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There are growing observational evidences that various geophysical anomalies precede large earthquakes.
However, the reliability of these anomalies for earthquake forecasting is controversial, and therefore more
consistent assessment of forecasting ability is required. A framework for investigating pre-seismic anomaly
detection using essential statistical indicators before global earthquakes is proposed. Surface temperature (ST)
data from the Atmospheric Infrared Sounder (AIRS) sensor were used to realize this framework. First, seismic-
related ST anomalies were identified, and then the statistical characteristics of forecasting ability for three in-
dicators (accuracy, missed detection, and false alarm) were calculated in retrospective and prospective ways. The
ST anomalies displayed some aggregation effects. Negative anomalies mainly concentrated on epicenters and to
the north, while positive anomalies were found on the periphery; neither were strongly dependent on earthquake
magnitude. The temporal evolution of forecasting metrics was relatively stable for the period 2010-2018. Mean
accuracy, missed detection, and false alarm ratios were 6.01%, 1.60%, and 92.39%, respectively. Accuracy and
missed detection ratios showed some spatial correlation and both peaked in the same area (e.g., eastern Japan);
however, most areas showed very high false alarm ratios. Based on our findings, the combination of AIRS ST data
and the Z-score anomaly detection algorithm to predict short-term earthquakes is currently not practical; the
possibility of earthquake forecasting based on satellite thermal infrared measurements remains a huge challenge.
However, our results confirmed the efficiency of this framework for quantitatively evaluating earthquake fore-
casting ability. This approach could be applied to various geophysical parameters and anomaly detection
methods.

anomalies prior to large earthquakes using satellite thermal infrared
(TIR) observations; such anomalies have the potential for earthquake

1. Introduction

In view of growing global development and urbanization, the
establishment of earthquake forecasting systems to mitigate the effects
of earthquakes would be beneficial, especially for countries along tec-
tonic plate boundaries (Bouchon et al., 2013). Although many successful
cases of the prediction of large earthquakes in the intermediate or long
terms have been reported (Ulukavak et al., 2020), reliable and consis-
tent short-term earthquake forecasting remains a challenge (Ahmad
et al., 2019; Sykes, 1996; Uyeda et al., 2009). Satellite remote sensing
techniques potentially offer an effective approach to monitoring pre-
seismic processes along active fault zones. Many retrospective statisti-
cal studies have used global earthquakes to identify statistically signif-
icant linkages between pre-seismic signals and upcoming earthquakes
using a variety of anomaly analytical methods.

Over the last three decades, numerous studies have shown thermal
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forecasting (Ahmad et al., 2019; Bhardwaj et al., 2017; Cicerone et al.,
2009; Jiao et al., 2018; Tronin, 2010). Xiong and Shen (2017) analyzed
the outgoing longwave radiation (OLR) anomalies of 3376 earthquakes
using a statistical method based on the Robust Satellite technique (RST);
the results demonstrate significant correlation with the earthquake
preparation phase. Eleftheriou et al. (2016) used the RST approach and
Robust Estimator of TIR Anomalies (RETIRA) index to identify TIR
anomalies based on M > 4 earthquakes in Greece between 2004 and
2013; significant sequences of TIR anomalies were statistically related to
earthquakes and had a false positive rate of < 7%.

Ulukavak et al. (2020) investigated ionospheric total electron con-
tent (TEC) anomalies based on global Mw > 6 earthquakes from 2000 to
2019 using a 15-days moving median method; they found that numbers
of positive anomalies in each magnitude group exceeded that of negative
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anomalies. They conclude that TEC anomalies can be used for short-term
earthquake prediction. De Santis et al. (2019) proposed a worldwide
statistical correlation algorithm to examine the statistical significance of
pre-seismic electron density and magnetic field anomalies from Swarm
satellites. The significance is measured by 1) the exceeded level of the
maximum quantity compared to a typical random maximum quantity,
and 2) the standard deviation of a quantity far from the simulated ones.
They confirmed earthquake related anomalies between a few days and
80 days before earthquakes; however, only ~ 40% cases showed sig-
nificant anomalies. Liu and Xu (2017) observed significant TEC anom-
alies in 66.1% cases; they found that positive anomalies occur more
often than negative ones, and that most anomalies are located south of
epicenters, which is in contrast with the results of Zhu et al. (2016).

Despite the potential of these techniques for earthquake forecasting,
controversy continues within the scientific community (Uyeda et al.,
2009). Many studies have found no evidence to support the usability of
pre-earthquake anomalous phenomena for earthquake prediction.
Thermal anomalies are often deemed to occur over short temporal pe-
riods and within limited zones around epicenters (Pavlidou et al., 2018).
However, the analysis of land surface temperature (LST) anomalies
derived by the RST for earthquakes in Sichuan, China, from 2002 to
2018 indicates that anomalies have little correlation with impending
earthquakes. Based on LST data from geostationary satellite with high
temporal resolution, Pavlidou et al. (2018) inspected 20 large (Mw
greater than 5.5) and shallow (<35 km) land-based earthquakes
worldwide, and found no significant effect of earthquakes on LST
anomalies. Thomas et al. (2017) showed that the TEC anomalies are
statistically non-significant and useless for earthquake prediction. Wang
and Burgmann (2019) deisgned a statistical hypothesis approach to
rigorously evaluate the statistical significance of short-term gravity
gradient anomalies; they found that detected changes in gravity were
not statistically unique on spatial or temporal scales, and were more
likely to represent time-dependent observational errors or signals
related to hydrological, atmospheric, or oceanic processes.

No adequate justification is found for the synchronism or consistency
of various anomalous manifestations, because all kinds of anomalous
perturbations can be related to earthquake activity. Objective and
quantitative assessment of the forecasting ability of these techniques is
urgently needed to support and improve the reliable recognition of
short-term pre-seismic anomalous features (Wang and Burgmann,
2019), which is critical for predicting the time, location, and magnitude
of earthquakes. However, there is currently no consistent and quanti-
tative way to evaluate the forecasting ability of geophysical parameters
or of anomaly detection approaches with a uniform framework.

Previous studies have attempted to test possible statistical signifi-
cance between pre-seismic anomalies in various geophysical parameters
(Wu et al., 2012). However, the starting point of this work was how to
quantify the earthquake forecasting ability of pre-seismic anomaly
detection considering the current difficulties associated with these
techniques. For this, quantitative assessment is required to give the
maximum likelihood of forecasting future large earthquakes. Since
earthquakes are statistical in nature (e.g., the Zipf-Mandelbrot law) (Abe
and Suzuki, 2003; Kawamura et al., 2012; Rundle et al., 1997), we
propose a statistical-based framework to systematically evaluate the
forecasting ability of pre-seismic anomalies. This framework is based on
the statistical significance (i.e., the higher accuracy while lower missed
detection and false alarm ratios) of pre-seismic anomalies from a large
dataset of global earthquakes.

The feasibility of using TIR data in earthquake prediction remains
unclear (Jiao et al., 2018). Significant effort has been devoted to prove
the existence of pre-earthquake thermal anomalies through different
methods. The Z-score (ZS) anomaly detection method based on surface
temperature (ST) data from the Atmospheric Infrared Sounder (AIRS)
sensor was used; thus, a secondary objective of this study was to assess
the short-term forecasting capability of ST in combination with the ZS
method.
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2. Data
2.1. Global earthquake catalog

Global earthquake cases were collected from the United States
Geological Survey (USGS) Earthquake Hazards Program. Tectonic
earthquakes occur from the Earth’s surface down to ~ 700 km below the
surface, among which shallow earthquakes (0-70 km) have the most
devastating effects on human beings. In this study, earthquakes with
magnitudes of > 5 and at depths of < 70 km from 2010 to 2018 were
selected for analysis.

Earthquakes usually occur in close temporal and spatial proximity,
and major earthquakes usually precede foreshocks with smaller mag-
nitudes (Jordan et al., 2011). The effects are even more pronounced in
seismically active areas, where earthquakes not only cluster together,
but can occur within days or even hours. Therefore, it is important to
consider the effects of spatially and temporally adjacent earthquakes. As
such, we applied a filter procedure similar to that of Le et al. (2011) and
De Santis et al. (2019). At adjoining positions (<0.5°) and on the same
day, only the earthquake with the largest magnitude was retained to
avoid double counting. Finally, a total of 10,425 globally distributed
events were retained for analysis (Fig. 1a); most are distributed along
major active fault systems in various significantly different seismo-
tectonics zones. Earthquake counts show an exponential decrease with
magnitude from M5 to M9 (Fig. 1b). In terms of hypocenter depth
(Fig. 1c), there are peaks of ~ 4200 and 800 cases at about 6-9 km and
35-38 km, respectively.

Earthquakes are not randomly spatially distributed (Jaumé and
Sykes, 1999), and the generated earthquake dataset reflects global
seismically active zones. From our dataset, earthquake counts within
1°x1° grid-squares reach approximately 80 in the most tectonically
active areas (Fig. 2). For grids containing more than one earthquake, we
marked the 5°x5° grid surrounding the pixel of the epicenter and
repeated the same procedure to identify the most earthquake-prone
regions of the world (gray regions in Fig. 2).

2.2. AIRS ST satellite data

AIRS is an innovative atmospheric sounder in the TIR spectrum
aboard the polar-orbiting Aqua satellite. The AIRS/Aqua L3 daily stan-
dard physical retrieval (AIRS3STD) V006 product contains the standard
retrieval of thermodynamic parameters, such as skin temperature, air
temperature, surface emissivity, and profiles of water vapor (Susskind
et al., 2014). These parameters have a temporal resolution of 12 h, and
are averaged and binned into 1 x 1° grid cells on a global scale.

Nighttime ST in AIRS3STD data were used for anomaly analysis as it
is a comprehensive parameter that measures the surface heat balance.
The ST data represent land and sea surface temperatures and are
considered a sensitive parameter for detecting pre-seismic anomalies
(Jiao et al., 2018). Such anomalies result from the combination of deep
tectonic activity and non-seismic factors such as solar radiation,
topography, landform type, and meteorological factors. In fact, thermal
energy from the deep subsurface only accounts for a small amount.
AIRS3STD data from 2002 to 2018 were obtained, and the parameter
dataset ‘SurfSkinTemp’ was extracted according to the global earth-
quake catalog. For each earthquake, data for 120 days before the
earthquake were stored.

3. Methodology
3.1. Framework to assess earthquake forecasting ability

Despite the high complexity of the crust, earthquake occurrence has
certain statistical characteristics that can be useful for prediction

(Rundle et al., 2003). The key to the success of earthquake prediction is
reliability, which depends on the establishment of a forecasting index
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Fig. 1. Overview of global earthquakes (M > 5) with shallow depths (<70 km) from 2010 to 2018. (a) geospatial distributions of earthquakes; (b) histogram of
seismic magnitude; (c) histogram of seismic depth.
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Fig. 2. Global earthquake counts summed in 1°x1° grid. Gray areas denote surrounding 5°x5° zones around the epicenters.

system composed of the following contents: (1) reliable and complete natural probability. To assess the earthquake forecasting ability of one
observation data; (2) a stable algorithm; (3) quantitative criteria; (4) geophysical parameter or anomaly detection approach, the proposed
operational forecasting rules; and (5) forecast effectiveness exceeding statistical framework consists of six procedures (Fig. 3).
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Fig. 3. Flow diagram of the proposed statistical framework for assessing the capacity of one geophysical parameter or anomaly detection method for predicting

earthquakes. RST, Robust Satellite technique.

1) A geophysical parameter is selected according to its physical
essence, sensitivity to seismogenic processes, retrieval accuracy from
satellite observations, accessibility of data sources, and spatial and
temporal resolutions. Such parameters include surface temperature,
latent heat flux, air temperature, humidity, OLR, and brightness tem-
perature of TIR measurements (Jiao et al., 2018). Appropriate parame-
ters are the basis for recognizing pre-earthquake anomalies.

2) The preprocessing of product data is performed. These essential
steps including geolocation, projection transformation, physical quan-
tity conversion, mosaic, composition, and quality control. The estimated
parameter values have different qualities, and only high-quality pixels
should be retained. This procedure also includes any processing specific
to anomaly analytical methods, like the normalization of neighborhood
pixels (Pavlidou et al., 2018).

3) An anomaly detection method is chosen to calculate pre-seismic
anomalous changes. There are a variety of methods that have been
proposed to detect anomalies for seismic, volcanic, geothermal, and fire
hazards. The chosen approach is one of the focuses for the assessment in
this framework.

4) Criteria to recognize seismic-related anomalies is established.
Anomaly detection methods can only generate anomalous values ac-
cording to their mathematical formula. However, to judge whether these
values are caused by earthquake activity or not requires additional data,
priori knowledge, standards, and quantitative indices.

5) Global earthquake cases over a long time period are filtered based
on their significant impacts. These events are used to calculate the
forecasting ability based on quantitative metrics for a combination of
one geophysical parameter and one anomaly detection method. The
criteria or augments of the anomaly detection approach can be refined to
maximize the correlation capacity in the retrospective procedure.

6) Based on the updated criteria or augments, the new forecasting
ability is calculated in the prospective mode using the same earthquake
cases in step 5. This capacity value is more objective and can be used to

predict future possible large earthquakes and to guide the improvement
of anomaly detection methods and the selection of geophysical
parameters.

3.2. Anomaly detection using the ZS method

Numerous anomaly detection approaches for pre-seismic anomalies
have been proposed (Jiao et al., 2018). In this study, we utilized a widely
used anomaly detection procedure, the Z-score (ZS) method, to identify
potentially significant pre-seismic perturbations (Ouzounov et al.,
2011). Anomalies were calculated by the index through normalization
via a Z-score calculated as follows:

ZS(X,y,t) :V(vavt)_gl(xﬂy)7 (1)

8(x,y

where v(x,y, t) is the current value at position (x,y) and time t, j(x, y)
is the mean of the reference field that is calculated at the same position
in the same or similar time slit of years using multi-year data, and 5(x, y)
is the standard deviation of this reference field. The upper and lower
boundaries of the envelope are expected to be u + k& where k is an index
number described in Section 3.3. Anomalous signals are detected if
observations fall outside of the relevant upper and lower boundaries of
that envelope. Moreover, the difference between the current value and
the mean value of the reference field represents the signal, and the
standard deviation of the reference field is the noise. The higher the
signal-to-noise-ratio (SNR), the greater the possibility of thermal
anomalies prior to an earthquake (Tramutoli et al., 2001).

3.3. Definition of an earthquake-related ST anomaly

The results of anomaly detection are not always connected with an
earthquake. Therefore, criteria should be established to eliminate
irrelevant anomalies to the extent possible (Eleftheriou et al., 2016; Qin
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et al., 2013). Six criteria are proposed to recognize seismic-related ST
anomalies (Table 1): anomaly intensity, count of anomaly occurrence,
anomaly type, statistical period before the earthquake, grid size, and
forecast period after anomalies occurred. These criteria take seismic
parameters (e.g., time, epicenter, and magnitude) into account for
earthquake forecasting.

The anomaly intensity was set to > 2.2 for positive anomalies and <
— 2.2 for negative anomalies which is a slightly stricter threshold than
that of Thomas et al. (2017). In practical application of the ZS method, it
is often assumed that a dataset has a probability distribution that ap-
proximates a normal distribution. Under this assumption, roughly
68.3%, 95.4%, and 99.7% of the values are distributed within 1, 2, and 3
standard deviations (STD) from the mean. Thus, if the index is 1, the
current ST value is within a statistical bound (u £+ ) with a 68.3%
confidence interval. The higher the index, the greater the likelihood of
anomalies occurring prior to an earthquake. Then, the anomaly occur-
rence count is set to > 2 (i.e., an anomaly that happens only once for a
given pixel at any location and time is discarded)

The ZS method can calculate positive and negative anomalies. In
terms of ST, a positive/negative anomaly denotes warming/cooling
compared with the background mean temperature. The statistical period
was set to 30, 60, 90, or 120 days before each earthquake. The spatial
resolution of the AIRS3STD product is 1°; the grid size was set to 3 x 3
and 5 x 5 pixels. The statistical results in the 3° x 3" and 5" x 5° bins
were used to improve the robustness of the statistics. The last criterion
was the forecast period, which was set to 10, 20, or 30 days. When an ST
anomaly exists on the current day, earthquakes within n days after and
within a specific grid size were used as responsive events. The longer the
forecast period, the greater the number of earthquakes included.

3.4. Statistical metrics to represent forecasting ability

Obtaining statistical indices is vital for quantitative earthquake
monitoring and forecasting. Three indictors were used to represent the
forecasting ability: accuracy, missed detection, and false alarm (Mar-
chetti et al., 2020). For accuracy, when an anomaly occurs, the earth-
quake happened in an n x n grid where n is 1, 3 or 5. For missed
detection, no anomaly appears but an earthquake occurred. For a false
alarm, an anomaly occurred but there was no subsequent earthquake in
an n x n grid. They are defined as follows:

Ca
Ry=————, 2
AT G+ Cu+ G 2
Cu
Ry=—> 3
M Cya+Cy+Cr @)
Cr
Rp=— "t 4
i Cyi+Cy+Cr “

where R, is the accuracy ratio, Ry, is the missed detection ratio, Ry is
the false alarm ratio, C, is the accuracy count, Cy, is the missed detection
count, and Cy is the false alarm count. The sum of R4, Ry, and Ry is equal
to 1.

Table 1
Criteria for the recognition of earthquakes related surface temperature (ST)
anomalies derived from ZS method.

No.  Criteria Reference value
1 Anomaly intensity > 2.2 for positive anomaly;
< —2.2 for negative anomaly
2 Count of anomaly occurrence > 2
3 Anomaly type Occurrence of positive or negative anomaly
4 Statistical period 120 days
5 Grid size 5x5
6 Forecast period 10 days

Journal of Asian Earth Sciences 211 (2021) 104710

4. Statistical results
4.1. Retrospective statistics of ST anomalies

The basic assumption of retrospective anomaly analyses is to deter-
mine that an earthquake was preceded by an ST anomalous disturbance.
In this study, retrospective analysis based on global earthquakes was
performed based on the criteria defined in Table 1. Using data from only
the 1 x 1 grid (i.e., 1 pixel of AIRS data) in which an earthquake was
located, from 30 to 120 days before the event, the numbers of positive
only, negative only, and both positive and negative anomalies all
increased; overall 22.85% to 56.99% of 1 x 1 grid contained a positive
anomaly, 39.41% to 77.88% contained a negative anomaly, and 6.86%
to 42.41% contained both negative and positive anomalies (Table 2).

For the 3 x 3 and 5 x 5 grids surrounding the epicenter, a value that
is equal to the count of anomaly occurrence multiplied by the mean
anomaly was first calculated for each pixel. Then, the highest value for
positive anomalies or lowest value for negative anomalies was chosen
for that box. The trend was similar to that seen for the 1 x 1 grid;
however, the larger zones contained higher percentages of pixels with
positive only, negative only, and both positive and negative anomalies
(e.g., negative anomalies increase from 39.41% to 68.95% for the 30-
day period). Negative anomalies occurred more frequently than posi-
tive anomalies, which implies that negative ST anomalies are more
important for earthquake recognition.

Neither positive nor negative anomalies were strongly correlated
with magnitudes (Fig. 4). The mean anomaly count was ~ 2.5 for both
positive and negative anomalies, while the negative anomaly count had
a larger variation. The mean intensity of positive and negative anoma-
lies was ~ 2.3 and — 2.6, although the values for the 3 x 3and 5 x 5
grid for earthquakes of M 8-9.1 were slightly higher and lower than
those for the other cases, respectively. This variation is underrepre-
sented owing to the increased error, which is caused by a decrease in the
earthquake sample size with increasing earthquake magnitude (Thomas
et al., 2017). In summary, the size of grid-box had little impact on the
statistical results. Larger boxes contained more pixels, leading to greater
anomaly count values; however, the 5 x 5 grid did not obviously in-
crease the sample number as compared with the 3 x 3 grid. For the
strongest anomaly intensities, the mean value for the 3 x 3 grid was the
highest observed for positive anomalies, and for negative anomalies
within the M6-7 magnitude range. These results demonstrate that ST
anomalies aggregate around epicenters.

To further analyze the spatial characteristics of ST anomalies,
anomaly counts were calculated within 5 x 5 grid-boxes surrounding
the epicenters; in Fig. 5, the coordinate (0, 0) denotes the pixel of the
epicenters. Overall, negative anomalies mainly concentrate on

Table 2
Percentage of pre-seismic positive and negative anomalies on different days
within 1 x 1, 3 x 3, and 5 x 5 grids surrounding epicenters *

Day Positive anomalies (%) Negative anomalies (%) Both (%)
1 x 1 box

30 22.85 39.41 6.86
60 37.55 58.83 19.42
20 48.35 70.18 31.76
120 56.99 77.88 42.41
3 x 3 box

30 25.94 49.05 9.98
60 47.84 72.93 30.38
90 61.08 81.05 45.95
120 68.40 85.34 55.33
5 x 5 box

30 45.06 68.95 27.24
60 65.15 82.86 50.48
90 72.63 86.05 59.35
120 77.16 87.64 64.98

a. Pixel resolution = 1°
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epicenters and to their north, while positive anomalies are found on the
periphery. More importantly, the positive and negative anomalies are
spatially complementary, analogous to the spatial distribution of iono-
spheric TEC (Zhu et al., 2016). The maximum count of negative anom-
alies is 3224, and that of positive anomalies is 1623 for the 60-day pre-
earthquake periods, respectively. Fig. 5b shows the mean anomaly
magnitudes for each grid corresponding to the anomaly counts (Fig. 5a).
The negative anomalies show the analogical trends for both the count
and mean magnitudes, but the positive anomalies have larger deviation.
The relatively lower positive anomaly magnitudes mainly are in the
south, and larger negative anomaly magnitudes are at the epicenter. The
magnitude values suffixed with two asterisks indicate that the average
anomaly magnitudes are statistically significant different from the value
at the central pixel (p < 0.05) by the statistical t-test. The negative
anomaly magnitude values at the surrounding pixels are very disparate
with epicenter pixel, while only the south grids are significantly
different from the epicenter grid for the positive anomaly magnitudes.
Taken together, the results indicate a high degree of nonrandom coin-
cident spatial distribution of strong earthquake epicenters and related
positive and negative anomalies.

Furthermore, the earthquakes were divided into three classes ac-
cording to their distances to the coastline: land, shore, and ocean events.
The different spatial characteristics of positive and negative ST anomaly
counts are shown in Fig. 6. Because the majority is the shore earth-
quakes, they show the similar features as shown in Fig. 5. For land
earthquakes which have the minimal count, the more negative anomaly
counts dominate the north, while the large positive anomaly counts
approximately locate in the surrounding area. For ocean earthquakes,

the more negative anomaly counts are mainly in the northwest parts,
and the large positive anomaly counts can occur almost any grid. Due to
the 1° spatial resolution of AIRS L3 product, different land covers are
one of the reasons to explain these diversities.

The spatial statistical characteristics of earthquakes were also
analyzed in different latitudinal zones (Fig. 7), and a latitude-dependent
phenomenon can be found, and partly explains the cause of anomaly
count distributions shown in Fig. 6. In the North Frigid Zone and North
Temperate Zone, the large negative anomaly counts dominate the north
and northeast, and the large positive anomaly counts most occurr in the
northeast. The similar phenomenon can be found in the Torrid Zone for
the negative anomaly, however more positive anomaly count was in the
south because more earthquakes happened in the North Hemisphere
contributes to this distribution. In the South Temperate Zone, the larger
negative anomaly counts turn to the southeast, and the east grids have
more positive anomaly counts. The spatial patters for both positive and
negative anomaly counts are symmetrical in the North and South
Temperate Zones. The same characteristic is also presented in the North
and South Frigid Zones. However, only few earthquakes happened in the
South Frigid Zone, therefore the statistics is not stable.

The impact of season factor on the positive and negative anomaly
count was also considered, and shown in Fig. 8. There is no significant
seasonal difference compared with the latitudinal effect (Fig. 7).
Different seasons have similar spatial characteristics as the overall re-
sults presented in Fig. 5. The large negative anomaly counts are mainly
located in the epicenter and its north, while the large positive anomaly
count embrace the epicenter. Moreover, we divided the observation
time with an interval of 30 days, and analyzed the differences between
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Fig. 5. (a) Positive and negative anomaly counts and (b) mean anomaly magnitude within 5 x 5 grid in 60-day pre-seismic periods. Two asterisks indicate that the
average anomaly magnitudes are statistically significant different from the value at the central pixel (p < 0.05). The spatial resolution of the pixel is 1°.

different temporal spans. Again, the temporal factor cannot impose large
influence on the spatial distribution of anomaly counts, and the anomaly
count is relatively even for each span (Fig. 9). From above analysis, it is
concluded that the spatial position is the more important factor than the
temporal changes to impact the spatial characteristics of pre-earthquake
anomaly counts.

4.2. Sensitivity analysis of recognition criteria

A prospective forecasting scenario using earthquakes in 2018 was
established to inspect the forecasting ability of ST anomalies based on
three indices: accuracy, missed detection, and false alarm ratios. A set of
parameters (Table 1) was used as the baseline to recognize ST anomalies
as earthquake-related ST anomalies (ASTA), and only one parameter one
time was changed to show its impact on the anomaly indicators. The
default values of these parameters were chosen according to dozens of
experiments in current work. An anomaly within a grid was recognized
when more than half of the pixels in that grid were anomalous (e.g.,
more than 12 pixels in a 5 x 5 grid). The interactive effects of spatially
and temporally adjacent earthquakes was considered; when an

earthquake happened on a given day, the ST anomalies within 5 x 5
pixels around the epicenter for n days before this day (where n is the
value of the period in Table 1; e.g., 120 days) were deemed invalid in
order to eliminate the influence of an earthquake event.

Parameters with customized values were compared objectively to
explore the best possible solution. Table 3 shows the results for criteria
parameters with different values. Case 2 (anomalous value > 2)
increased accuracy ratio and decreased missed detection ratio; however,
the false alarm ratio rose significantly compared with the baseline (Case
1); Case 4 (count of anomaly occurrence > 1) had analogous changes. In
Case 5 (count of anomaly occurrence > 3), missed detection ratio
increased by 143.36%. In Case 8 (both positive and negative anomalies),
missed detection ratio increased by 326.15%, whereas accuracy and
false alarm ratios were improved compared with cases 6 and 7. As the
statistical period was increased, accuracy ratio declined rapidly, while
missed detection ratio increased from 54.58% to 305.16%. Contrary to
our expectations, the false alarm ratio gradually fell. In Case 12 (grid
size: 3 x 3), the accuracy ratio fell, while missed detection and false
alarm ratios increased; compared with the 5 x 5 grid, this gave a poorer
result. Increasing the forecast time from 10 to 30 days significantly
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Fig. 6. Positive and negative anomaly counts within 5 x 5 grids within 60-day pre-seismic periods for land, shore, and ocean earthquakes (EQs).

increased the accuracy ratio, while missed detection ratio rapidly
increased and false alarm ratio showed only minor changes. The results
confirm that different parameters have important effects on forecasting
ability; however, no single parameter dominates. Simultaneously
increasing accuracy ratio while decreasing missed detection and false
alarm ratios remains a challenge.

4.3. Prospective statistics in seismically active regions

The purpose of prospective statistics is to verify the forecasting
ability of current techniques for future earthquakes. The above analyses
provide insights into the criteria of recognition of ASTA using six pa-
rameters. Therefore, the parameters in Table 1 were utilized based on all
of the global earthquakes from 2010 to 2018 to explore the spa-
tial-temporal evolution of three indicators (accuracy, missed detection,
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Fig. 7. Positive and negative anomaly counts within 5 x 5 grid within 60-day pre-seismic periods for earthquakes (EQs) in the five latitudinal zones, including (a)

North Frigid Zone (NF, 90°N — 66.56°N), (b) North Temperate Zone (NT, 66.56°N

(ST, 23.44°S — 66.56°S), and (e) South Frigid Zone (SF, 66.56°S — 90°S).

and false alarm ratios) in 5 x 5 grid. To reduce significant false alarm
count, only global seismically active regions (gray areas in Fig. 2) were
considered. The three indicators showed good stability from 2010 to
2018 (Fig. 10a) with very low standard deviations and smooth trends
after 360-day moving average. The mean accuracy, missed detection,
and false alarm ratios were 6.01%, 1.60%, and 92.39%; standard de-
viations were 1.25%, 0.91%, and 1.70%, respectively.

The spatial characteristics of the forecasting metrics are shown in
Fig. 10. The ranges of the accuracy, missed detection, and false alarm
ratios were 0%—25%, 0%—6.2%, and 68%—100%, respectively.
Spatially, accuracy and missed detection ratios were positively corre-
lated to some extent; they both reached peak values in eastern Japan. As
such, they become higher or lower at the same area. This means that it is
difficult to find some approaches to increase accuracy ratio meanwhile
decrease missed detection ratio. Other areas, like Coral Sea, west coast
of South America, and the South Pacific Ocean, also show higher ac-
curacy and missed detection ratios. However, most areas had high false
alarm ratios (Fig. 10c). Such large uncertainties confirm that at present,
this approach is not suitable for short-term earthquake forecasting
(Uyeda et al., 2009).

— 23.44°), (c) Torrid Zone (TZ, 23.44°N — 23.44°S), (d) South Temperate Zone

5. Discussion

The primary goal of this work was to develop a framework to assess
the forecasting ability of pre-earthquake anomaly detection. The
framework was tested using global ST anomaly data, and the results
confirm that the framework developed is appropriate and reliable. For
successful earthquake prediction, the time, location, and magnitude of
an earthquake must be determined (Jordan et al., 2011). However, we
found that earthquake magnitude had little correlation with ST anomaly
intensity or count. Furthermore, high false alarm ratios decreased the
missed detection and accuracy ratios because ST anomalies can occur
anywhere and spatial patterns constantly change with time as the results
of gravity gradient anomalies (Wang and Burgmann, 2019). Addition-
ally, anomalies in non-seismically active zones cannot be interpreted
properly owing to the complex driving forces, such as topography, land
cover, meteorology, and anthropogenic activities. These issues need to
be addressed in future studies before their application in earthquake
forecasting.

The use of remotely sensed observations to study pre-seismic
anomalies on a global scale is a huge challenge. Processing large vol-
umes of remote sensing data requires significant storage and computing
resources. Therefore, we selected the AIRS’s Daily Level 3 product;
however, this product has gaps between satellite paths and issues with
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Fig. 9. Positive and negative anomaly counts within 5 x 5 grid within (a) 0-30 days, (b) 30-60 days, (c) 60-90 days, and (d) 90-120 days before the earthquakes.

cloud contamination. Such incomplete data limit the spatiotemporal However, regardless of the remotely sensed dataset used, the diffi-
analysis of ST anomalies for the purpose of earthquake prediction. Data culty of earthquake forecasting is mainly due to the complexity of
without these gaps and with high spatiotemporal resolutions are needed earthquake preparation processes (Freund, 2011; Ma et al., 2014).
in future studies. Tectonic activity may be manifested as long-term slow creep or short-
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Table 3
Statistical metrics for different criteria parameters *

Case  Parameter Accuracy Missed False alarm
count detection count
count
1 Baseline 9208 2772 525,014
2 Anomalous value > 10,081 1899 615,609
2 (9.48%) (—31.49%) (17.26%)
3 Anomalous value > 6290 5690 299,052
2.5 (—31.69%) (105.27%) (—43.04%)
4 Count of anomaly 10,605 1375 674,016
occurrence > 1 (15.17%) (—50.40%) (28.38%)
5 Count of anomaly 5234 6746 292,254
occurrence > 3 (—43.16%) (143.36%) (—44.33%)
6 Only positive 2434 9546 211,694
anomalies (—73.57%) (244.37%) (—59.68%)
7 Only negative 7217 4763 (71.83%) 337,882
anomalies (—21.62%) (—35.64%)
8 Both positive and 167 11,813 18,285
negative anomalies (—98.19%) (326.15%) (—96.52%)
9 Statistics period: 90 7695 4285 (54.58%) 408,244
days (—16.43%) (—22.24%)
10 Statistics period: 60 3792 8188 235,549
days (—58.82%) (195.38%) (—55.13%)
11 Statistics period: 30 749 11,231 71,897
days (—91.87%) (305.16%) (—86.31%)
12 Grid size: 3x 3 8915 3065 (10.57%) 1,326,303
(—3.18%) (152.62%)
13 Forecast: 20 days 16,498 6120 523,642
(79.17%) (120.78%) (—0.26%)
14 Forecast: 30 days 23,110 9817 522,322
(150.98%) (254.15%) (—0.51%)

a. Values in brackets are the percentage difference relative to the baseline (Case

1).

term sudden displacement. This tectonic activity is accompanied by the
movement of matter and energy, which inevitably changes the state of
thermal radiation at the surface (Chen et al., 2015). There are significant
thermal anomalies in the areas where earthquakes occur, but there are
also thermal anomalies in areas where there are no earthquakes. Even
along faults and at fault intersections there are areas without earth-
quakes; however, these areas play a role in the occurrence and
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development of earthquakes. Earthquake genesis accompanied by a
thermal migration process (that is, an energy migration process); how-
ever, the energy released by the final earthquake is spatially
concentrated.

To recognize subtle anomalous signals more reliably, the integration
of more parameters related to different forms of energy release under-
ground is needed. Since the Earth’s atmospheric and ionospheric sys-
tems are related, anomalous changes in different geophysical
parameters are not isolated (Marchetti et al., 2019). The development of
multi-parameter methods to recognize anomalous distributions in the
Earth’s system presents a more promising approach than looking for
individual precursors (De Santis et al., 2019). The ingestion of data from
multiple observation sources with reliable algorithms would also
contribute to our understanding of pre-seismic processes. The frame-
work proposed in this study would allow for the assessment of such an
approach in terms of short-term earthquake forecasting.

6. Conclusions

There has been much interest in the scientific community regarding
the use of geophysical anomalies to forecast earthquakes. This study
developed and implemented a statistical framework to assess earth-
quake forecasting ability; this framework is suitable for use with various
geophysical parameters and anomaly detection methods, making
consistent and quantitative assessment feasible.

ST from AIRS data was critically investigated to analyze the statis-
tical characteristics of global moderate-major earthquake from 2010 to
2018. The ST anomalies showed some aggregation effects around epi-
centers; negative anomalies were found to be more important than
positive anomalies in terms of earthquake recognition. However, neither
positive nor negative anomalies significantly correlate with earthquake
magnitude. Further analysis of the spatial characteristics of ST anoma-
lies indicated that negative anomalies mainly concentrate at the
epicenter and to its north; positive anomalies occur on the periphery.
The positive and negative anomalies are spatially complementary. There
is no significant temporal difference compared with the latitudinal effect
for pre-earthquake anomaly counts, therefore the spatial position is a
more important factor than the temporal changes to influence these
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Fig. 10. Statistical characteristics of accuracy, missed detection, and false alarm ratios (as a percentage of the total). (a) Time series of three indicators each day from
2010 to 2018. Spatial distributions of (b) accuracy, and (c) false alarm, and (d) missed detection ratios for 5 x 5 grid in the seismically active regions worldwide.
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spatial characteristics.

Different parameters have varying effects on forecasting ability;
however, no parameter dominates and increasing accuracy ratio while
decreasing missed detection and false alarm ratios remains a challenge.
The temporal evolution of forecasting metrics is stable. The mean values
for accuracy, missed detection, and false alarm ratios were found to be
6.01%, 1.60%, and 92.39%, respectively. To some extent, accuracy and
missed detection ratios are spatially positively correlated; both show
peak values in eastern Japan. Nevertheless, most areas illustrate high
false alarm ratios. Based on our findings, currently, this approach for
forecasting large earthquakes is not practical.

When using satellite TIR remote sensing techniques, new observa-
tions from ground and space need to be integrated into our framework to
improve the statistical significance, repeatability, and universality; this
will be a focus of future research. The results of this study demonstrate
the strengths of the proposed statistical framework. We believe that this
framework will facilitate the application of multiple data sources and
anomaly detection methods to improve current knowledge about pre-
seismic anomalous manifestations, and the potential establishment of
earthquake forecasting systems.
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