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Abstract

In recent years, the generation of earthquake ground motion is important for the design of
engineering structures with seismic excitation. In this paper, we analyze the earthquake data’s
for ground motion by Decomposition and Feature Extraction. The signals are first decomposed
by suitable wavelet transform and the features of those signals are extracted by peak-peak
value and Log-Energy Entropy. Using MATLAB, the above process is computed and the results
are presented in graphical and tabular form.

1. Introduction

Seismic signals are in transient waveforms that radiated for localized
natural and manmade sources. One of the most dangerous seismic signals is
earthquake signal. Earthquakes not only endanger the human life but also
made enormous loss to mankind. Using earthquake waves we can able to

locate the source, analyze the process and structure of propagating media.
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Apart from disasters, Seismic prospecting for oil and gas has undergone a
digital revolution during past decade. Seismic signal processing is used to
study earthquake seismology, nuclear blast detection, earth crystal studies
and architectural engineering. Moreover, the uncertainty plays a vital role in
seismic signals. In case of architectural work we need to understand the
ground motion of the area. In this study, we decompose the earthquake signal
using effective wavelet transform and extracting the features which are easy
to analyze the seismic signals.

Monitoring seismic signals were performed under various transform by
many authors. Carlos I Huerta-Lopez et al. [6] studied frequency analysis on
earthquake records. The comparison between Fourier transforms and discrete
wavelet transform using denoised method in synthetic data and experimental
geophysics data were investigated by Albert et al. [1]. Fatemi et al. [12]
presented the parametrical model of strong ground motion to design basis
earthquake records. Peter Bormann et al. [18] studied about the Seismic
signals and noise. Chengwu Li et al. [7] investigated Micro seismic
characteristic among different materials studied on WPT-LMD and MS for
mine safety. Denoising the seismic signal using WT and FFT and spectrum
analysis was carried over through FFT by Yong Lu et al. [20]. The simulation
experiment on Ricker signals and noise reduction carried over by wavelet
compressive thresholds was studied by Jingsong Yang et al. [14]. Yue Li et al.
[21] analyzed 2DCVM decomposition algorithm using Fk filter in desert

region seismic signal processing.

The quality measurement on reconstructed ECG signal using PRD values
were investigated by Al-Shrouf et al. [4], Manuel et al. [15] analyzed ECG
signal using CR values and Milkhled et al. [16] studied ECG signals by
applying different threshold values under WP and DWT. Nibaldo et al. [17]
proposed the Effectiveness of Fejér-korovkin filter in MIMO auto regression
model.

A new adaptive scheme for ECG enhancement was investigated by
Almenar et al. [3]. Comparison of linear, non linear and feature selection of
BCI-EEG signal was presented by Deon Garrett et al. [11]. Effects of pulsed
electromagnetic field at low frequency on PPG, ECG and EEG were studied
by Dean Cvetkovic et al. [10]. Raghu et al. [19] investigated the effects of Log
energy entropy of ECG signal using WP. Alfred O. Hero [2] studied statistical
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method for feature extraction and classification. Hiiseyin Goéksu [13] proposed
feature analysis of log energy entropy using BCI-EEG by MPL.

This paper deals with comparative study of finding efficient wavelet using
PRD and SNR values and the feature extraction of effective reconstructed

signal.
2. Wavelet Transform Principle

The term “wavelet” refers to an oscillatory vanishing wave which has
ability to describing the time-frequency plane with different time support.

The wavelets are categorized as discrete and continuous [5] [8].

The continuous wavelet transform is defined as

dwr(u, s) = ﬁ j _Z x(t)\u*(t ‘S”jdt.

The transformed signal ¢yr(w, s) is a function of the translation (x) and the

scale(s), mother wavelet (y) and * as complex conjugate function. The signal
energy is normalized as every scale by dividing the wavelet co-efficient by

1
\/m .

transform the scaling(s) and translation (x) are considered as

In practical cases signals are in discrete form. In discrete wavelet

s = sé, u= ksébo, while j e Z. The -corresponding discrete wavelet
functions are written in the following form:

t — ks{bg

J
50

1 4
\Vu,s(t) = SO2W[ J = SOZW(saJt - kbO)

And the discretized wavelet coefficients are written as

Cus = [ 20wl o).

3. Proposed Methodology

The required earthquake signal dataset are considered using MATLAB

with varying frequency and regular interval of time. We used earthquake
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signal occurred in Kobe, Japan on Jan 17th, 1995 for our study. The given
data set are consists of 3048 samples. The proposed methodology is presented

in the figure 1.

Reconstruction of the Signal

Y

Feature Extraction

/ N\

Log-Energy Entropy Peak-peak

Figure 1. Proposed Methodology.
4. Reconstruction of the Signal

Comparing the Fejer-korovkin wavelet [17] and Daubechies wavelet, both
the wavelet has decomposed into four levels and denoted as fk4 and db4 [1].
The processes of comparing the two wavelets, by decomposing the signal are

undergone through five steps.
Step 1. Generating Noise Signal and Adding to Original Signal.

Generating noise means adding some random noisy signal to original

earthquake signal. It is expressed mathematically as follows [20] [21]
Y(n)+ X(n) = N(n).
Where, Y(n)-original signal free from noise, X(n)-random noisy signal and
N(n)-noisy signal.
Step 2. Decomposing the noisy signal using Wavelets.

The noisy signal is decomposed into four levels using Fejér-Korovkin
wavelet (fk4) and Daubechies wavelet (db4) in discrete wavelet transform and

shown in figure 2 and figure 3 respectively.
Step 3. Applying the Corresponding Threshold Values.
The threshold values are applied to the detail coefficient of Daubechies

wavelet and Fejér-Korovkin wavelet. The optimum threshold value is
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formulated mathematically as follows, [9] [14] [16]

o @)
T = o m) ™

Where, T-Threshold value, C-Constant value, o(N(n))- standard deviation of
noisy signal and o(d;(n))- standard deviation of detail coefficient of j levels

(=12 38, 4)

The detail coefficient of noisy signal for each level is used to shrink by soft
threshold type as

Cin2T

otherwise.

D(C; 1) = {;

Where C; - detail wavelet coefficient transform, D(C; 1)-output of detail

coefficient after threshold is applied, 7-Chosen threshold values and n-
Number of samples. The optimal threshold values for db4 and fk4 wavelet are

presented in the table 4.1 and table 4.2 respectively.
Step 4. Reconstructing the Signal using Inverse Wavelet Transform.

After applying the threshold value, the signals are reconstructed by
inverse wavelet transform using MATLAB software. The reconstructed
combined forms of both wavelets are shown in figure 4 and Samples are
extracted from reconstructed combined form of both wavelet and presented in

figure 5.

Step 5. Calculating Signal-Noise Ratio (SNR) and Percentage Root
Means Square Difference Value (PRD).

— Yp(n)? n))*
ZWW)%»XM MRJ%VZ£Q7
D (¥(m) D (g

Where Y(n)-Original signal, Yg(n)- Reconstructed signal and Ng(n)-

PRD =

Noisy signal. Using denoised signals, PRD and SNR values are computed by
MATLAB and exhibited in table 4.3.
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Table 4.1. The formulated threshold values for Daubechies wavelet (db4).

Threshold value | Number of (o(d;(n)) (x 10%) Sub signals
(T) (x 103) samples (n)
8.4497 1527 1.6464 D1
3.3401 767 5.2924 D2
1.8455 387 8.7466 D3
1.3167 197 2.3528 D4
Table 4.2. The formulated threshold values for Fejér-Korovkin wavelet (fk4).
Threshold value | Number of (o(d; (n)) (x 103) Sub signals
(T) (x 103) samples (n)
6.9310 1525 2.4437 D1
3.2560 764 5.5474 D2
1.6683 383 10.594 D3
0.8497 193 20.577 D4
Table 4.3. PRD and SNR values.
Wavelet | PRD SNR
Db4 26.9201 | 2.3537
Fk4 23.2596 | 2.6105

From table 4.3, we observed that the SNR values and PRD values are
more efficient in Fejer-Korovkin wavelet than the Daubechies wavelet. From
this result, we concluded that Fejer-Korovkin wavelet is more efficient in
signal processing and the details are preserved while comparing to
Daubechies in discrete wavelet transform.
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Figure 3. Daubechis wavelet.
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Figure 4. Combined form of db and fk wavelet.
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Figure 5. Combined form of extracted wavelet.
5. Feature Extractions

Feature extractions are based on finding the mathematical methods for
reducing the dimensionality of raw data by combining variables into features
[2][10][11]. By the result of denoised signal we extract the features and
segmenting the data’s into 61 samples. Here we calculate the following
features namely log- energy entropy and peak-peak values.

(1) Log-energy entropy: For each samples the Log-Energy Entropy values
are computed by, [4] [15]

Epp(W) =) log (x7)
1=1

Where i =number of samples, n =sample size and W =wavelet

decomposition co-efficient.

(1) Peak-Peak value: Peak-peak is the difference between the maximum
positive to the maximum negative amplitudes of the waveform. For each
samples the peak-peak values are computed by,

n
P-P-= Z(Mi —m;).
=1

Where M; = Maximum positive, m; = maximum negative, i =number of
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samples and n =sample size. The results of feature extraction are presented
in table 5.1

Table 5.1 Feature Extracted Data from Denoised Signal

Signal | Log-Fi ntropy | Peak-peak Signal | Log-Encrgy Entropy |Peak-peak Signal | Log-Fnerzy Entropy Peak-peak
7513 3 13512 8608 10872 31999 941.0642 33480
A042 5004 4024 8936 31999 945.936 66038
8551 13844 4462 9593 31998 939.9584 59393
7630 8803 £276 8962 31999 907 8026 42036
5295 7668218 12055 6605 7801 12100 12287
8349 11060 4527 10337 31999 31470
7421 13417 11243 16652 28915 30189
9055 13157 608 16011 27475 854 27500
4973 8394 7733 10141 30131 8589146 29199
9840 11572 8813 14538 9107 786 052 15084
5664 8158 8358 11774 7202 773837 13386
5716 12339 11420 21916 11420 18732
4514 11401 11420 21356 11420 18300
8630 16719 7308 19753 15471
4514 11426 31988 34857 22297
4514 11799 31999 33733 12504
5767 11522 21999 518 11539
9217 13199 31999 63840 7865
5512 8437 10045 7816735 17652 13873
3733 6984 16760 8331713 23078 12086

6. Conclusion and Future work

Seismic signals are more non-stationary in nature. For architectural

purpose, the seismic signals should be in control. Here we analysed one of the

seismic signals such as earthquake data signal (Kobe), which is more noise

disturbances in nature. Using suitable wavelet transform, the signals are

decomposed and features are extracted by Peak-peak value and Log-Energy

Entropy. This study will be helpful for the design of architectural structure

with seismic excitation and sub layers of earth crust. This study can be

extended to classifying the extracted features using fuzzy logic control in

future.
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