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Abstract: A weak tsunami was induced by the 2016 Mw = 7.8 Sumatra earthquake, which occurred at 13 
12:49 on March 2, 2016 (UTC). The epicenter was at 5.060°S, 94.170°E at a depth of 10 km. At 14 
15.02 on March 2 (UTC), the weak tsunami (amplitude: 0.11 m) arrived at the station located at 15 
10.40°S, 105.67°E. The largest first principal eigenvalue derived using the bilateral projection-based 16 
two-dimensional principal component analysis (B2DPCA) indicated a spatial traveling ionospheric 17 
disturbance (TID), which was caused by internal gravity waves (IGWs), at 13:20 on March 2 (UTC). 18 
The largest second principal eigenvalue represented another TID expanding to the southwest. The 19 
two largest principal eigenvalues were associated with the TIDs, which were also determined using 20 
two back-propagation neural network (BPNN) models and two convolutional neural network (CNN) 21 
models, called the BPNN-B2DPCA and CNN-B2DPCA methods, respectively. These two methods 22 
yielded the same results as the B2DPCA. Therefore, the robustness and reliability of the B2DPCA 23 
were validated. 24 
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I. INTRODUCTION 31 
Spatial tsunami-associated ionospheric total electron content (TEC) anomalies caused by internal 32 

gravity waves (IGWs) are called spatial tsunami-associated ionospheric total electron content (TEC) 33 
anomalies. In this study, spatial tsunami-associated ionospheric total electron content (TEC) anomalies are 34 
named using traveling ionospheric disturbances (TIDs). They are explained by the concept of the 35 
tsunami–atmosphere–ionosphere (TAI) coupling mechanism (Hines, 1960; Hines, 1972; Molchanov and 36 
Hayakawa, 1998; Garcia et al., 2005; Shinagawa et al., 2007; Sun et al., 2007; Occhipinti et al., 2008; 37 
Rolland et al., 2010; Liu et al., 2011; Occhipinti et al., 2011; Occhipinti, 2015; Lean et al., 2016; Astafyeva, 38 
2019). The unit of TEC is TECu, and 1 TECu = 1016 e/m2, where “e” and “m” represent electrons and 39 
meters, respectively (Hofmann-Wellenhof et al., 2001). 40 

Contributing the concept of the TAI coupling mechanism, Hines (1960) observed irregularities and 41 
irregular motions in the upper atmosphere and found the first evidence of IGWs. Their propagation effects 42 
included amplification, reflection, intermodulation, and dissipation, which could reach ionospheric heights. 43 
Kherani et al. (2012) examined the Tohoku‐Oki tsunami (March 11, 2011) using the TAI coupling 44 
mechanism concept through acoustic gravity waves (AGWs), IGWs, TEC data, and ground-based 45 
magnetometer measurements to observe the TIDs associated with the tsunami. The TIDs appeared as 46 
dipole-shaped disturbances near the epicenter, with the concentric circular wavefronts moving away 47 
radially from the epicenter with a horizontal velocity of approximately 800 m/s after 12 min. This was 48 
followed by a slow-moving (horizontal velocity ~250 m/s) wave disturbance after 30 min. Therefore, 49 
monitoring TIDs could serve as a real-time early warning of a tsunami. Garcia et al. (2014) described how a 50 
tsunami is coupled with ionospheric disturbances through IGWs. They used the gravity field and 51 
steady-state Ocean Circulation Explorer (GOCE) accelerometer to examine TEC data during the 52 
propagation of the tsunami caused by the Tohoku‐Oki earthquake. Measurements of the air density and the 53 
vertical and horizontal velocities inside the IGWs were consistent with the responses generated by the 54 
tsunami. To estimate the propagation azimuth of the IGWs, researchers developed a new observation tool 55 
focused on the IGWs generated by tsunamis above the open ocean. Coïsson et al. (2015) analyzed the 56 
ionospheric data of radio occultation satellites to detect a tsunami‐driven IGWs for the first time using a 57 
fully space-based ionospheric observation system combining TEC data of the Constellation Observing 58 
System for Meteorology, Ionosphere, and Climate (COSMIC) radio occultation measurements. After the 59 
2011 Tohoku earthquake, the ionosphere was sounded from top to bottom, which provided the vertical 60 
structure of the IGWs excited by the tsunami propagation with the oscillations of the ionospheric TEC. The 61 
vertical wavelength was approximately 50 km, and the maximum amplitude exceeded 1 TECu when the 62 
occultation height reached 200 km. Lin et al. (2015) developed a feasible, efficient, and low-cost tsunami 63 
early warning system in the South China Sea without the deployment of buoys. Lin (2015) used 64 
two-dimensional principal component analysis (2DPCA), which is a type of principal component analysis 65 
(PCA), to detect a TID after Japan’s Tohoku earthquake that occurred at 05:46 on March 11, 2011 (UTC) 66 
(Mw = 9). PCA is a linear method (Yang et al., 2004). Another TID near the epicenter occurred at 05:53. 67 
These TIDs were caused by the propagation of the tsunami. This method could serve as an early warning of 68 
tsunami because the speeds of the TIDs (3960–4950 km/h) were higher than those of the tsunami (720–800 69 
km/h). However, the previous transform allowed for only the first principal eigenvalue to be assigned to the 70 
TIDs. All of the principal eigenvalues should be considered to detect more TIDs. Meng et al. (2015) found 71 
that the IGWs generated by tsunamis propagate upward, inducing TIDs in the ionosphere. They applied the 72 
global ionosphere–thermosphere model (GITM) to tsunami-generated IGWs to construct a 73 
three‐dimensional physical model called wave perturbation–GITM (WP‐GITM). The following tsunami 74 
wave properties were obtained: wave height, wave period, wavelength, and propagation direction. These 75 
were used as inputs for the WP‐GITM. Combined with time‐dependent characterization, the efficacy of this 76 
model was demonstrated through a simulation of the TEC variations near the West Coast of the United 77 
States around the time when they were reached by tsunami triggered by the March 2011 Tohuku 78 

earthquake. The simulated results of the TEC variations were consistent with global positioning system 79 
(GPS) observations. Consequently, in the WP-GITM, TIDs have been used as a signature of a tsunami. 80 

Kamogawa et al. (2016) examined ionospheric plasma disturbances after a large tsunami using TEC 81 
data obtained from a GPS. TEC depressions corresponding to ionospheric holes formed over the tsunami 82 
areas in Japan and Chile. The largest TEC depressions appeared approximately 10–20 min after the 83 
earthquakes. Lean et al. (2016) developed a model that the spatial patterns of the ionospheric TEC response 84 
to solar, seasonal, diurnal, and geomagnetic influences could be determined across the globe using a new 85 
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statistical model constructed from two-hourly TEC observations from 1998 to 2015. The model combined 86 
physical solar photons and geomagnetic activity drivers with solar-modulated sinusoidal parameterizations 87 
of four seasonal cycles and solar- and seasonally modulated parameterizations of three diurnal cycles. 88 
Under this model, northern midlatitudes during winter were consistently under the influence of IGWs. Yu 89 
et al. (2017) found that ionospheric TEC fluctuations are affected by tsunamis through IGWs. A linear 90 
full‐wave model and a nonlinear time‐dependent model were used to examine the ionospheric responses to 91 
the IGW disturbances of the 2004 Sumatra and the 2011 Tohoku tsunamis. In the 2004 Sumatra tsunami, 92 
the IGW became unstable in the E layer at a distance of about 2000 km from the epicenter in one direction 93 
and 700 km in another one, thus limiting their detect ability at far distances. For the 2011 Tohoku tsunami, 94 
significant TIDs were observed moving northwest from the epicenter approximately 1  h following the 95 
tsunami. The IGWs propagating toward the southeast were responsible for the TIDs that propagated 96 
horizontally at almost 4000 km. Astafyeva (2019) reported some natural hazards, e.g., earthquakes, 97 
tsunamis, and volcanic eruptions, that generated IGWs. They propagated upward and caused perturbations 98 
in the atmosphere and ionosphere. Liu et al. (2019) examined TIDs using the TEC data and ground-based 99 
GPS receivers. They further identified the TIDs in the 2004 Indian Ocean tsunami. Using the COMCOT 100 
model combined with analyses of the circle method, ray-tracing technique, and beam-forming technique, 101 
the TIDs were detected and confirmed immediately after the tsunami. Ravanelli et al. (2021) demonstrated 102 
a real-time tsunami genesis estimation using a GNSS and monitored the ionospheric TEC perturbations 103 
associated with the Mw 8.3 Illapel earthquake that occurred in Chile on September 16, 2015 (UTC). This 104 
method was based on the Total Variometric Approach (TVA) coupled with the Variometric Approach for 105 
Displacement Analysis Stand-Alone Engine (VADASE) with the VARION algorithm. 106 

The objective of this study was to identify clear TIDs by the bilateral projection-based 107 
two-dimensional principal component analysis (B2DPCA) as a remote sensing tool using a tsunami record 108 
at a station. B2DPCA is a type of generalized two-dimensional PCA (Kong et al., 2005). Back-propagation 109 
neural networks (BPNN) and convolutional neural networks (CNN) were used to identify these clear TIDs. 110 
These analysis methods are called the BPNN-B2DPCA and CNN- B2DPCA methods, which were used to 111 
validate the robustness and the reliability of the B2DPCA. 112 

B2DPCA is expected to potentially serve as a TID indicator without the complex modeling and 113 
complicated data processing involved in previous studies. For this study, a weak tsunami caused by the 114 
Mw = 7.8 Sumatra earthquake, which occurred at 12:49 on March 2, 2016 (UTC), with its epicenter at 115 
5.060°S, 94.170°E at a depth of 10 km (Fig. 1), was selected for investigation. The earthquake that 116 
generated the weak tsunami was recorded using coastal sea-level gauges at several stations in the Indian 117 
Ocean, namely, those in Australia (Cocos and Christmas Islands), Indonesia (Tanahbala), Maldives (Gan, 118 
Male, and Hanimadhoo), and Mauritius (Rodrigues Island). The estimated amplitude of the tsunami was 119 
0.11 m (peak value) around Christmas Island (International Tsunami Information Center, ITIC; Indian 120 
Tsunami Early Warning Centre, ITEWC). A 0.11 m tsunami is significant in the open ocean but moderate 121 
around coastal regions (Okal and Synolakis, 2016; Sim and Huang, 2016; Sun et al., 2018; Heidarzadeh et 122 
al., 2019). The measured wave amplitude was not a simulated value, but it was determined from collected 123 
data. All of the principal eigenvalues were examined to detect all of the possible TIDs. B2DPCA is a 124 
nonlinear method capable of detecting nonlinear ionospheric TEC variations (Kong et al., 2005). At 15:02 125 
on March 2, 2016 (UTC), a weak tsunami arrived at the station near Christmas Island at 10.40°S, 105.67°E. 126 
The TIDs associated with this tsunami were detected from 12:50 to 15:00. These TIDs were analyzed in 127 
this study. The TEC data from 12:50 to 15:00 were selected because the epicenter (5.060°S, 94.170°E) was 128 
far from the coast of Christmas Island, and thus, it was a weak tsunami when it arrived at this station (Fig. 129 
1). The TIDs were detected using B2DPCA, which demonstrated the high sensitivity of this method in 130 
detecting TEC anomalies related to a weak tsunami (a 0.11 m tsunami) for the selected time range of the 131 
TEC data. The Indonesian and Australian authorities called off their tsunami alerts within 2 h of the 132 
tremors. The Indonesian Meteorology and Geophysics Agency declared the likelihood of a tsunami to be 133 
very weak. Therefore, while no clear tsunami was seen at the southwest coast of Sumatra, Indonesia, its 134 
arrival at this station could be used as a reference because the arrival time was known. 135 

136 
II. SOURCE DATA 137 

The Global Differential GPS (GDGPS) system offers complete, highly accurate, and extremely robust 138 
real-time GPS monitoring. This system provides decimeter-level positioning accuracy and produces 139 
two-dimensional TEC values with a global spatial resolution of the latitude and longitude of 2.5° and 5°, 140 
respectively (Hernández-Pajares et al., 2009; Guo et al., 2015; Ren et al., 2016). The spatial resolution was 141 
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very low. Therefore, they belong to the sparse spatial sampling datasets called the small sample size (SSS) 142 
datasets (Golugula et al., 2011). The temporal resolution of the global TEC data was 5 min. More detailed 143 
information, system architecture and operating concept about the GDGPS system can be found at 144 
https://iono.jpl.nasa.gov/latest_rti_global.html and in several previous publications (Bertiger et al., 1997; 145 
Hernández-Pajares et al., 2009; Guo et al., 2015; Ren et al., 2016; Shi and Wei, 2020). 146 

147 
III. METHOD 148 

B2DPCA is a nonlinear method. The input matrix is denoted as 
I

W  with the dimensions n × m. A linear 149 

projection is represented as follows (Yang et al., 2004; Kong et al., 2005): 150 
V)(U

II
WB                                                                        (1) 151 

where U and V are two multiplying projection matrices. 152 

I
B is the extracted feature matrix, which is mapped using U : 153 
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where   represents the Frobenius norm of a matrix, and mn   is the number of elements for the input 155 

matrix. The following equation is used to maximize Equation (2): 156 
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yielding the principal eigenvalue of
I

B . The letters “ T ” indicate the transpose of a matrix. The letters “ tr ” 158 

indicate the trace of a matrix. Thus, this results in the total number of principal eigenvalues being I, which 159 
are denoted as

I
 ..., 21

, corresponding to the eigenvectors
I

www ...., 21
. Each principal eigenvalue 160 

corresponds to an eigenvector and represents part of the dataset characteristics. Therefore, all of the 161 
characteristics of this dataset can be represented using the principal eigenvalues from largest to smallest. In 162 
this study, the principal eigenvalue with the smallest magnitude is represented as

1 , and that with the 163 

largest magnitude is represented as
I . Thus,

I  ...21
. These principal eigenvalues indicate all of 164 

the characteristics of these data by transforming B2DPCA. The previous operation can be treated as a 165 
domain transformation, meaning that the dataset is transformed into another domain, with the bases as 166 
eigenvectors. This is the mathematical and physical meaning of B2DPCA. B2DPCA can encode the entire 167 
sparse spatial sampling datasets e.g., the TEC data of the GDGPS system in this study, with the input 168 
matrix, which is the SSS datasets, thereby minimizing the loss of information of such dataset (Golugula et 169 
al., 2011). 170 

171 
IV. DATA PROCESSING AND RESULTS OF B2DPCA 172 

The global TEC data that were collected every 5 min from 12:50 to 15:00 on March 2, 2016 (UTC) 173 
were processed using B2DPCA to identify TIDs, which were represented by relatively large principal 174 
eigenvalues. No other TIDs were detected using B2DPCA at any of the surrounding stations during this 175 
period. It was expected that all TIDs from 12:50 to 15:00 could be traced through examination of all of the 176 
global TEC datasets. This study focused on the TEC data collected from 12:50 to 15:00 to demonstrate the 177 
sensitivity of the B2DPCA in detecting TIDs. 178 
Fig. 2 presents the processed global TEC data, where the Global ionospheric TEC map (GIM) at 13:20 on 179 
March 2, 2016 (UTC) was divided into 600 grids with latitude and longitude resolutions of 9° and 12°, 180 
respectively. As expressed in Equation (1), the TEC dataset in each grid, which was SSS dataset (four TEC 181 
data in each grid), were used to form a 2 × 2 input matrix 

I
W  (spatial resolution: latitude × longitude = 182 

2.5° × 5° for TEC data). The TEC datasets were processed according to the method stated in Section III. 183 
The B2DPCA can deal with the SSS datasets. An input matrix contained SSS dataset for each grid (600 184 
grids), and thus, the spatial structure and information of the datasets were well preserved, resulting in two 185 
principal eigenvalues: 

21   . Therefore, 600 first and 600 second principal eigenvalues of the B2DPCA 186 

were estimated. For comparison, all of the principal eigenvalues of the B2DPCA and PCA are presented in 187 
Fig. 3 and 4, respectively. Fig. 3 (a) and (b) use a color-coded scale of the magnitudes of the first and 188 
second principal eigenvalues corresponding to data in Fig. 2. The color intensity denotes the magnitude. 189 
Fig. 4 (a) and (b) use a color-coded scale of the magnitudes of the principal eigenvalues corresponding to 190 
data in Fig. 2 acquired using PCA. To validate the robustness and reliability of the B2DPCA, the two TIDs 191 
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were also determined using two BPNN models and two CNN models. The validation procedures are 192 
introduced in the following sections. 193 

194 
195 

V. VALIDATION BY TWO BACK-PROPAGATION NEURAL NETWORK (BPNN) 196 

MODELS 197 
Two BPNN models were constructed to predict the magnitudes of all of the principal eigenvalues of 198 

the B2DPCA to determine whether the largest first and second principal eigenvalues were associated with 199 
the TIDs. Detailed explanations of BPNNs are available in the publications of Lin et al. (2018) and Lin and 200 
Chiou (2019). The BPNN models were constructed as follows: 201 
(1) The BPNN framework had two hidden layers and 10 neurons in each hidden layer (Fig. 5), where J = K 202 
= 10. Some researchers have indicated that a neural network with two hidden layers and few neurons can 203 
replace a network with numerous neurons in one hidden layer (Lin et al., 2018; Lin and Chiou, 2019; Chu 204 
et al., 2020). The training data were used to train the BPNN. In neural networks, a training dataset consists 205 
of labeled data (Belo et al., 2017) that includes training inputs and target outputs, which were real values in 206 
this study (Tuntisukrarom and Cheerarot, 2020). The TEC data were transformed into (i.e., mapped to) the 207 
principal eigenvalues (using the concept of mapping the TEC data from one domain to another domain. i.e., 208 
mapping from the TEC domain to the principal eigenvalue domain). 209 

210 
211 

(2) For the first BPNN model, all the first principal eigenvalues of the B2DPCA (Fig. 3a), with random 212 
noise added in the range of 0–0.5 (Chen et al., 2013) as target outputs, and their corresponding grids 213 

forming a 20 × 30 input matrix of positions 
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ppp
 were inserted in Eq. (1) in 214 

the studies of Lin et al. (2018) and Lin & Chiou (2019) as the training inputs to form the training data. The 215 
largest principal eigenvalues were considered to indicate the TIDs. The concept was similar to that of other 216 
studies. Thus, the predicted results were expected to have high accuracy, especially for training data with 217 
small magnitudes (Harbaugh et al., 2000; Chen et al., 2013; Eslamian, 2014; Mohamed, 2019; Dao et al., 218 
2020). In this study, the principal eigenvalues were extremely small, thus necessitating the addition of 219 
random noise to enhance the prediction accuracy. Chen et al. (2013) selected pumping rates by adding a 220 
random value in the range of 0–0.5 cm/s as a training input in an area of 100 × 100 m2, which was divided 221 
into 17 × 17 m2 grids for the conjunctive use of surface and subsurface water for two-dimensional 222 
groundwater using BPNN modelling due to the low pumping rates as training inputs. Therefore, using the 223 
predicted pumping rate BPNN model, a more accurate groundwater simulation was achieved, which was 224 
valuable for applications. 225 
(3) The Levenberg–Marquardt algorithm (LMA) (Haykin, 2008) served as the EBP algorithm of the BPNN 226 
model. The training inputs were normalized in the range of 0–1 with feature scaling (Bo et al., 2006). The 227 
sigmoid function was used as an activation function (Haykin, 2008). 228 
(4) The initial weights and the initial biases were set to random variables between 0 and 1 because this is 229 
the range of the sigmoid function (Haykin, 2008) that was used in this study. The training error was defined 230 
as the target output minus the temporary output in each epoch of the training process using the EBP 231 
algorithm (Omatu et al., 2018). The predicted error was defined as the predicted value minus the target 232 
output. 233 
(5) The number of training epochs was set to 2000, and the learning rate was adaptive at 0 to 1, with an 234 
increment of 0.01. The best learning rate of 0.67, which yielded minimal training error, was used to build 235 
the first BPNN model to predict the second principal eigenvalues for the B2DPCA in Fig. 3b. When the 236 
number of training epochs was set to more than 2000, overfitting (Chicco, 2017) occurred. 237 
(6) To verify the reliable application of the first model, the first principal eigenvalues, which were obtained 238 
from the training data, were predicted by the first BPNN model, and the results are presented in Fig. 6 (a). 239 
This means that the training data were used to validate the reliability and robustness of the model (inside 240 
test). To evaluate the reliable application of the first BPNN, the second principal eigenvalues, which were 241 
not obtained from the training data, were predicted by the first BPNN model, and the results are presented 242 
in Fig. 6 (b) (outside test). Thus, data that were not training data were used to test the reliable application of 243 
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the model (outside test). As stated previously, this concept was derived from Bhadra et al. (2017) and Bo et 244 
al. (2006), and it is a type of cross-validation (inside and outside tests) of the model. 245 
(7) The standard deviation (STD) and mean square error (MSE) (Maleki and Zabihollah, 2016) were used 246 
as statistical approaches to evaluate the reliable application and predicted accuracy of the first BPNN model. 247 
The STD and MSE values of the predictions using the first BPNN model were 0.012 and 0.020 in the inside 248 
test, respectively, as shown in Fig. 6(a). The STD and MSE values of the predictions using the first BPNN 249 
model were 0.032 and 0.043 in the outside test in Fig. 6(b). This was a type of cross-validation of the first 250 
BPNN model. Therefore, the low STD and MSE values obtained by the first BPNN model indicated a 251 
certain reliability of the B2DPCA. 252 

253 
(8) Using the same training and analysis method as stated above, all of the second principal eigenvalues of 254 
the B2DPCA in Fig. 3b, in which random noise was added in the range 0–0.5 and corresponding grids 255 
formed a 20 × 30 matrix of positions, were used as the training data to construct the second BPNN model. 256 
The same procedure as that used to build the first BPNN model was performed to construct a second BPNN 257 
model. The best learning rate was 0.48, and the training error for the predictions of the principal 258 
eigenvalues of the B2DPCA was minimal, as depicted in Fig. 7. To evaluate the prediction accuracy of the 259 
second BPNN, the first principal eigenvalues, which were not obtained using training data, were predicted 260 
by the second BPNN model, as presented in Fig. 7 (a) (outside test). To verify the reliable application of the 261 
second BPNN model, the second principal eigenvalues, which were obtained using the training data, were 262 
predicted by the second BPNN model presented in Fig. 7 (b) (inside test). The STD and MSE values of the 263 
predictions using the second BPNN model were 0.021 and 0.034, respectively, as shown in Fig 7 (a). The 264 
STD and MSE values of the predicted errors using the second BPNN model were 0.012 and 0.022, 265 
respectively, as shown in Fig 7 (b). This served as a type of cross-validation of the second BPNN model. 266 
Therefore, the low STD and MSE values obtained by the second BPNN model indicated a certain reliability 267 
of the B2DPCA. 268 

269 
Fig. 3 (a) and (b) are similar to Fig. 6 (a) and (b), respectively, and to Fig. 7 (a) and (b), respectively. 270 

The cross-validation results demonstrated the applicability of both BPNN models. Both principal 271 
eigenvalues corresponded to TIDs. The flowchart for creating the two BPNN models is displayed in Fig. 8. 272 
As stated previously, the TEC data were transformed into the principal eigenvalues. The BPNN confirmed 273 
the distribution of the principal eigenvalues of the B2DPCA. This procedure is called the BPNN-B2DPCA 274 
method. 275 

276 
VI. VALIDATION BY TWO CONVOLUTIONAL NEURAL NETWORK (CNN) 277 

MODELS 278 
Two CNN models were built to classify TIDs and non-TIDs by splitting the TEC map in Fig. 2 into 279 

600 images. Two images corresponding to the largest first and second principal eigenvalues of Fig. 3 were 280 
supposed to be TIDs. The framework of a two-dimensional CNN with two hidden layers is displayed in Fig. 281 
9. The procedure and concept for creating TEC images using two CNN models were similar to the 282 
procedure presented by Lin & Chiou (2020). Therefore, image processing was necessary before training the 283 
CNN models. A detailed explanation of CNNs is available in the publication of Lin & Chiou (2020). 284 

285 
In this study, the CNN models were constructed as follows: 286 

(1) To build the first CNN model, the TEC map in Fig. 2 was split into 600 images. The size of each 287 
training image was 9° in latitude and 12° in longitude. The scales of the horizontal and vertical axes were 288 
the same as those in Fig. 3. Some of the 600 images will be used as the training images for Eq. 1 in the 289 
study of Lin & Chiou (2020). 290 
(2) The term “training images” was defined as the training input. The target outputs of the two CNN 291 
models were defined as the similarities of the images, with values between 0 and 1. When similarity = 0, 292 
the output was classified as the first classification, with no information on the TIDs in the images. When 293 
similarity = 1, the output was classified as the second classification with full information on the TIDs in the 294 
images. However, in a real situation, the similarity is never 0 or 1 (Lin & Chiou, 2020). 295 
(3) According to the study of Lin & Chiou (2020), a threshold of the similarities with 0.5 was determined. 296 
The similarities of 0–0.5 were defined as the first classification, which indicated a non-TID. The 297 
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similarities of 0.5–1 were defined as the second classification, which indicated a TID. A similarity of 298 
exactly 0.5 was deemed meaningless (Lin & Chiou, 2020). 299 
(3) After splitting the TEC map, the lateral sides of the 600 training images contained a type of artificial 300 
image processing noise called wedge effects in image processing because they contained discontinuities 301 
(Baert et al., 2014; Lin & Chiou, 2020). A low-pass Butterworth filter (Bianchi and Sorrentino, 2007) was 302 
used to reduce the wedge effects for each training image before training the CNN model, because the 303 
Butterworth filter was identified as a suitable filter for TEC data and TEC images (Chandrasekhar et al., 304 
2016; Lin & Chiou, 2020). 305 
(4) A low-pass Butterworth filter was also used to remove black curves and lines that indicated the contours 306 
of the land and lines that indicated the scales of the latitude and longitude for the TEC map in Fig. 2. Some 307 
training images included these curves and lines. Therefore, a new image processing procedure was 308 
designed. These curves and lines could be treated as discontinuities in these images (artificial image 309 
noises), and the discontinuities caused the wedge effects during training of the CNN. Thus, the low-pass 310 
Butterworth filter was used. A training image containing curves and lines was split along these curves and 311 
lines into subimages. The low-pass Butterworth filter was then used to remove the wedge effects of these 312 
subimages. After removing these effects, these subimages were reassembled into an image as a 313 
reconstructed training image like a puzzle. Some studies have used similar image processing methods (e.g., 314 
Koundal and Gupta, 2020), but the process used was not exactly the same as the process described above. 315 
Thus, this is an important new processing method.316 
(5) The initial weights and biases were set to random variables (Nguyen and Widrow, 2009). The number 317 
of training epochs was set as 2000 (Omatu et al., 2018), and the learning rate was adaptive in the range 318 
from 0 to 1, with an increment of 0.01. When the number of training epochs was set to more than 2000, 319 
overfitting occurred. The batch size was set to 3 to reduce the computing time (Palm, 2012; Lin & Chiou, 320 
2020). Feature scaling was then performed to ensure that these variables were between 0 and 1 (Bo et al., 321 
2006), because the range of the sigmoid function was 0–1. Simultaneously, batch normalization was 322 
performed as described above. The LMA algorithm, as the EBP algorithm, was used to obtain optimal 323 
weights. 324 
(6) The split images on the left side of the 96° longitude (°E) of an image, corresponding to the largest first 325 
principal eigenvalues of Fig. 3(a), were used as training inputs (461 images) to build the first CNN model. 326 
This model was used to classify 600 images, which were classified as the first or second classification 327 
based on the similarity values. 328 
(7) The best learning rate of the first CNN model with minimal training error was 0.36. A training error was 329 
defined as the target output minus the temporary output in each epoch of the training process using the EBP 330 
algorithm (Omatu et al., 2018). A prediction error was defined as the predicted value minus the target 331 
output. 332 
(8) The classification results are displayed in Fig. 10 for the evaluation of the reliability and prediction 333 
accuracy of the first CNN model. The evaluation of the reliability revealed that the predicted errors of 334 
similarities using this CNN model were to the left of 96° longitude (°E), with an STD and MSE (inside test) 335 
of 0.21 and 0.25, respectively. The evaluation of the prediction accuracy revealed that the predicted errors 336 
of similarities were to the right of 96° longitude (°E), with an STD and MSE (outside test) of 0.28 and 0.31, 337 
respectively. Low STD and MSE values verified that the first CNN model was reliable. This served as a 338 
type of cross-validation of the first CNN model. 339 

340 
(9) Using the same concept as that used to build the first CNN model, to build the second CNN model, split 341 
images with the areas on the left side of the 84° longitude (°E) for an image corresponding to the largest 342 
second principal eigenvalues in Fig. 3(b) were used as training inputs (441 images) to build the second 343 
CNN model. This CNN was used to classify 600 split images based on the values for grids with first 344 
principal eigenvalues corresponding to Fig. 3 obtained using B2DPCA. The best learning rate of the second 345 
CNN model with minimal training error was 0.28. The classification results are displayed in Fig. 11, and 346 
the results show the reliability and prediction accuracy of the second CNN model. The evaluation of the 347 
reliability revealed that the predicted errors of similarities using this CNN model were to the left of 84° 348 
longitude (°E), with an STD and MSE (inside test) of 0.26 and 0.27, respectively. The evaluation of 349 
prediction accuracy revealed that the predicted errors of the similarities were to the right of 84° longitude 350 
(°E), with an STD and MSE (outside test) of 0.32 and 0.35, respectively. Low STD and MSE values 351 
verified that the second CNN model was reliable. This served as cross-validation of the second CNN 352 
model. 353 
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354 
355 

(10) The images in Fig. 10 and 11 were classified as the second classification (similarities > 0.5), and they 356 
were located at the same positions as the largest principal eigenvalues, as depicted in Fig. 3 (a) and (b). 357 
Therefore, these two images were considered to represent a TID. The flowchart for creating the two CNN 358 
models is illustrated in Fig. 12. The CNN confirmed the TEC variants by classifying 600 split images. 359 
Therefore, the TIDs can be indirectly recognized through a CNN, which is called the CNN-B2DPCA 360 
method. 361 

362 
VII. DISCUSSION 363 

Typically, the training dataset of an artificial neural network (ANN) is used to validate the reliability 364 
and robustness of this model, called the inside test. An additional dataset, i.e., the test dataset, is used to test 365 
the prediction ability of this model, called outside test. This is a type of cross-validation (Bo et al., 2006; 366 
Bhadra et al., 2017). The training dataset in this study was a small dataset. Performing cross-validation is 367 
an important issue to maintain a better prediction accuracy of this ANN model and avoid overfitting 368 
(Pasini, 2015; Shaikhina and Khovanova, 2017; Baquirin and Fernandez, 2018; Seddiki et al., 2020; Zakeri 369 
et al., 2020; Hemmerich et al., 2020). An ANN model shows an accurate prediction ability through 370 
cross-validation. For a high-quality prediction model, the prediction accuracies of the inside tests should be 371 
better than those of outside tests (Bo, et al., 2006; Bhadra et al., 2017). The previous STD and MSE values 372 
of the inside and outside tests validated the reliability, robustness, and accuracy of the two BPNN and two 373 
CNN models. The two largest principal eigenvalues were detected using B2DPCA at 13:20 and were 374 
treated as an indicator of TIDs. However, in this example, PCA did not detect any TIDs. The 375 
BPNN-B2DPCA and CNN-B2DPCA methods were used to verify that the two largest principal 376 
eigenvalues were the two TIDs. 377 

Associated with a weak tsunami and the concept of the TAI coupling mechanism, the TIDs were 378 
created through the IGWs (Liu et al., 2011). Liu et al. (2011) identified TEC anomalies caused by IGWs 379 
that resulted from the tsunami caused by the March 11, 2011, Tohoku earthquake. B2DPCA offers a 380 
mathematical tool for detecting TIDs, which may help characterize their source. At 15.02 on March 2, 2016 381 
(UTC), a 0.11 m tsunami arrived at 10.40°S, 105.67°E and caused a TID, as determined from the 382 
characteristics of the first largest principal eigenvalue when using B2DPCA at 13:20 on March 2, 2016 383 
(UTC). Simultaneously, a second TID represented by the second largest principal eigenvalue that was 384 
expanding to the southwest was detected. The predicted results of the two BPNN and CNN models (the 385 
BPNN-B2DPCA and CNN-B2DPCA methods, respectively) validated that the largest principal eigenvalues 386 
were associated with the TIDs. Therefore, the results of this study indicated that a new method for detecting 387 
tsunamis is available because all of the methods produced the same results. The two TIDs represented by 388 
the two largest principal eigenvalues (13:20) were detected approximately 100 min prior to the tsunami at 389 
the station (15.02). This may be attributable to the depth and focal mechanism of an earthquake, as the 390 
amplitude of a tsunami is determined by the magnitude of the displacement of the sea floor (Kawashima 391 
and Toh, 2016; Heidarzadeh et al., 2017; Pennin, 2018; Widiyantoro et al., 2020). This earthquake could 392 
not induce large turbulence in the sea, so the amplitude of the tsunami had no information around the 393 
epicenter. Later, the amplitude of the tsunami was small when passing through the deep sea, which may 394 
have prevented the detection of more spatial and temporal TIDs by B2DPCA. Therefore, TIDs were not 395 
found at other time points (incl. time point close to occurred time of this earthquake), so that the speeds of 396 
the TIDs could not be estimated. Additionally, the temporal resolution of the TEC data for GDGPS system 397 
was 5 min. Increasing the spatial and temporal sampling rate could allow for detection of more spatial and 398 
temporal TIDs by B2DPCA. Notably, the results in Fig. 10 and 11 indicated that the removal effects using 399 
the Butterworth filter were good for the black curves and lines, which indicated the contours of the land and 400 
the scales of the latitude and longitude, respectively, as stated previously. This study was the first to use 401 
this approach. 402 

It is worth mentioning that the Sumatra earthquake occurred at 12:49 and the TEC data in the time 403 
period from 12:50 to 15.00 were examined for detecting TIDs using B2DPCA. However, only two TIDs at 404 
13:20 were detectable. In this case, this weak tsunami did not produce any TIDs at other time points using 405 
B2DPCA. The two TIDs were also detected using the BPNN-B2DPCA and CNN-B2DPCA methods. 406 
However, the results of this study achieved the objective. 407 

The properties of the propagation of IGWs in the atmosphere are related, and IGWs interact with the 408 
ionospheric plasma, which is the coupling strength between the geomagnetic field and ionospheric plasma. 409 
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This coupling strength determines the possibility of the propagation of the IGWs reaching the ionosphere 410 
height (Occhipinti et al., 2008). The problem of the propagation of IGWs of tsunamis is also based on 411 
boundary conditions of explicit formulas that relate the pressure, density, and velocity at the interfaces 412 
between water, air, and gas layers. These boundary conditions characterize the IGWs, which reach an 413 
arbitrary height, including the height of the ionosphere. Under the condition that the boundary conditions 414 
are not satisfied, the propagation of IGWs may not reach the ionosphere height to produce TIDs (Leble and 415 
Smirnova, 2019). The IGWs are accompanied by the electrical current generated by a tsunami reaching the 416 
ionosphere height to produce TIDs. In the ocean, the electric current is generated by the motion of seawater 417 
in the geomagnetic field (Lilley et al., 2001; Šachl, et al., 2019; Xu et al., 2018; Minami et al., 2021). The 418 
electric current can perturb the geomagnetic field. The electric current variation is an important issue. 419 
Therefore, this variation, which is a boundary condition, determines the propagation of IGWs to produce 420 
TIDs at the ionosphere height (Sorokin and Yaschenko, 2021). 421 

As stated previously, the two TIDs were only detected at 13:20. At other time points (incl. time point 422 
close to occurred time of this earthquake), this tsunami may cause IGWs. However, the characteristics of 423 
IGWs do not satisfy the coupling strength between the geomagnetic field and ionospheric plasma (e.g. 424 
weak coupling strength), the boundary conditions of explicit formulas and the boundary condition of the 425 
electric current variation (e.g. weak electric current) (Occhipinti et al., 2008; Leble and Smirnova, 2019; 426 
Sorokin and Yaschenko, 2021), so that corresponding IGWs could not reach ionospheric heights to produce 427 
TIDs at other time points. 428 

A comparison with the results of previous studies is presented. Aside from the study of Lin (2015), 429 
other previous studies indicated that TIDs are affected by space weather, and complex models and 430 
complicated data processing were necessary. However, only the first large principal eigenvalue of 2DPCA 431 
was used to detect the TIDs. Other large principal eigenvalues were not examined. Therefore, some TIDs 432 
may be not found by the analysis of Lin (2015). All of the principal eigenvalues of the B2DPCA were used 433 
to avoid information loss and to detect two TIDs. In this study, the selected tsunami was weak. However, 434 
when a tsunami is stark and clear, clear TIDs should be simultaneously detected by the B2DPCA after 435 
extending the time range of the TEC data. Consequently, B2DPCA can be a powerful and significant tool 436 
to detect clear TIDs. Furthermore, use of the B2DPCA does not require use of a simulation model or a 437 
shake map associated with a tsunami; it only uses data collected after the event. 438 

The observation methods on which the past studies relied were subjective. A mathematical tool such 439 
as B2DPCA for the computation of TIDs, which can be applied without complex models and complicated 440 
data processing, will be valuable because it is more objective and sensitive than other approaches. The 441 
TIDs were identified by examining the disturbance storm time (Dst) indices in Fig. 13 for March 2, 2016. 442 
The Dst indices indicate part of the space weather (Hamilton et al., 1988). The Dst indices indicate the 443 
variations of a certain degree on March 2, 2016. Therefore, the processing of B2DPCA was independent of 444 
the variations of the Dst indices. That is, if space weather and other irregularities or anomalies in the 445 
ionosphere affect the results of the B2DPCA, then anomalous principal eigenvalues should exist in other 446 
grids. The characteristics of the two TIDs could be regarded as the nonlinear expansion of plasma that was 447 
detected using B2DPCA. This type of nonlinear analysis is an advantage of B2DPCA. The two TIDs could 448 
not be identified using PCA. Therefore, B2DPCA solved the problem of identifying TIDs. One limitation 449 
of this study, as stated previously, is the lack of detection of other TIDs using B2DPCA at other time 450 
points. If more TIDs can be detected, combining these TIDs, then the speeds of the TIDs can be calculated. 451 
Thus, a real-time early warning of tsunamis for surrounding regions (Lin, 2015) can be developed using the 452 
methods in this study. This will be a subject of future research. 453 

454 
VII. CONCLUSION 455 

B2DPCA was used to identify two TIDs induced by IGWs. Two TIDs appeared at 13:20 on March 456 
2, 2016 (UTC), accompanying the Sumatra earthquake that occurred at 12:49 on March 2, 2016 (UTC). 457 
The epicenter of the earthquake was located at 5.060°S, 94.170°E at a depth of 10 km. The two TIDs 458 
appeared approximately 100 min prior to the arrival of the tsunami at this station. Simultaneously, another 459 
TID expanded to the southwest. This weak tsunami did not produce any TIDs at other time points using 460 
B2DPCA. These results were not affected by space weather and other irregularities or anomalies in the 461 
ionosphere. The two TIDs were caused by the TAI coupling mechanism, which was not detected by PCA. 462 
To validate the robustness and reliability of the B2DPCA, the two TIDs were also determined using two 463 
BPNN models and two CNN models, which were called the BPNN-B2DPCA and CNN-B2DPCA 464 
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methods, respectively. The reliability of the two methods was validated, and the B2DPCA yielded low 465 
STD and MSE values. Furthermore, these two methods yielded the same results as the B2DPCA. 466 

467 
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709 
Fig. 1. Arrival of the tsunami at the station (10.40°S, 105.67°E) at 15.02 on March 2, 2016 (UTC) 710 

(the red star indicates location of this station). The estimated amplitude was 0.11 m (represented by the 711 
long red strip) around Christmas Island (International Tsunami Information Center, ITIC; Indian Tsunami 712 
Early Warning Centre, ITEWC). 713 

714 
715 

716 
Fig. 2. Global ionospheric total electron content (TEC) map (GIM) at 13:20 on March 2, 2016 717 

(UTC). The unit of TEC is TECu, and 1 TECu = 1016 e/m2; the symbols “e” and “m” are electrons and 718 
meters, respectively (Hofmann-Wellenhof et al., 2001). The traveling ionospheric disturbances (TIDs) are 719 
not easy to determine from the increasing or decreasing TECu in this TEC map (Source: GDGPS system). 720 

721 
722 
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725 
(b) 726 

Fig. 3. (a) Magnitudes of first principal eigenvalues and (b) magnitudes of second principal eigenvalues 727 
corresponding to Fig. 2 obtained using bilateral projection-based two-dimensional principal component 728 
analysis (B2DPCA). 729 
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733 
(b) 734 

Fig. 4. (a) Magnitudes of first principal eigenvalues and (b) magnitudes of the second principal 735 
eigenvalues corresponding to Fig. 2 obtained using principal component analysis (PCA). 736 

737 
738 

739 
Fig. 5. Framework of a four-layer back-propagation neural network (BPNN) with two hidden 740 

layers. J and K are the number of neurons in the first and second hidden layers (Hidden Layers 1 and 2), 741 
respectively. A grid indicates a principal eigenvalue in Fig. 3 and 4. For the training input, for example, the 742 
position of a grid was at a latitude of 81° to 90° (°N) and a longitude of −180° to −168° (°E), and then this 743 
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position is defined as p(1, 1), which was an element of the input matrix called the Matrix of Grid Positions 744 
(note: the size of each grid was 9° latitude × 12° longitude). The output was a temporary output in each 745 
epoch of the training process using the error backpropagation (EBP) algorithm (Omatu et al., 2018). The 746 
principal eigenvalues are also called target outputs (Tuntisukrarom and Cheerarot, 2020), which are the real 747 
principal eigenvalues presented in Fig. 3. 748 
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(b) 754 

Fig. 6. (a) Predicted magnitudes of first principal eigenvalues and (b) predicted magnitudes of second 755 
principal eigenvalues, both corresponding to Fig. 3, obtained using the first BPNN model. 756 
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(b) 762 

Fig. 7. Predicted magnitudes of (a) first and (b) second principal eigenvalues, both 763 
corresponding to Fig. 3, using the second BPNN model. 764 
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767 
Fig. 8. Flowchart for creating two BPNN models. 768 

769 
770 
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771 
Fig. 9. Framework of two-dimensional convolutional neural networks (CNNs) with two hidden 772 

layers. For example, the symbol “3@” means three training images (Input). Pooling is an operation for 773 
subsampling feature maps to reduce the computing time. The training images from the global TEC map, 774 
depicted in Fig. 2 as inputs, are classified to identify TIDs using the algorithm called fully connected in a 775 
fully connected layer (similarity as Output). The output is a temporary output in each epoch of the training 776 
process using the EBP algorithm (Omatu et al., 2018). 777 

778 
779 

780 
Fig. 10. Similarities for the grids with first principal eigenvalues corresponding to those in Fig. 3(a) based 781 
on the first CNN model. The maximum value was 0.61, and other values are < 0.5. The image was 782 
classified as the second classification, and they were located at the same positions as the largest first 783 
principal eigenvalues in Fig. 3(a). Therefore, the image corresponds to a TID. 784 

785 
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786 
Fig. 11. Similarities for the grids with the second principal eigenvalues corresponding to Fig. 3(b) based 787 
on the second CNN model. The maximum value was 0.58, and other values were < 0.5. The image was 788 
classified as the second classification, and they were located at the same positions as the largest second 789 
principal eigenvalues in Fig. 3(b). Therefore, the image corresponds to a TID. 790 
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792 
Fig. 12. Flowchart for creating the two CNN models. 793 
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796 
Fig. 13. Disturbance storm time (Dst) indices on March 2016 (unit: nT, sampling rate: per hour) (UTC) 797 
(World Data Centre for Geomagnetism, Kyoto, Japan). The horizontal timescale from 2 to 3 indicates the 798 
variations of the Dst indices on March 2, 2016 as an example. 799 
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