x,y) and 6(x, y) denote the long-term average and standard deviation,
respectively, of the reference field calculated at the same or similar time intervals over
multiple years at location (x,y). Anomaly detection involves identifying deviations from
the normal or long-term average reference values of specific parameters within a spatial or
temporal domain. These deviations serve as indicators of potential pre-seismic anomalies,
partly triggered by seismogenic processes. The anomalies computed in Equation (1) hold
significance only when 4(x, y) is non-zero. Considering an anomaly occurrence as a normal
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distribution, ZS(x,y, t) with values of 1, 2, and 3 corresponds to probabilities of 68.17%,
99.45%, and 99.73%, respectively. Larger anomalies indicate a higher probability of rare
events. Alternatively, the disparity between v(x,y,t) and u(x,y) of the reference field
indicates the signal, while é(x, y) of the reference field denotes the noise. A higher signal-
to-noise ratio augments the likelihood of anomalies preceding an earthquake.

While the ZS method offers a quantitative measure of deviation from the background,
solely relying on their values is insufficient for associating them with imminent earthquakes.
In response, we developed a spatially self-adaptive multiparametric anomaly identification
scheme to optimize anomaly recognition criteria for each pixel within remotely sensed
data [14]. The construction of this scheme involves several key steps. Firstly, night-time data
of multiparameter anomalies within a 7° x 7° sliding window for a single day are extracted
from the specific period, forming a spatiotemporal data cube for the central pixel. Secondly,
the potential values of four parameters are iteratively applied to the data cube, and the
combination yielding the highest Matthew’s correlation coefficient (MCC) value is chosen
as the optimal parameters for that pixel. These parameters include the temporal span for
forecasting impending earthquakes before the current day, the absolute anomaly value of a
pixel, the count of valid anomaly pixels in the neighboring window, and the number of
valid days satisfying the aforementioned conditions within an observation period (e.g., 90
days). Subsequently, the computations are executed for each pixel via the sliding window,
and optimal parameters are gridded to depict their spatial distributions across the entire
domain. This dynamic adjustment process enhances the accuracy of identifying pre-seismic
anomalies, thus improving the overall reliability of earthquake forecasts. Continuously
learning from new seismic events and anomalies, the spatially adaptive approach updates
the anomaly recognition criteria to adapt to evolving seismic patterns, thereby advancing
forecasting capabilities on a global scale. For further details on the implementation of
this scheme, please refer to Jiao, et al. [14]. These criteria serve to refine pre-earthquake
anomalies by filtering the spatiotemporal data cube of ZS-based anomalies.

Earthquake forecasts are typically presented as the expected number of earthquakes
within multidimensional bins, where each bin represents an interval in space, time, and
magnitude [33]. This study focuses on a specific application of this framework within the
context of operational forecast practices. Monthly reporting is customary, with a focus
on stronger earthquakes, prompting the stipulation of a minimized spatial forecasting
range. Hence, we employ a fixed spatial and temporal domain, encompassing a 7° x 7°
window and forecasting earthquakes with magnitudes exceeding 6.0 within the upcoming
30 days. The observation period of satellite data used for forecasts can vary from 30 to
180 days [14], depending on the specific location and optimal parameters determined
through the aforementioned procedures. These empirical values are adjustable as needed,
with their forecasting efficacy warranting further scrutiny.

3.2. Earthquake Forecast Probability Based on Bayesian Theory

Effectively testing anomaly detection methods necessitates an inclusion of posterior
probability that goes beyond the traditional time-location-magnitude framework of earth-
quake predictions [10]. Traditional earthquake prediction resembles binary classification,
addressing the presence or absence of earthquakes under specific conditions. Similar to
weather forecasts, earthquake forecasts provide a probability of occurrences rather than
guaranteeing impending earthquakes, aligning with our limited understanding of earth-
quake precursory mechanisms. This transition enables the integration of more sophisticated
mathematical methodologies to depict complex seismic phenomena, enhancing our ability
to discern pre-earthquake anomalies continually.

For this purpose, the posterior probability of an earthquake occurrence emerges as
a valuable metric, allowing for a statistical analysis based on historical seismic data, and
identifying potential correlations between anomalies and past earthquakes [17]. Bayesian
theory provides a powerful statistical framework for reasoning and decision making under
uncertainty. Its core principle lies in iteratively updating the probability of a hypothesis
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based on new evidence. This enables us to seamlessly integrate prior knowledge with
observed data, culminating in a posterior probability distribution. Notably, it distinguishes
itself from classical frequency-based interpretations by treating probability as a measure of
belief or certainty, thereby facilitating probabilistic statements about unknown parameters.
Consequently, Bayesian statistics contributes to the refinement of probability estimates
for seismic events, empowering more informed decision making for risk mitigation and
preparedness strategies.

Within the Bayesian framework, the posterior probability of earthquake occurrences,
P(EQ|Ano), conditioned on the observed anomalies, can be derived for earthquake forecast
estimation:

P(EQ)P(Ano|EQ)

P(EQ|Ano) = P(Ano)

()

where P(EQ) is the natural probability of earthquake occurrences, also known as the a priori
probability, representing our initial belief before considering the anomalies. P(Ano|EQ)
is the likelihood probability, representing the probability of observing the anomalies if an
earthquake is to occur. P(Ano) is the marginal probability of observing the anomalies,
regardless of whether an earthquake occurs or not. Equation (3) further expands the
marginal term P(Ano) into its constituent components:

P(Ano) = P(Ano|EQ)P(EQ) + P(Ano|EQ)P(EQ), (3)

where P(EQ) = 1 — P(EQ); and P(Ano|EQ) is the conditional probability of anomaly
occurrences without earthquakes. Therefore, estimating P(EQ|Ano) requires determining
three key components: P(EQ), P(Ano|EQ), and P(Ano|EQ). This entails the careful
consideration of both prior knowledge and observed data within the Bayesian framework
for robust earthquake forecasts.

The P(EQ) is derived from a comprehensive historical earthquake catalog provided by the
USGS. This catalog comprises earthquakes with magnitudes > 6.0 and focal depths < 70 km,
recorded between 1900 and 2020. Each earthquake’s location is represented as a point in a
two-dimensional Cartesian coordinate system with the latitude and longitude. The point data
within this catalog are subsequently gridded onto a global grid with a resolution of 1° x 1°
(yielding 180 x 360 pixels) for each day. For a day, we search for earthquakes occurring within
a 7° x 7° neighboring window around a pixel in a 30-day forecast period. If one or more
earthquakes are found within this spatiotemporal window, we consider an earthquake event
to have occurred at that pixel for this day. This procedure is repeated for all pixels on this day,
resulting in a grid containing cells with a value of 1 for earthquakes and 0 for no earthquakes.
By this method, a daily grid is generated from 1900 to 2020. The average of all grids from 1900
to the current day yields the P(EQ) grid for the current day. The resulting value represents the
estimated probability of a seismic event occurring within its designated 7° x 7° spatial window
and 30-day temporal window.

Following the same procedure employed for estimating P(EQ), the P(Ano|EQ) and
P(Ano|EQ) can be concurrently calculated. The anomaly itself is derived from the method-
ology presented in Section 3.1. Specifically, the earthquake catalog comprises 1825 earth-
quakes with magnitudes > 6 and focal depths < 70 km, recorded between 2006 and 2020.
Accordingly, the satellite data from AIRS spanning 2002 to 2020 are used to compute daily
anomalies for the five relevant parameters.

The probability gain (Gg) is defined as the ratio between P(EQ|Ano) and P(EQ),
quantifying the increase in earthquake probability conferred by the observed anomaly [17,34].
A robust earthquake forecast aims to simultaneously maximize the success rate and minimize
false alarms, ultimately maximizing Ggg [10]. In addition, the MCC offers a stringent metric
for evaluating forecast robustness, further supporting the maximization of Ggg [14]. A Ggg
value exceeding 1 indicates that the observed anomaly likely carries precursory information
within the seismogenic phase. Notably, higher Grg values of anomalies for geophysical
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parameters suggest the increased effectiveness of their Prg values in pinpointing impending
large earthquakes.

4. Results
4.1. Global Probability of Earthquake Forecasting

Figure 3 depicts the global Prg on 31 December 2020, based on AIRS OLR anoma-
lies, including three components used in the Bayesian formula for probability calculation.
P(Ano|EQ) remains consistently below 0.25 globally, and yet exhibits higher values along
seismically prone regions (Figure 3a), demonstrating a clear spatial correlation. P(Ano|EQ),
on the other hand, can reach values greater than 0.6, indicating a widespread prevalence
of anomalous fluctuations (Figure 3b) and consequently yielding a significantly elevated
false-alarm ratio for earthquake forecasting. They can serve as the quantitative indicator of
the statistical significance between pre-seismic anomalies and future earthquakes: a higher
P(Ano|EQ) compared to P(Ano|EQ) potentially enhances forecast capacity. Figure 3c
shows P(EQ|Ano), with prominent global seismically active areas displaying values ex-
ceeding 0.01, albeit not surpassing 0.2. Regions such as western China and Southeast Asia
exhibit elevated probabilities, suggesting an increased likelihood of forecasting imminent
strong earthquakes when thermal anomalies occur. These areas align with the distribu-
tion of P(EQ) presented in Figure 3d, where the circum-Pacific and Alpide seismic belts
demonstrate considerably higher values. Consequently, anomalous phenomena are more
likely to appear in these regions, as evidenced by Figure 3a. Crucially, Figure 3e highlights
that recognized anomalies provide predictive information about earthquake preparation
only when the Ggg exceeds 1. This indicates a heightened chance of imminent earthquakes
when anomalies are observed. In fact, Ggg > 1 supports the overall validity of the model’s
predictions [10]. Similar spatial distributions with higher probabilities in earthquake-prone
areas are also observed for ST, AT, CWV, and COLR anomalies (Figures S1-54). However,
subtle variations in these distributions across different parameters emphasize their unique
contributions to the characterization of pre-seismic anomalies.
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Figure 3. Component analysis of earthquake forecast probability for OLR anomaly on 31 December
2020. (a) Probability of OLR anomaly occurrence before earthquakes; (b) probability of OLR anomaly
occurrence without earthquakes; (c) posterior probability of earthquake occurrence given the OLR
anomaly; (d) natural probability of earthquake occurrence; (e) probability gain from OLR anomaly.
Data were log10-transformed to emphasize very low values, except for panel (b).

To further illuminate the spatial variability of calculated probabilities in Figure 3,
we focus on three seismically active regions: Mainland China and its vicinity (Figure 4),
the Mediterranean (Figure 5), and Southeast Asia (Figure 6). As expected, P(Ano|EQ)
consistently exceeds P(Ano|EQ) in Figure 4a,b, corroborating our previous findings of
a higher false-alarm ratio in the study area [31]. However, P(EQ|Ano) exhibits regional
hotspots within the north-south and the Xinjiang Pamir to Tianshan north—south seismic
belts (Figure 4c). Especially, the Taiwan region emerges as a hotspot with P(EQ) values
surpassing 0.15 (Figure 4d). Figure 4e reveals several regions within the high-probability
areas of Figure 4c where Ggg exceeds 1. This signifies that OLR anomalies in these regions
effectively enhance the forecast capacity for imminent strong earthquakes. Similar patterns
emerge in the Mediterranean, where OLR anomalies can offer P(EQ|Ano) values exceeding
0.05, considering a maximum P(EQ) of 0.08 (Figure 5). In Southeast Asia, Figure 6d presents
higher P(EQ) values, reaching up to 0.25, and Figure 6e highlights extensive areas with
Ggq greater than 1. This suggests that OLR anomalies can meaningfully contribute to
earthquake forecasts within these regions, particularly in Indonesia and the Philippines.
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Figure 4. Component analysis of earthquake forecast probability for OLR anomaly on 31 December
2020, focused on Mainland China and adjacent regions. (a) Probability of OLR anomaly occurrence
before earthquakes; (b) probability of OLR anomaly occurrence without earthquakes; (c) posterior
probability of earthquake occurrence given the OLR anomaly; (d) natural probability of earthquake
occurrence; (e) probability gain from OLR anomaly. See Supplementary Figures S5-5S8 for complete
analyses of ST, AT, CWV, and COLR anomalies. Data were log10-transformed to emphasize very low
values, except for panel (b).

(a) P(Ano|EQ)

51°N 51°N
48°N — 48°N
BN L8 ! N [’ Zu‘g 102 45°N 0.8
42°N %_\‘;;\L - 42°N 0.6
39°N | L Voohe B2 39°N 0a
36°N M\iﬂ\\: [ ] -gi%‘i.‘l O’j 10°3 36°N .
33°N — = / 33°N 02

e S
30°N N 30°N

10°E 15°E 20°E 25°E 30°E 35°E 10°E 15°E 20°E 25°E 30°E 35°E

(c) P(EQJAnO) (d) P(EQ)

51°N 51°N
107
48°N - I-I 48°N
45°N /\—v\".\ [; S L Fwoz 45N
42°N -.>=_-\ = S 42°N 10-2
39°N ﬁ . yl "‘ 10‘3 39"N
36°N qu JI §!'-5’§‘a\f\/4 = L1074 36°N
3 | g
33°N a~.\ L qt = ) 33°N
faE

\/"/N "’*’—/ 10°° 1073

30°N N 30°N
10°E 15°E 20°E 25°E 30°E 35°E 10°E 15°E 20°E 25°E 30°E 35°E
(e) Geg

51°N
48°N m

45°N =L'i' u rftzv‘f\ 10°
42°N ‘/SQK m [C | p—

39°N

36°N N ‘qu I :3%‘%:;7 _l\/_? B

& = 5= =g 102
> T
30°N Ny 10-3

10°E 15°E 20°E 25°E 30°E 35°E

Figure 5. Component analysis of earthquake forecast probability for OLR anomaly on 31 December
2020, focused on Mediterranean region. (a) Probability of OLR anomaly occurrence before earth-
quakes; (b) probability of OLR anomaly occurrence without earthquakes; (c) posterior probability
of earthquake occurrence given the OLR anomaly; (d) natural probability of earthquake occurrence;
(e) probability gain from OLR anomaly. See Supplementary Figures S9-512 for complete analyses
of ST, AT, CWV, and COLR anomalies. Data were log10-transformed to emphasize very low values,
except for panel (b).
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Overall, these findings demonstrate a significant benefit in utilizing OLR anomalies
for earthquake forecasts. While a phenomenological occurrence alone does not constitute
definitive proof of precursory behavior, the observed spatial correlation between Prg and
seismically active regions, coupled with the high Ggg values in specific areas, provides
compelling evidence supporting the feasibility and potential of a thermal anomaly for
global earthquake forecasts.

4.2. Probability Gains of Each Parameter

A valid earthquake forecast hypothesis identifies spatiotemporal sub-volumes with
statistically elevated probability of strong earthquakes, demonstrably exceeding baseline
levels. A valid hypothesis, in the context of earthquake forecasts, exhibits Ggg values
consistently exceeding 1. Figure 7 presents the histograms of each parameter for the
entirety of the seismically active regions. The statistical distributions exhibit remarkable
similarity across all parameters. This uniformity implies that each parameter holds promise
for generating valid forecasts within specific regions, notwithstanding the spatial disparities
evident in the distribution of Ggg as illustrated in Figure 3 and Figure S1-54. Consequently,
the collective utilization of these parameters possesses the potential to enhance forecasting
efficacy across diverse geographical contexts.

In particular, the CWV anomaly has the best performance, albeit with a marginal
advantage, with a record of 304 valid pixels, a maximum Ggg of 27.01, and a mean Ggg
of 2.95. This could be explained by the hypothesis that water vapor condensation plays a
crucial role in generating atmospheric thermal anomalies [35], with anomalous CWV fluc-
tuations potentially reflecting this intermediary process. According to the LAIC model [36],
the atmospheric cascade of changes initiates with fluctuations in radon gas concentration.
Radon and its progeny particles ionize the surrounding air, producing both positively and
negatively charged ions. Subsequent chemical interactions between these newly formed
ions and atmospheric water vapor lead to the formation of large hydrated ions, conse-
quently altering relative humidity. In contrast, the AT anomaly exhibits the lowest Ggg of
2.29, with such values indicating a modest risk of large earthquakes [37].
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Figure 6. Component analysis of earthquake forecast probability for OLR anomaly on 31 December
2020, focused on Southeast Asia. (a) Probability of OLR anomaly occurrence before earthquakes;
(b) probability of OLR anomaly occurrence without earthquakes; (¢) posterior probability of earth-
quake occurrence given the OLR anomaly; (d) natural probability of earthquake occurrence; (e) prob-
ability gain from OLR anomaly. See Supplementary Figures S13-516 for complete analyses of ST, AT,
CWYV, and COLR anomalies. Data were log10-transformed to emphasize very low values, except for
panel (b).

These observations collectively demonstrate the potential of thermal anomalies in
earthquake forecasts, irrespective of the specific parameter. Each geophysical parameter
exhibits the capability to surpass a Ggg value of 1 in certain regions of heightened seismic
activity, thus holding promise for achieving OEF in these areas with credible forecast
probabilities. Importantly, the results highlight that while every parameter can contribute
precursory information about upcoming earthquakes, no single parameter emerges as
definitively superior. The multiparametric approach has caught significant attention,
e.g., [6,38], as it is anticipated to enhance earthquake forecasting by assembling a broader
spectrum of information pertaining to seismogenic processes. This study underscores the
potential value of a multiparametric approach for earthquake forecasts in a quantitatively
rigorous manner, combining non-seismological (e.g., land and atmospheric parameters
used in this study) and seismological parameters [39].

To identify the most informative geophysical parameter for the public communication
of earthquake forecasts, we leverage Ggg as a key indicator. A higher Ggg indicates a
heightened probability of imminent earthquakes following the observed anomaly. We
use Ggp to determine the optimal parameter for each pixel within seismically active
regions (Figure 8a). CWV and COLR anomalies occupy larger areas (268 and 251 pixels,
respectively), suggesting their potential efficacy in specific zones, while ST, AT, and OLR
exhibit lower pixel counts that are 160, 240, and 239, respectively. However, no single
parameter demonstrates a clear and consistent advantage across most areas. It should
be noted that CWV anomalies are also the best performance shown in Figure 7. Further
insights emerge from Figure 8b, where most optimal Ggg values fall below 5, with only
3.2% of areas exceeding 10. Ggg can serve as an additional metric for evaluating earthquake
forecast capacity [17]. Ideally, larger areas with high Ggg values (>5-10) should be observed
for the most valuable precursor parameters [2]. These results highlight the value of Ggg
as a communication tool, while the results also highlight the need for further research to
identify parameters with consistently high Ggg over extensive regions.
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Figure 7. Histograms of probability gains >1 for AIRS multiparametric anomalies on 31 December 2020.
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for maximizing earthquake forecast probability. (a) Spatial distribution of each parameter included in

optimal combination. (b) Probability gain achieved using optimal parameter combination.

4.3. Time Scales for Obtaining the Stable Forecast Probability

To generate robust estimates of Prg using five geophysical parameters from the
earthquake catalog and AIRS remote sensing product, sufficient data samples are crucial
for accurate Bayesian updating calculations. Figure 9 presents a time series from the
Taiwan region, exhibiting the number of years required for Pgg to stabilize. Two probability
types, i.e., P(Ano|EQ) and P(Ano|EQ), for each parameter gradually stabilize after 2012,
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indicating a period of approximately 6 years. While ST and COLR anomalies exhibit greater
variations than AT and CWV, P(Ano|EQ) values remain consistently lower and spatially
less variable in the Taiwan region. Figure 10 further details the estimated Prg values for
each parameter within the Taiwan area. AT anomalies contribute the highest Prg, while ST
and COLR exhibit the lowest performance across the time series. It highlights the distinct
regional characteristics of different TIR parameters in earthquake forecasting. Specifically,
within the Taiwan region, AT, COLR, and CWYV are preferred for seismic monitoring due
to their elevated Ppg values. These Prg values represent long-term averages, robustly
indicating the forecast capacity of each parameter. A higher Prg stands for an increased
likelihood of successfully forecasting impending strong earthquakes in this region. Similar
to Figure 9, estimated Pgg values trend towards stability starting around 2012. Collectively,
these findings suggest that a minimum of 6 years is a reasonable threshold for obtaining

robust estimates of Prg.
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Figure 9. Time series of occurrence probability of anomalies before earthquakes P(Ano|EQ) and
occurrence probability of anomalies without earthquakes P(Ano |E) in Taiwan area for (a) ST, (b) AT,
(c) CWYV, (d) COLR, and (e) OLR anomalies derived from AIRS products. Shaded areas indicate one
standard deviation of P(Ano|EQ) or P(Ano|EQ) within a 3 x 3 window.
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Figure 10. Time series of posterior probabilities of earthquake forecast based on each parameter in
the Taiwan area during 2006-2020.



Remote Sens. 2024, 16, 1542

15 of 25

4.4. Prospective Analysis of Earthquakes in 2021 and 2022

As Console [10] emphasizes, the ultimate validation of any earthquake forecast hy-
pothesis lies in its independent evaluation against a new set of observations. Accordingly,
we apply our proposed method to data from 2021 and 2022, entirely separate from the data
used to estimate global Prg in the previous section. Prg serves a dual purpose: demon-
strating the usability of our scheme for decision making in real-world forecasting scenarios
and facilitating the quantitative integration of thermal anomalies with other parameters
in earthquake forecast practice. While the implementation of such integrated forecasts
falls outside the scope of this study, we showcase the feasibility and applicability of our
probability estimation scheme within the context of anomaly recognition.

To this end, we construct two novel anomaly indices incorporating Pgg. The first,
P14, is defined as the probability of an anomaly occurring at a specific location, given the
observed anomaly:

PI; = P(EQ|Ano)-Ano, 4)

where Ano denotes the binary anomaly state derived using the approach described in
Section 3.1. While PI; can vary across the spatial domain, a specific location will always
have a fixed forecast probability. Recognizing this limitation, we introduce a second index,
P15, incorporating the calculated anomaly value:

PI, = P(EQ|Ano)-Ano-Vin,, (5)

where V, is the anomaly value obtained from Equation (1). Thus, PI, can vary spatiotem-
porally.

The anomalies computed using Equation (1) are depicted in Figure 11a. Notably,
extensive positive and negative anomalies (>3 or <—3) are evident across a vast geograph-
ical expanse on a global scale, whereas earthquake occurrences, denoted by black dots,
remain sparse. This suggests an issue for significant false alarms across most regions in
terms of earthquake forecasts. Therefore, the optimal anomaly recognition criteria were
proposed [14], markedly constraining the areas identified as anomalies (Figure 11b). Red
zones within these reduced areas denote potential locations for strong earthquakes (black
dots), and the possible seismogenic regions have been substantially reduced. Moreover,
owing to the incorporation of prior knowledge within these criteria, the red zones consis-
tently align with earthquake-prone regions, thereby enhancing the accuracy of earthquake
forecasts. As presented in Figure 11c,d, Ppg can further refine the spatial distribution of
anomalies into smaller regions with varying magnitudes of anomalies, as described in
Equations (4) and (5). A detailed illustrative example is provided in Figure 12, offering
a temporal perspective. Notably, a strong spatial correlation exists between identified
anomalies and earthquakes exceeding magnitude 5.5, based on the a priori knowledge from
calculated probability to constrain anomalous fluctuations. Significantly fewer regions have
valid PI; and PI, values, and they overlay or are close to upcoming strong earthquakes.
This promising spatial correlation suggests the potential for improved earthquake forecast
accuracy through reduced false-alarm rates.

Table 1. Summary of earthquakes with magnitude > 5.5 within Mainland China (70°-110°E,
20°-50°N) in 2021 and 2022. The magnitude (Mag.) type is Mw, except for EQ17 of Mb.

ID Time (UTC) Latitude (°)  Longitude (°)  Depth (km) Mag.
EQO1 19 Mar. 2021 06:11:27.113 31.9244 92.9147 8 5.7
EQO02 28 Apr. 2021 02:21:26.221 26.7819 92.4586 34 6
EQO03 21 May 2021 18:04:13.557 34.5884 98.2402 10 7.3
EQ04 21 May 2021 13:48:37.268 25.7444 100.0155 9 6.1
EQO05 10 Jul. 2021 02:14:43.154 38.9169 70.5539 12.84 5.7
EQO06 25 Nov. 2021 23:45:41.780 22.8217 93.52 42.72 6.2
EQO07 24 Dec. 2021 13:43:22.983 22.3639 101.6878 10 5.7

EQO08 7 Jan. 2022 17:45:30.751 37.8152 101.2775 13 6.6
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Table 1. Cont.
ID Time (UTC) Latitude (°) Longitude (°)  Depth (km) Mag.
EQO09 23 Jan. 2022 02:21:19.926 38.4613 97.3425 10 5.6
EQ10 25 Mar. 2022 16:21:04.052 38.5196 97.2683 10 5.7
EQ11 1 Jun. 2022 09:00:08.122 30.4155 102.9892 10 59
EQ12 9 Jun. 2022 17:28:37.438 32.3747 101.9033 14.37 59
EQ13 9 Jun. 2022 16:03:26.522 32.3152 101.8363 10.14 5.6
EQ14 21 Jul. 2022 17:07:25.214 21.155 99.8813 5 5.9
EQ15 5 Sep. 2022 04:52:19.634 29.6856 102.2278 12 6.6
EQ16 8 Nov. 2022 20:27:23.418 29.2742 81.1486 18.082 5.7
EQ17 28 Dec. 2022 17:16:36.243 41.8052 79.5408 10 5.6
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Figure 11. Column water vapor (CWV) anomalies and probability indices on 31 December 2021.
(a) CWV anomaly calculated by Equation (1). (b) Binary anomalous regions identified using the
optimal anomaly recognition criteria. (c) Probability index (PI;). (d) Probability index (PI,). Black
dots denote earthquakes with magnitude >5.5 occurring within 30 days after 31 December 2021.

The availability of Pgg is further assessed through the time series of earthquakes ex-
ceeding magnitude 5.5 in Mainland China during 2021 and 2022 (Table 1). We illustrate an
example case in Figure 12. The comparison of the time series of ST anomalies (Figure 12a)
and earthquakes with magnitude > 4.5 (Figure 12e) reveals insufficient information to reli-
ably identify pre-seismic anomalies due to the continuous and irregular fluctuations of ST
anomalies throughout the analysis period. However, the area ratio of identified anomalies
exhibits several peaks in November 2021, March and October 2022, and February 2023
(Figure 12b), suggesting that anomalies occurred in a larger number of areas withina 7 x 7
window during these periods. Notably, the maximum peak value precedes the occurrence
of EQ15 listed in Table 1. Figure 12c demonstrates that more significant anomalous fluctua-
tions commence on 3 February 2022, and reach their peak on 5 September 2022, coinciding
with the date of the major earthquake (EQ15). The disturbance then gradually attenuates,
accompanied by aftershocks. The variations of PI, exhibit similar characteristics to those
of PI;, and the anomalous values induce PI, to generate numerous significant pulses
surrounding the time of EQ15, indicating a substantial spatial perturbation of ST anoma-
lies. These findings highlight the valuable role of the new anomaly indices in effective
anomaly detection.
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Figure 12. Time series of skin temperature (ST) anomalies for earthquake EQ15 (Table 1) from June
2020 to June 2023. (a) ST anomaly calculated by Equation (1). (b) Area ratio of anomalous regions
identified using the optimal anomaly recognition criteria within 7° x 7° window. (¢) Anomaly index
(PIy). (d) Anomaly index (PIy). (e) Earthquakes with magnitude > 4.5. The shaded areas indicate
standard deviation in 7° x 7° window.

Despite Figure 12 showcasing an encouraging example, the Pgg itself implicitly ac-
knowledges the absence of consistent pre-seismic correlation across all seismic events,
considering its very low values. Additional insights are revealed in Table 2, which high-
lights three key observations. (1) Every earthquake exhibits some level of anomalous
behavior across various geophysical parameters. (2) Most earthquakes feature anoma-
lies in at least two different parameters, as exemplified by the AT and COLR anomalies
preceding EQ2. (3) Remarkably, no single parameter consistently dominates within the
listed earthquakes, with valid anomaly counts ranging from 6 to 11 (35.3% to 64.7% of total
events). These observations could be linked with the Lithosphere-Atmosphere-lonosphere
Coupling (LAIC) model, which posits the interaction and energy transfer between diverse
anomalous phenomena within the lithosphere, atmosphere, ionosphere, and magneto-
sphere during the precursory stages of long-term seismic activity [35,40]. The LAIC model
expects and explains the observed lack of a single dominant parameter, emphasizing the
potential presence of statistically significant spatiotemporal correlations across multiple
parameters preceding major earthquakes theoretically [38].
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Table 2. Performance of anomaly indices in identifying earthquakes from Table 1. The values 1 and 0
denote valid and invalid anomalies prior to earthquakes, respectively.

ID ST AT CWV COLR OLR Count
EQO1 1 1 0 1 1 4
EQ02 0 1 0 1 0 2
EQ03 0 1 1 1 1 4
EQ04 0 0 1 0 1 2
EQ05 1 0 1 1 1 4
EQ06 0 1 0 0 0 1
EQ07 0 0 1 0 0 1
EQ08 0 1 1 0 0 2
EQ09 0 0 1 0 0 1
EQ10 0 0 1 0 0 1
EQ11 1 1 0 1 1 4
EQ12 1 1 0 1 1 4
EQI3 1 1 0 0 0 2
EQl4 1 1 0 0 0 2
EQI5 1 1 0 1 0 3
EQ16 0 0 1 1 0 2
EQ17 0 1 1 0 0 2
Count 7 11 9 8 6 41

4.5. A Probabilistic Synthesis of Anomalies for Five Geophysical Parameters

Considering the limitations of individual parameters, a multiparametric approach
emerges as a promising avenue for enhancing earthquake probability estimation. To test
the effectiveness of ensemble forecasts, we implement the capped eigenvalue (CE) method,
which harnesses the strengths of multiple models and/or earthquake precursors through a
weighted mean [41]. While the CE method satisfies desirable properties like dilution and
monotonicity, it falls short of the strong dilution property, leading to weight adjustment
when adding an identical model. Marzocchi, et al. [25] deems such adjustment as often
negligible, even if theoretically undesirable. To quantify the interdependence between
anomaly forecasts, the concept of forecast correlation is introduced, defined as a correlation
matrix derived from Pearson’s correlation coefficients:

€11 €12 - QN
c c ... C

C= | 22 2N ) ©6)
CN1 CN2 e CNN

where N is the number of anomaly parameters and c represents the Pearson’s correlation
coefficients between two types of Pgg (e.g., ST and AT). Applying this calculation to all valid
pixel data within seismically active regions, we obtain the correlation matrix C presented in
Table 3. The correlation coefficients between Prg values of different parameters consistently
range from 0.3 to 0.4, with the highest value reaching 0.415 between Pgg values for ST and
CWYV anomalies. This moderate correlation persists despite the observed spatial variations
in individual anomaly patterns, as illustrated in Figures 3 and S1-54.

To account for the observed forecast correlation, the CE scheme leverages the spectral
decomposition of the correlation matrix C as described by Garthwaite and Mubwan-
darikwa [41]:

C=QAQ", 7)

where A is the diagonal eigenvalue matrix, Q contains the normalized eigenvectors in its
columns, and Q7 is the transpose of Q. Any eigenvalue >1 signifies redundant information
within the model, as the maximum value for each element of C is 1. The CE method ad-
dresses this redundancy by transforming A to A" through eigenvalue capping: any element
in A exceeding 1 is set to 1, while all others remain unchanged. Then, the diagonal elements
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of C* = QA"QT are normalized to sum to one and serve as the weights presented in Table 3.
These weights cluster around 0.2, suggesting an approximately equal contribution from
each of the five anomaly parameters. This observation reinforces the earlier conclusion
that, within our analyzed parameters, no single geophysical parameter exhibits a clear
advantage in predicting future strong earthquakes. The final ensemble probability (P) is
then calculated by multiplying these weights:

N *
P Yis1 Cii'%(EQJANO)/ ®)
Yio1 G

where C; is the ith element in C".

Table 3. Correlation matrix and weights of earthquake forecast probabilities for anomalies derived
from five studied geophysical parameters: skin temperature (ST), air temperature (AT), total inte-
grated column water vapor burden (CWYV), outgoing longwave radiation (OLR), and clear-sky OLR
(COLR). The hyphen denotes the concealment of the repetitive values in the upper triangular matrix.

ST AT CWV COLR OLR

ST 1.000 0.360 0.415 0.385 0.354
AT - 1.000 0.326 0.369 0.372
CWV - - 1.000 0.387 0.349
COLR - - - 1.000 0.363
OLR - - - - 1.000
Weight 0.196 0.204 0.200 0.197 0.203

Figure 13 presents the final ensemble forecast probability map. It closely resembles
the average of global Pro maps derived from each individual parameter (cf. Section 4.1),
suggesting a near-neutral influence of the CE method on the spatial distribution of the
ensemble forecast. However, closer examination reveals Ggg performance degradation
compared to individual parameters. This decline is evident in the reduced number of
valid pixels (93) and the lower mean Ggg value (1.77) of the ensemble forecast, as shown
in Figure 13c and contrasted with Figure 7. These observations raise concerns about the
general effectiveness of the CE method advised by Marzocchi, et al. [25] for achieving
optimal performance in terms of Ggg. Further research is warranted to explore alterna-
tive ensemble strategies that can effectively combine information from diverse thermal
anomalies, potentially even across distinct disciplines [5], to unlock the full potential of
multiparametric earthquake forecasts.

0° 60 120°E 180° 120°W

°E
60°N ig(j;; W?ﬁ??{?w%;%ﬁj le
. J \Is s ol |

o)
\? W e, (]2
p) . vn ik i , - L 10-3 o
0°M u(é S B oL L Jg
S - G T - - e
9 s T All'S
o [ el | i 107 5
30°S : L=/ " LA Gy w
e ' S LE v o = LY
o P, ’l’.v ) e ) . 1 . | 10~
60°s| o R i 3

Figure 13. Cont.



Remote Sens. 2024, 16, 1542 20 of 25
) e Ao
60°N }Sﬁz}f w}zﬂv—r‘?i}__; : .\\\'?‘—\;\ g P
o [ | | 1n0
T'\}:- 2, é 10
30°N %@ E '*'J" " B X B .
OOF\') - i I‘l_ - eq.-'l , ' - >10_1§
30°5| N\ . x,/ﬁv 2 = 9t I~ ] 10~
o - 1 I_|. S éz B L
i Pi? . ' _ = rd
60°s| iy n B 5oal
"""
"“z_i.__,\g.wéﬂ/ 103
0° 60°E 120°E 180° 120°W 60°W
a0 (C) , .
N: 93 Min: 1.00 Max: 5.45 Mean: 1.77 Median: 1.50

=
>S5
(o]
(@]

0 2 4 6 8 10
Probability gain
Figure 13. Ensemble earthquake forecast probabilities and gains on 31 December 2020. (a) Ensemble

forecast probability using capped eigenvalue method. (b) Probability gains from ensemble forecast
compared to natural earthquake probability. (c) Histogram of probability gains.

5. Discussion

Historically, OEF methods have been hampered by significant limitations in both the
accuracy of their estimated probabilities that are often unrealistically low, and their general
applicability that is biased towards earthquakes with foreshocks [42]. In contrast, our ap-
proach, drawing on the Bayesian formula and historical data, enables the direct calculation
of the Prg without additional assumptions, representing a potential advancement over
existing methods [23,33], which, for instance, rely on factors such as earthquake cluster-
ing, potential foreshock sequences, the relation between covariance and cross-correlation,
or fault geometry models. Significantly, our method can be universally applied across
seismically active regions, extending beyond specific experimental areas such as southern
California [33], and in certain earthquake-prone regions, yields P values better than 0.1.
Typically, probabilities of an earthquake occurrence range from negligibly small values
(e.g., 0.001%) to larger magnitudes (e.g., 5%) [42,43]. Importantly, the application of new
anomaly indices reduces the influence of anomalous fluctuations unrelated to the seismic
preparation phase, despite not explicitly addressing the underlying cause—effect mecha-
nisms. These results pave the way for more effective pre-seismic anomaly recognition and
demonstrate the potential feasibility of earthquake forecasts based on thermal anomalies.

Our map of static global Prg based on anomalies of five geophysical parameters
demonstrates remarkable stability after roughly six years (cf. Section 4.3). This stability
reflects the long-term average influence of each parameter on earthquake probability estima-
tion. The Prg map serves as a valuable guide for evaluating upcoming earthquakes based
on identified anomalies and quantitatively integrating those assessments with other anoma-
lous information from factors such as geomagnetic and seismological observations [5], as
well as ionospheric total electron content [44,45]. While operational earthquake monitoring
and forecasts remain a significant challenge, the crucial step for effective OEF systems lies
in estimating the dynamic Prg map, capturing the short-term responses to impending
earthquakes. Future research will focus on developing such a time-dependent earthquake
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forecast model founded upon sequential Bayesian inference, with explicit modeling of
probability distribution functions for model parameters. This approach will leverage
satellite data and potentially integrate fault information, wherein estimated earthquake
rupture probabilities of fault segments can serve as background information for earthquake
forecasts, employing newly updated thermal anomaly data [34,46].

Our findings underscore the absence of a single dominant precursory parameter,
therefore highlighting the need for further research focused on improving both anomaly
detection methods and recognition criteria. While the ZS method proves to be suitable for
this study, a comprehensive and quantitative evaluation of additional approaches is crucial
to identify potentially superior techniques. Our compiled list of anomaly detection methods,
characterized by their relative simplicity and broad applicability [4], provides a robust
starting point for such a comparative analysis. For instance, the Robust Satellite Technique
(RST) anomaly detection method, considered a variant of the ZS method, introduces
neighbor differences to emphasize spatial variations while maintaining a straightforward
mathematical formulation. It has been extensively used across various seismic events
and satellite data sources [47-50], which represents significant progress in identifying
pre-earthquake anomalous phenomena. As Console [10] observed, systematic testing of
the numerous, often proponent-driven, earthquake prediction methodologies has been
hampered by the lack of both a rigorous quantitative definition of precursory signals and
continuous, high-quality observational data. By implementing a quantitative comparison
framework like the one presented here, we can effectively filter out approaches that fail
to reliably capture anomalous characteristics, thus paving the way for their integration
into OEF systems. Furthermore, the recent success of deep learning techniques in diverse
fields, including earthquake anomaly detection [51], raises promising possibilities for their
application to thermal anomalies in future research.

While a statistical correlation between pre-seismic anomalies and earthquakes suggests a
potential connection, it does not imply direct causation. For instance, the pre-existing coinci-
dence of high background heat flow and seismicity [52] can be one of the factors influencing
the correlation between thermal anomalies and seismicity. While they are not entirely indepen-
dent, differentiating thermo-seismic events is beneficial for thermal-based earthquake forecasts.
A co-kriging approach to separate seismic and thermal signals appears to be promising, thus
mitigating potential adverse effects. Meanwhile, several physical mechanisms have been
proposed to explain the underlying link between thermal anomalies and seismic events [4,53].
Firstly, the earth degassing theory [54] posits that microcrack initiation and the release of
greenhouse gases such as CO, and CHy into the lower atmosphere occur under strengthened
stress conditions around the seismogenic region. Changes in convective heat flux, manifested
as hot water and gas, alter the earth’s surface temperature. Moreover, greenhouse gases
absorb a portion of the earth’s infrared radiation, leading to the accumulation of heat near
the surface. Secondly, the temperature—stress theory [55-57] suggests that during the loading
process, stress transfer—due to the elastic deformation of rock—can be accompanied with
the increment of TIR radiation. Following rock failure, TIR temperatures decrease as vertical
stress diminishes. Thirdly, the p-hole activation theory [58,59] demonstrates that electronic
charge carriers are released when peroxy links break in stressed rocks, and reach the earth’s
surface, ionizing the air at the ground-air interface. The recombination of charge carriers at
the surface results in a spectroscopically distinct, non-TIR emission [58,59]. On top of that,
the LAIC model [35,40] has gained considerable traction and offers a plausible framework for
interpreting the results of this study. However, the LAIC model itself has multiple, and poten-
tially distinct, driving mechanisms, including radon emission [35], peroxy defects [60], and
atmospheric gravity /acoustic wave effects [61]. Additionally, there is the study suggesting
a mixed driving mechanism responsible for generating anomalous phenomena within the
atmosphere and ionosphere [62].

These hypotheses remain largely rooted in laboratory observations and theoretical
conjectures. To solidify and refine these proposed mechanisms, further field experiments
and robust physical modeling are essential. The observations indicate that seismically
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active zones exhibit high thermal radiance [52], and there are discernible temporal thermal
anomalies preceding earthquakes. Such field evidence is critical for validating or constrain-
ing the hypotheses. While unraveling the physical underpinnings of pre-seismic anomalies
constitutes the ultimate goal for achieving physical-based earthquake forecasts, the de-
velopment of statistics-based forecast methods, as presented in this study, can proceed
even without a complete understanding of the underlying mechanisms. The urgency of
earthquake preparedness and the growing potential of data-driven deep learning models
stress the importance of pursuing both statistical and physical avenues for earthquake
forecasts in parallel.

6. Conclusions

This study investigated the potential of pre-seismic thermal anomalies, derived from
five satellite-based geophysical parameters, for global earthquake forecasts. We employed
an optimally tuned, spatially self-adaptive multiparametric anomaly identification scheme
to refine anomalies, and then estimated the posterior probability of earthquake occurrences
given observed anomalies within a Bayesian framework.

Our findings offer a promising path for improving earthquake preparedness and OEF
systems. Thermal anomalies exhibit a statistically significant spatial correlation with seis-
mically active regions, with elevated forecasting probabilities better than 0.1 observed in
areas prone to strong events. While no single parameter consistently dominates, each con-
tributes precursory information, suggesting an encouraging avenue for a multi-parametric
approach. Furthermore, a minimum of six years of observed data is crucial for robust proba-
bility estimation. Applying the estimated probabilities to data from 2021 to 2022 strengthens
the practical potential of the model, showcasing promising correlations between identified
anomalies and earthquakes. However, challenges remain, including exploring alterna-
tive ensemble strategies and establishing comprehensive validation protocols for anomaly
detection methods.

This study provides compelling evidence for the potential of pre-seismic thermal
anomalies as valuable indicators for global earthquake forecasts. With continued research
and collaboration, thermal anomalies can play a vital role in mitigating earthquake risk
and saving lives. By addressing the identified challenges and pursuing both statistical and
physical paths in parallel, we can accelerate the development of robust and reliable OEF
systems, ultimately making the world a safer place.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs16091542 /51, Figure S1: Component analysis of earthquake
forecast probability for the ST anomaly on 31 December 2020. Figure S2: Component analysis of
earthquake forecast probability for the AT anomaly on 31 December 2020. Figure S3: Component
analysis of earthquake forecast probability for the CWV anomaly on 31 December 2020. Figure S4:
Component analysis of earthquake forecast probability for the COLR anomaly on 31 December
2020. Figure S5: Component analysis of earthquake forecast probability for the ST anomaly in
Mainland China and adjacent regions on 31 December 2020. Figure S6: Component analysis of
earthquake forecast probability for the AT anomaly in Mainland China and adjacent regions on 31
December 2020. Figure S7: Component analysis of earthquake forecast probability for the CWV
anomaly in Mainland China and adjacent regions on 31 December 2020. Figure S8: Component
analysis of earthquake forecast probability for the COLR anomaly in Mainland China and adjacent
regions on 31 December 2020. Figure S9: Component analysis of earthquake forecast probability for
the ST anomaly in Mediterranean region on 31 December 2020. Figure 510: Component analysis
of earthquake forecast probability for the AT anomaly in Mediterranean region on 31 December
2020. Figure S11: Component analysis of earthquake forecast probability for the CWV anomaly
in Mediterranean region on 31 December 2020. Figure S12: Component analysis of earthquake
forecast probability for the COLR anomaly in Mediterranean region on 31 December 2020. Figure S13:
Component analysis of earthquake forecast probability for the ST anomaly in Southeast Asian regions
on 31 December 2020. Figure S14: Component analysis of earthquake forecast probability for the
AT anomaly in Southeast Asian regions on 31 December 2020. Figure S15: Component analysis of


https://www.mdpi.com/article/10.3390/rs16091542/s1
https://www.mdpi.com/article/10.3390/rs16091542/s1

Remote Sens. 2024, 16, 1542 23 of 25

earthquake forecast probability for the CWV anomaly in Southeast Asian regions on 31 December
2020. Figure S16: Component analysis of earthquake forecast probability for the COLR anomaly in
Southeast Asian regions on 31 December 2020.
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