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Abstract. The wavelet comprehensive threshold is used to inherit and develop the advantages of hard threshold and 
soft threshold denoised method. Based on the small wavelet coefficients of the noise signal and the large wavelet 
coefficients of the seismic signal, the simulation experiment of the Ricker signal and the noise reduction experiment 
is carried out. The simulation results show that the MSE of the wavelet comprehensive threshold is the closest to the 
original signal waveform after noise reduction, and the energy of the high frequency part of the waveform is reduced 
and the low frequency part is suppressed. Finally, the actual seismic waveform, for example, the noise reduction of 
the actual waveform can be the first time of the waveform, and the waveform of the effective signal energy, noise 
signal energy is suppressed. 

1 Introduction  

In the process of seismic signal acquisition, it is affected 
by external environment and the uncertainty of the sensor 
itself. The signal is mixed with secondary noise, 
environmental noise and instrument noise, which leads to 
the occurrence of earthquake misjudgment and missed 
judgment (Zheng Zuoya et al., 2007; Fan Tao, 2014). 
Among the three types of noise, instrument noise has a 
weak influence on seismic signals, so it mainly reduces 
the misjudgment and missed judgment by eliminating the 
interference caused by secondary noise and 
environmental noise (Li Ying et al., 2006). 

For the problem that wavelet threshold denoising has 
soft and hard threshold function which can not effectively 
eliminate the influence of noise signal on seismic signal, 
the wavelet integrated threshold method is proposed to 
improve the threshold function. After the improvement, 
the wavelet coefficients of the wavelet integrated 
threshold function are infinitely close to the wavelet 
coefficients of the real function, which not only maintains 
the continuity of the signal but also preserves the high 
frequency signal to achieve noise reduction. 

2 Wavelet integrated threshold 
denoising method 

2.1 Wavelet integrated threshold denoising 
method principle 

Threshold function method is also called wavelet 
threshold denoising method. Donoho et al. have 
demonstrated that wavelet threshold denoising methods 

are superior to other classical noise reduction methods 
(Bruni et al., 2006). Currently, commonly used threshold 
noise reduction methods include soft and hard threshold 
denoising methods. The hard threshold method compares 
the absolute value of the signal wavelet coefficient with 
the threshold of the wavelet coefficient to achieve the 
preservation of the wavelet coefficients in the 
high-frequency part of the signal, but the discontinuity is 
likely to occur at the threshold zero, resulting in the 
absence of effective signals ( Chong et al, 2015; Mousavi 
et al.2016), the hard threshold function is shown in 
formula (1); the soft threshold method improves the 
signal missing phenomenon in the hard threshold method, 
but loses the high-frequency signal energy, and the soft 
threshold function is as shown in formula (2). 
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In the formula w is the signal wavelet coefficient；λ 
is the threshold value (non-negative value); sgn is the 
symbol function, when the noisy signal is greater than 0, 
sgn=1; when the noisy signal is less than 0, sgn=-1. 
Aiming at the insufficiency of high-frequency signal 
energy loss in the process of noise reduction by soft 
threshold method, wavelet comprehensive threshold 
method combined with hard threshold method to improve 
the high-frequency part of the signal and use the soft 
threshold method to maintain signal continuity in the 
low-frequency part of the signal, propose wavelet The 
integrated threshold function is shown in equation (3). 
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where ωj,k is the true wavelet coefficient, kjw ,ˆ  is the 

improved wavelet coefficient, To improve the wavelet 
coefficient, 
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solve the hard threshold method in the threshold zeroing 
part of the discontinuity phenomenon. With the increase 

of kjw , , b=1 and 
kjkj ww ,,ˆ  . Solve the problem of 

high-speed signal energy loss in the soft threshold method. 
Wavelet integrated threshold denoising preserves the high 
frequency signal while changing the threshold function 
while maintaining signal continuity. Experimental results 
show that the improved threshold function has a good 
effect on seismic signal noise reduction. 

SNR (Signal to Noise Ratio) and MSE (Average 
Variance) are a way to evaluate the merits of the noise 
reduction method. Assuming the seismic signal vector is 
a=[a0, a1, a2, ...aN-1]T, there is a formula (4): 

          iii nfa    1,...2,1,0  Ni       (4) 

where fi is the function f Sampling, ni is a Gaussian white 
noise distributed N(0, σ). The goal of noise reduction is 
that the mean variance MSE of the fitted value 



f  is the 

smallest, and the expression of MSE is as shown in 
formula (5) 
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From equation (5), the smaller the
ii ff 


 is, the 

smaller the MSE value is, after noise reduction. The 
closer the waveform is to the original signal waveform. 

2.2 Wavelet characteristic energy spectrum 
coefficient 

Wavelet characteristic energy spectrum coefficient is a 
representation of the noise reduction method. It can 
visually observe the energy distribution of the signal in 
the low frequency and high frequency parts, and it is 
convenient to observe the noise reduction result and draw 
conclusions quickly. The wavelet characteristic energy 
spectrum coefficients are decomposed by i scales and the 
total energy is unchanged, as in formula (6), where f(n) is 
the discrete sampling sequence of the seismic signal, A is 
the low frequency part of the signal, and D is the high 

frequency part of the signal, )(),(A i nfDnf i , is the 

component of each frequency after the scale 

transformation, )(),( nfEnfE D
i

A
i is the low-frequency 

signal component energy and the high-frequency signal 
component energy at the decomposition scale i, 
respectively. 
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Define the ratio between the energy of each 
component in the wavelet decomposition and the total 
energy, that is, the wavelet characteristic energy spectrum 

coefficient, expressed by the parameters 
A
ihE
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3 Wavelet integrated threshold noise 
reduction experiment 

3.1 Simulated seismicsignal denoising 
experiment 

The experimental research processed signal is for the 
down hole near-seismic signal frequency band. Then 
ear-shock signal is coif wavelet as the wavelet basis 
function, and the wavelet characteristic energy spectrum 
coefficient of the signal after 6 decompositions is 
calculated. Observed near the characteristic energy 
spectrum coefficient at the third decomposition scale the 
seismic signal energy is strong, so the wavelet 
characteristic energy spectrum coefficient on the third 
decomposition is selected. The down-seismic 
near-seismic signal acquisition process includes 
near-seismic signals and noise signals. The frequency of 
the peak energy of the near-seismic signals is mainly 
concentrated at 3-6 Hz. According to the random noise 
source and the performance law of the noise itself, the 
noise is divided into three categories (Table 1): 

Table 1 Noise classification 

Noise type 
Frequency range 

(Hz) 
Noise reduction 

difficulty 

Environmental noise 3-20  Difficult 

Secondary noise 5-30 Difficult 

Instrument noise 1-2 Easy 

In order to compare the noise reduction ability of the 
wavelet integrated threshold method and the soft 
threshold method for secondary noise and environmental 
noise, select the near-shock signal. The Rake wavelet 
signal with similar wavelet coefficient characteristics was 
simulated. The Rake wavelet signal adds a noise 
frequency range of 3-30 Hz, including ambient noise and 
secondary noise. Fig.1(a) shows the waveform of the 
Rake wavelet and the waveform of the noise-reconciled 
wavelet. The soft threshold and wavelet integrated 
threshold denoising experiment of the noisy rake wavelet 
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waveform are shown in Fig. 1(b). 

  
(a) The rexson waveform and the noised waveform   

  
(b) Wave form comparison of the results of the two threshold noise 

reduction methods 

Figure 1. Rexson waveform and noise reduction waveform 

In Figure 1(a), the signal of the Rake wavelet after the 
noise is 210s at the first arrival. After the noise is added, 
the high-frequency signal of the waveform is suppressed, 
and the seismic signal and the noise signal cannot be 
distinguished. Comparing the waveforms of the two 
methods of noise reduction in Figure 1(b), the soft 
threshold method suppresses the amplitude of the 
high-frequency signal. The noise near the zero-frequency 
is similar to the waveform after the noise-added, and the 
noise reduction effect is not obvious. The wavelet 
comprehensive threshold method improves the 
high-frequency signal. Amplitude reduces the amplitude 
of noise at zero frequency. By calculating the SNR and 
MSE (Table 2), the wavelet integrated threshold method 
is improved on two indicators. The wavelet integrated 
threshold method has the smallest MSE value after noise 
reduction, and the signal after noise reduction is more 
similar to the original signal.   

Table 2 SNR and MSE from the de-noised signal in simulation 

The noise reduction method SNR MSE 
Hard threshold 18.5736 0.2907 
Soft threshold 19.3285 0.2897 

Wavelet synthesis threshold 19.4136 0.2784 

4 Results and discussion 

The wavelet integrated threshold denoising method uses 
the hard threshold method to improve the high-frequency 
signal energy, and uses the soft threshold method to 
preserve the signal smoothness of the low-frequency part 

of the signal, and improves the signal de-noising ability 
while ensuring signal continuity. The soft threshold, the 
wavelet integrated threshold method and the soft 
threshold method based on S transform are used to 
denoise the signal to observe the noise reduction. 
Experiments show that the wavelet high-frequency signal 
is recovered and the noise energy spectrum coefficient is 
suppressed by the wavelet integrated threshold method. 
The waveform MSE value is the smallest after the 
wavelet comprehensive threshold denoising, and the 
waveform after noise reduction is the closest to the 
original signal waveform. The noise reduction effect is as 
obvious as the soft threshold denoising method based on 
S transform. However, the wavelet comprehensive 
threshold method has a lot of problems of slow data 
processing, and the redundancy problem existing in the 
algorithm should be improved or the improvement of the 
threshold function should be further proposed. The 
improved wavelet integrated threshold method should be 
able to adapt to signals with similar characteristics to the 
near-seismic signals, increasing the breadth and 
universality of the application. 
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