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ABSTRACT: The on-site earthquake early warning system is under development for the 
area near the earthquake epicenter to provide information such as earthquake magnitude, 
the arrival time and the intensity of the strong shaking for free field as well as the 
structural response, etc. The real-time strong motion signals recorded from Taiwan Strong 
Motion Instrumentation Program (TSMIP) were used to train neural networks and the 
characteristics of the sensed earthquake accelerograms were learned. The neural networks 
provide a seismic profile of the arrival ground motion instantaneously after the shaking is 
felt at the sensors by analyzing the three components of the earthquake signals. Each data 
sample, consist of the first 1~10 second envelope of the complete earthquake 
accelerogram, was used as the input of the neural networks. The output of the neural 
networks provides estimates of the structural response and the time for emergency action. 
The neural network based algorithm is trained with 50149 accelerograms from 2505 
earthquakes recorded in Taiwan. By producing informative warnings, the neural network 
based methodology has shown its potential to increase significantly the application of 
earthquake early warning system (EEWS) on hazard mitigation. 

1 INTRODUCTION 

Large-scale earthquake, as one of the catastrophic natural disasters, often caused tremendous damages 
to human beings.  These damages include loss of human lives, public and private properties, huge 
adverse economic impacts and it is irreversible and painful.  The magnitude 7.3 Chi-Chi earthquake in 
1999 has collapsed more then 11 thousand house and claimed more than 2340 of human lives.  2004 
the magnitude 9.1 earthquake at North Sumatra triggered the tsunami and made huge damage.  In 
2006, the people in central Java Indonesia suffered heavy damage and casualties from the magnitude 
6.2 earthquake at Yogyakarta.  In 2008, the magnitude 8.0 earthquake at Sichuan, China killed nearly 
70000 people and 18000 still missing. More recently, the 2010 Haiti, Chile, and New Zealand 
earthquakes remind people need to pay attention to the potential earthquake hazards. 

Taiwan has suffered from the threatening of moderate earthquakes for a long time since Taiwan is 
located between Euro-Asian and Philippines tectonic plates on the Pacific Earthquake Rim.  
Furthermore, the hillside areas account for 73% of Taiwan due to steep terrain of the island.  Plus the 
high population density (639 people/km2) (Ministry of the Interior, 2010), in order to provide more 
living space and a better quality of life, Mostly high-rise building structures were built at urban area.  
Usually people lived in the high-rise buildings will feel greater degree of shaking during the 
earthquake because of buildings’ relatively low natural frequency.  Therefore, the environment for the 
residents living at higher stories is endangered and their safety is threatened. 

When a large earthquake occurs, seismic waves generated by the source spread through the mantle 
into the surface before the energy dissipated. The seismic waves can be roughly divided into the 
Primary Wave (or Pressure Wave, P-Wave), Secondary Wave (or Shear Wave, S-wave), Love Wave 
and Rayleigh Wave.  Although the velocity of the waves depends on density and elasticity of the 
medium penetrated, the typical speed for the P-wave is around 5~6 km/sec and the speed for the S-
wave is around 3 km/sec. The Earthquake Early Warning System (EEWS) take advantage of the 
velocity difference between P- and S- waves as well as the principle that the electronic signal is faster 
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than the earthquake wave, so several seconds of time can be obtained before the strong motion hit for 
people to take proper response to prevent damages.  

Dr. Cooper originated the idea of EEWS in the U.S. in 1868 and the typical research project goes 
ahead mainly in the California. The CUBE project was mainly leaded by Prof. Kanamori in 1990 with 
the collaboration of California Institute of Technology and United States Geological Survey (USGS). 
In Japan, the EEWS was developed since 1970s and JR's UrEDAS is famous for its practical system. 
Recently, the Real-time Earthquake Disaster Prevention System has already been used in Japan. 
Nevertheless, the accuracy of the predicted ground motion is limited especially for a large scale 
earthquake since the Real-time Earthquake Information by JMA is based on point source information.  

In Taiwan, a so-called regional EEWS (Hsiao, 2006) is developed by Central Weather Bureau (CWB). 
With the strong motion sensor network, the epicenter of an occurring earthquake can be located and 
the magnitude can also be determined within 18 sec. If the area is far from the epicenter, say 100 
kilometer, then we will have at most 15 seconds reaction time before the S-wave arrives if the sensor 
at the observation station was able to pick up the earthquake signal (P-wave) right away, as shown in 
Eq.1. 

 100 (km) ÷ (6-3) (km/sec) – 18 (sec) = 15 (sec)                                                                      (1) 

However, there is a “blind zone” (area within the 50 km of radius from the epicenter) for the regional 
EEWS needs to be eliminated, the on-site EEWS is for the improvement to provide more robust 
protection. This study is the continuation of the previous study (Wu and Kanamori 2005; Wu et al. 
2007; Tsai, K.C. et al, 2009; Lin, C-C.J. et al. 2009; Lin, P.Y. et al 2009, Lin and Shen 2010), to 
predict structural response (for example, the peak ground acceleration and its arrival time on the roof) 
by the first couple seconds of the P-wave using neural networks, so the residents in the building can be 
prepared prior to the strong vibration of the earthquake, to preserve the security of the people and 
property integrity within the building. 

2 ON-SITE EARTHQUAKE EARLY WARNING SYSTEM 

The on-site earthquake early warning system (EEWS) was developed for seismic hazard mitigation. 
The important information such as the magnitude of the earthquake, the seismic intensity as well as 
the peak ground acceleration (PGA) of the shaking, the arrival time of strong shaking (S-wave), the 
dominant frequency of the earthquake and the estimation of structural response (PGA and its arrival 
time) can be provided. The development of the on-site EEWS is divided into 2 stages. Earlier in the 1st 
stage, the methodology of estimating the basic characters and time-related information of the 
earthquake were studied. Recently, the prediction of the structural response using neural network is 
developed in the 2nd stage. In the 1st stage, the body wave method (Wu, Y.M. 2007) and neural 
network methods were used to model the nonlinearities caused by the interaction of different types of 
earthquake ground motion and the variations in the geological media of the propagation path, and the 
learning techniques for the analysis of the earthquake seismic signal were also develop (Lin and Shen 
2010). In the 2nd stage, two different approaches (general and tailored) are used to satisfy the different 
demands for the rapid estimation of structural responses. Both modules can rapidly estimate the 
structural response either using sensed P-wave directly or the output from the first stage. The general 
module is proposed to provide a low-cost, general-application and rapid estimation of the structural 
responses using only the common data of the structure (height, structure type, floor, location …etc). 
Meanwhile, the customized module is able to provide a more accurate and detailed structural response 
estimation as a scenario-based response predictor.  

Although the accuracy of the information provide by the on-site EEWS may be less than the one 
provided by the regional EEWS because of less earthquake information.  The more time (even just a 
couple of seconds) provided for response, especially for the area near the epicenter, increases the 
importance of the on-site EEWS. Both the regional EEWS and the on-site EEWS should be integrated 
to make a more robust EEWS and provide protection to people combining auto-control technology for 
different purpose. After any major earthquake, a rapid and precise result can be obtained by utilizing 
the large database collection of the Central Weather Bureau (CWB). In addition, the customized 



3 

modulus of EEWS can also include the actuation system, which can automatically respond and reduce 
the economic losses due to the earthquake.  

Moderate earthquake usually causes great damage and casualties in a few seconds by its instantaneous 
destructive power although it only happened occasionally.  Meanwhile, the population in Taiwan is 
concentrated in urban areas of northern, central and southern Taiwan in past 30 years. The population 
density of Taipei and Kaohsiung Cities is 9581 (people/km2) and 9951 (people/km2) respectively. It is 
about 15 times the average population density of the island (Ministry of the Interior, 2010). 
Furthermore, 1/4 of the population in Taiwan lived in Taipei basin. Many high-rise buildings were 
built to accommodate the increasing population in the limited area.  During an earthquake, the high-
rise buildings will have greater degree of shaking because of their relatively low natural frequency, the 
residents within the building will be uncomfortable and even be injured, the electrical appliances and 
lifelines (water or gas supply) within the building may also be broken or split after the earthquake due 
to severe vibration, may also cause fires after the earthquake and other secondary disasters.  Previous 
research results show a lack of disaster relief to conditions in Taipei City, so the warning message 
from EEWS integrated with automated shut-down device with gas line as well as other equipment will 
hopefully reduce the occurrence of post-earthquake fire, lower the earthquake casualties and economic 
losses caused by secondary disaster. 

3 NUMERICAL BUILDING MODEL ANALYSIS 

This study use the recorded earthquake free field time histories collected from 1992-2006. Each 
earthquake record was marked P-wave and S-wave by automatically P-wave trigger program and 
verified manually. Then these earthquake accelerograms were consolidated into the earthquake free-
field accelerogram database. Among the 59 observed buildings within the Taiwan Strong Motion 
Instrumentation Program (TSMIP) by CWB, the Tai-Power building is chosen since its significant 
features. There are totally 73 earthquake records from Tai-Power building. There are 26 time histories 
recorded from each sensor installed for each earthquake record. It is the tallest building when it is 
constructed. There are totally 26 tri-axial strong motion sensors installed in the building. Since the 
data recorded is not enough for training a neural network, the time history structural analysis software 
PISA-3D is used to build a numerical model for Tai-Power building. The 73 recorded earthquake time 
histories from Tai-Power building were used to modify and calibrate the numerical model of Tai-
Power building. Then the chosen earthquake records from the earthquake free-field accelerogram 
database were used as input to run the PISA-3D and the response time histories were obtained to form 
the earthquake response accelerogram database. The structural response is assumed to be linear 
(elastic) behaviour. 

Usually the time history analysis for large-scale structure is time consuming because of its large linear 
and nonlinear analysis will affect the efficiency of calculation. Therefore, the structural analysis 
software PISA-3D, developed by National Center for Research on Earthquake Engineering (NCREE), 
is used for calculating the structural response of Tai-Power building under earthquakes due to its 
computational advantages for Large-scale structure and therefore the computing time required for 
analysis is reduced. 

To increase the records of structural response for the neural network training, all the earthquake 
records in the earthquake free-field accelerogram database were considered and the distribution of the 
peak ground acceleration (PGA) were considered. The records with PGA range from 5-500 gal were 
chosen to run the PISA-3D for structural response. There are totally 10,097 records were used for 
further analysis (Chang, K.C. et al., 2010). Figure 1 shows the flowchart of numerical building model 
analysis using PISA3D. All the results from PISA-3D were collected into the building response 
database for further research.  
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Figure 1 Flowchart of numerical building model analysis using PISA3D 

4 NEURAL NETWORKS 

The neural networks are known as the biologically inspired soft computing tools that possess the 
massively parallel structures. Their learning capabilities, provided by the unique structure, allow the 
development of the neural networks based methods for certain mathematically intractable problems. 
Since seismic waves inside the earth passes through the media all over the floor, in the face through 
the different media will produce the refraction and reflection effect, starting from the source to the 
surface in the process, the high degree of complexity of linear and nonlinear behavior is a great 
challenge for the traditional mathematical model. Therefore, the neural networks have been applied to 
the ground motion generation, prediction and other difficult tasks since 1997 (Lin and Ghaboussi, 
1997). Previous researches showed that the neural networks make it possible to provide more accurate, 
reliable and immediate earthquake information for society by combining the EEWS and applying it to 
the planning of hazard mitigation (Kuyuk and Motosaka, 2009). 

The neural networks are formed by many interconnecting artificial neurons. Signals propagate along 
the connections and the strength of the transmitted signal depends on the numerical weights that are 
assigned to the connections. Each neuron receives signals from the incoming connections, calculates 
the weighted sum of the incoming signals, computes its activation function, and then sends signals 
along its outgoing connections. Therefore, the knowledge learned by a neural network is stored in its 
connection weights. This paper presents a neural networks based methodology for predicting the 
structural response before PGA arrival using initial part of P-waveform measured on-site. The 
information can be used as warning alarm for earthquake hazard mitigation. The neural networks 
program developed by Lin using FORTRAN was used in this study. A combination of the quick-prop 
algorithm and the local adaptive learning rate algorithm were applied to the multiple layer feed-
forward back-propagation neural networks to speed up the learning of the networks. The 
supercomputer is also used to train the neural networks (Lin, 1999). The validity and applicability of 
the method have been verified using the CWB observation data sets of earthquakes occurred in 
Taiwan. 
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The architecture of neural networks used in this study is set to be different. Two neural networks, 
NNT0-3 and NNT0-10, were used for on-site EEWS with the Fast Fourier Transform (FFT) of the initial 3 
seconds and 10 seconds sensed earthquake waveform as input respectively. Both models consisted of 
one input layer with 129 (NNT0-3) or 257 (NNT0-10) neurons, two hidden layers and one output layer 
with 6 neurons (as shown in Figure 2). Each of the neural networks was used to analyze the 
relationship between the initial three or ten seconds of the sensed earthquake accelerogram and 
structural response of the Tai-Power building for that specific earthquake. 

 
Figure 2 Predicting structural response using neural networks 

5 CASE STUDY 

In this study, the numerical model of Tai-Power building is built using PISA-3D.  There are 73 
earthquake records between 1994 and 2006 recorded from the sensors installed on the Tai-Power 
building were used to modify and calibrate the numerical model for structural response.  The 
simulated responses for the roof of the Tai-Power building were within 10% of error.  Then the 10097 
earthquake records from the database of CWB were chosen as input to run the time history analysis 
using PISA-3D. The structural response of these 10097 earthquake records were then integrated into 
building response database. 

The neural networks were used to learn (analyze) the relationship between free field ground motion 
and the structural response on the roof of the Tai-Power building.  The 10097 earthquake records were 
divided into training group and testing group randomly. 8082 earthquake records (80% of the total) 
were used to train the neural networks while 2015 earthquake records (20% of the total) were used to 
test and validate the trained neural networks. The Fast Fourier Transform (FFT) of the digitized signal 
from the first 3 seconds of the earthquake time history after p-wave were used as input to the model 
NNT0-3 while the FFT from first 10 seconds of the earthquake time history were used  as input to the 
model NNT0-10. The structural responses for the roof of the Tai-Power building from the building 
response database were used as output for the neural networks.  The comparisons of the real and 
estimated structural response are shown in figures 3-8. 
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Figure 3 Comparison of the real and estimated 

seismic intensity (NNT0-3)  
Figure 4 Comparison of the real and estimated 

seismic intensity (NNT0-10)  

The comparison of the real and estimated seismic intensity for NNT0-3 and NNT0-10 were shown in 
figures 3 and 4.  The results of NN estimated PGA versus the real PGA from 2015 novel testing cases 
is plotted in the figures.  The green area means that the intensity of the NN estimated PGA is the same 
as the intensity of the real PGA.  The red area means that the intensity of the NN estimated PGA is one 
grade less than the intensity of the real PGA.  The purple area means that the intensity of the NN 
estimated PGA is one grade larger than the intensity of the real PGA.  The accuracy of the intensity 
estimation is shown in table 1. 

Both the results from NNT0-3 and NNT0-10 are acceptable and the regression analysis R2 is 0.638 for 
NNT0-3 and 0.787 for NNT0-10.  It also shows better convergence in figure 4.  Which shows more input 
information the neural network model, more accuracy result can be obtained from the neural networks.  
Which means NNT0-10 is doing better than NNT0-3.  If the acceptable range for the intensity prediction is 
set to be ±1 grade, the accuracy for NNT0-3 will be 91.5% (1844/2015) and 93.7% (1888/2015) for 
NNT0-10.  

Table 1 Accuracy of the intensity estimation 
                Error (grade) 

NN model -2 -1 0 1 2 

NNT0-3 162 781 885 178 2 
NNT0-10 120 846 930 112 3 

The comparison of the real and estimated arrival time for PGA measured on the roof in two directions 
(horizontal and vertical) from both NN models (NNT0-3 and NNT0-10) were shown in figures 5-8.  The 
results have shown convergence and the regression analysis R2 is 0.67 for NNT0-3 and 0.70 for NNT0-10 
in East-West direction.  As for North-South direction, the regression analysis R2 is 0.644 for NNT0-3 
and 0.662 for NNT0-10.  As for Up-Down (vertical) direction (figures 7 and 8), the regression analysis 
R2 is 0.676 for NNT0-3 and 0.7 for NNT0-10.  These results show that the performance of NNT0-10 is better 
than NNT0-3.  The conclusion can be made that more input information (longer earthquake time 
history) to the neural network; more accuracy of the prediction can be increased. 

In figures 5-8, the blue lines indicated the relative error of plus or minus 20% of the real values. The 
comparison of the real and estimated arrival time for PGA is shown in Table 2.  The B area means the 
estimation is slightly small than the real value within 20% of error.  The C area means the estimation 
is slightly larger than the real value within 20% of error. If the allowable error range is set to be plus or 
minus 20% of the real values (B and C areas indicated in figures), then the average accuracy for NNT0-

3 is 28.3% and 31.6% for NNT0-10.  However, in the sense of early warning, the A area should be 
considered acceptable since the estimation is less than the real value, i.e. the warning is still effective 
to the people.  Therefore, the allowable error range can be set to be A, B, and C areas indicated in 
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figures, the average accuracy for NNT0-3 is 60.2% and 66.9% for NNT0-10. 

 

  
Figure 5 Comparison of the real and estimated 

arrival time for PGA-EW (NNT0-3) 
Figure 6 Comparison of the real and estimated 

arrival time for PGA-EW (NNT0-10) 

  
Figure 7 Comparison of the real and estimated 

arrival time for PGA-UD (NNT0-3) 
Figure 8 Comparison of the real and estimated 

arrival time for PGA-UD (NNT0-10) 

Table 2 Comparison of the real and estimated arrival time for PGA 
 NN A B C D Total 

406 289 301 1019 
T0-3 

20.15% 14.34% 14.94% 50.57% 
494 305 338 878 

EW 
T0-10 

24.52% 15.14% 16.77% 43.57% 
1109 316 231 359 

T0-3 
55.06% 15.68% 11.47% 17.83% 

1182 350 219 264 
NS 

T0-10 
58.66% 17.37% 10.87% 13.10% 

412 263 311 1029 
T0-3 

20.45% 13.05% 15.43% 51.07% 
460 340 356 859 

UD 
T0-10 22.83% 16.87% 17.67% 42.63% 

2015 
100% 

A: Est.< Real*80%, B: Real*80% < Est.< Real, C: Real < Est.< Real*120%, D: Real*120%< Est. 



8 

6 CONCLUSION 

When a severe earthquake occurs, preparedness and proper response are crucial since most dangers 
can be prevented beforehand. In this paper, the authors presented the further development of the on-
site EEWS using neural networks. The structure response can be estimated in term of intensity and the 
arrival of the PGA. The methodology is described and its result shows great potential. The time issue 
is the key countermeasure during a large earthquake, thus using the estimation from NNT0-3 for 
announcement and keeping updates every seconds is suggested. Furthermore, the challenge of using 
only 1 second of observed earthquake accelerogram to predict the structural response is under 
development. The accuracy and reliability of earthquake intensity and arrival time are of the utmost 
importance and are of immense benefit in the mitigation of earthquake hazards. The verification of the 
reliability of the communication lines as well as the system is needed to ensure reliable operation of 
the on-site EEWS in the future. In such, the on-site EEWS is able to consequently bring huge benefits 
on the earthquake hazard mitigation.  

ACKNOWLEDGEMENT  

We are grateful to the National Center for High-performance Computing (NCHC) for computer time 
and facilities used in training the neural networks of this study. 

REFERENCES  

Chang, K.C., P.Y. Lin, C-C.J. Lin, T.K. Lin, Y.B. Lin, J.L. Lin, Y.T. Weng, T.M. Chang, S.K. Huang, Z.P. 
Shen, and Y.C. Lin, 2010, Database for Fast Estimated Response of Structure, NCREE-10-007, National 
Center for Research on Earthquake Engineering. 

Hsiao, N.G., 2006, The Application of Real-Time Strong-Motion Observations on the Earthquake Early Warning 
in Taiwan, PhD Thesis, Graduate Institute of Geophysics, National Central University  

Kuyuk, H.S., and M. Motosaka, 2009, “Forward spectral forecasting of ground motion with the information of 
earthquake of earthquake early warning systems for structural control,” Journal of Japan Association for 
Earthquake Engineering, Vol.9, No.3. 

Lin, C.-C.J., and J. Ghaboussi, 1997, “Replicator Neural Networks in Generating Artificial Earthquake 
Accelerograms,” Proceeding, International Conference on Artificial Neural Networks in Engineering, 
(ANNIE 97), St. Louis, MO. 

Lin, C-C.J., 1999, “A Neural Network Based Methodology for Generating Spectrum Compatible Earthquake 
Accelerograms” Ph.D. thesis, Dept. of Civil Engrg., UIUC, Urbana, IL 

Lin, C-C.J., T.M. Chang, and K.C. Tsai, 2009, “Development of On-site Earthquake Early Warning System for 
Taiwan (Part I: Parametric Analysis Study)”, Proceeding, International Conference in Commemoration of the 
10th Anniversary of the 1999 Chi-Chi Earthquake, Taiwan. 

Lin, C.-C.J., and Z.P. Shen, 2010, “Application of Neural Networks on Recent Development of the Earthquake 
Early Warning System for Taiwan”, Proceeding, the 9th US National and 10th Canadian Conference on 
Earthquake Engineering, (2010EQConf), Toronto, Canada. 

Lin, P.Y., Y.T. Weng, T.K. Lin, C.-C.J. Lin, J.L. Lin, and K.C. Tsai, 2009, “Development of On-site Earthquake 
Early Warning System for Taiwan (Part II: Fast Estimation of Structural Responses)”, Proceeding, 
International Conference in Commemoration of the 10th Anniversary of the 1999 Chi-Chi Earthquake, 
Taiwan. 

Ministry of Interior, Taiwan (2010), http://www.ris.gov.tw/version96/stpeqr_01_02.html 

Tsai, K.C., P. Y. Lin, C-C.J. Lin, T. K. Lin, Y. B. Lin, J. L. Lin, Y. T. Weng, T. M. Chang, Z. P. Shen, and C. S. 
Chung, 2009, Preliminary Study of Added-Value Information and Analysis for Earthquake Early Warning 
System, NCREE-09-013, National Center for Research on Earthquake Engineering. 

Wu, Y.M. and H. Kanamori, 2005, “Experiment on an onsite early warning method for the Taiwan early warning 
system” Bull. Seism. Soc. Am., 95, pp.347-353. 

Wu, Y.M., H. Kanamori, R. Allen, and E. Hauksson, 2007, “Determination of earthquake early warning 
parameters, c τ and d P , for southern California,” Geophys. J. Int., 170, pp.711-717. 


