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ABSTRACT

Hydraulic fracture induced microseismic events in producing oil and gas fields are usually

small, and noise levels are high at the surface due to the heavy equipment in use. Similarly,

in non-hydrocarbon settings, arrays for the detection of local earthquakes will also benefit

from reduced noise levels and the ability to detect smaller events. We present a frequency-

dependent multi-channel Wiener filtering technique with linear constraints, which employs

an adaptive least-squares method to remove coherent noise in seismic array data. The

noise records on a number of reference channels are used to predict the noise on a primary

channel, which can then be subtracted from the observed data. We implement and test

first an unconstrained version of this filter, where maximal noise suppression can lead to

signal distortion. Two methods of imposing constraints are then introduced to achieve

signal preservation. We test this technique with two case studies. First, synthetic signals

are added to actual noise from a pilot deployment of a hexagonal array (9 three-component

seismometers, approximate size 150 m × 150 m) above a gas field; noise levels are suppressed
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by up to 11 dB (at 2 - 10 Hz). Secondly we use natural seismicity recorded at a dense

array (∼10 m spacing) in Italy where the application of the filter improves the signal-

to-noise ratio up to more than 20 dB (at 2 - 15 Hz), using 35 stations. In both cases,

the performance of the multi-channel Wiener filters is significantly better than stacking,

especially at lower frequencies where stacking does not help to suppress the coherent noise.

The unconstrained version of the filter yielded the best improvement in the signal-to-noise

ratio, but the constrained filter is useful when waveform distortion is not acceptable.
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INTRODUCTION

Surface passive monitoring of microseismic events generated during hydro-fracture is desir-

able from both scientific and economic perspectives, but is very challenging because of the

small magnitudes of the target events (typically the magnitude is less than -1) and the high

level of ambient noise. Noise is caused partly by ongoing production and drilling activity

as well as being generated by pumping for the hydro-fracture itself. It is usually impossible

to detect the hydro-fracture events in the raw or frequency-filtered data using only a single

sensor. Therefore, it is necessary to utilize array processing techniques to suppress noise.

Several seismic array processing methods to improve the signal-to-noise ratio (SNR) have

been developed in the past few decades. The conventional method is delay-and-sum, also

known as beamforming. This method maximizes the array response for the assumed direc-

tion and slowness of the signal, but is not optimal because the noise at each frequency usually

will be concentrated at particular wavenumbers (Douglas, 1998). Frequency-wavenumber

filtering can deal with those particular wavenumbers, but implicitly assumes plane wave

propagation and requires regular spatial sampling. An adaptive beamforming with gener-

alized linear constraints was introduced by Shen (1979) and Özbek (2000). It is effective

for suppressing the ground roll and protecting target events using moving windows (Özbek,

1999). In this paper, we discuss a related technique, the frequency-dependent multi-channel

Wiener filter (MCWF). The application of the MCWF focuses on noise suppression using a

2D three-component array of seismometers, as well as different ways to protect the integrity

of the signals from microseismic events.

The MCWF optimizes the conventional beamforming by removing coherent noise from

each trace before stacking. It is an adaptive process in which the frequency-dependent filters
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are determined by the data. It is thus suitable for use with passive seismic monitoring arrays

in which the ambient noise might not be stationary.

An important issue in the application of the optimal Wiener filtering technique is sepa-

rating the noise and signal. In other words, there is always a trade-off between suppressing

the noise and preserving the signal. Two methods of applying linear constraints are in-

troduced to balance the noise suppression and signal preservation. We will show both

semi-synthetic (real noise, synthetic signals) and real data examples. They illustrate the

significant improvement that can be achieved in the SNR. We test the performance of the

MCWF with both vertical data on their own and with three-component data.

MULTI-CHANNEL WIENER FILTERS (MCWF)

Basics

The principle of the MCWF is to use the noise on a number of reference traces to predict

the noise on the primary channel, and then to subtract the predicted noise from the actual

data. We consider n-channel data, where channel Ai is taken as the primary channel. We

minimize the difference E between the predicted and actual data of the primary channel in

the least-squares sense:

E = [Ai(ω)−
n∑

j=1,j 6=i

Tj,i(ω)Aj(ω)]2 (1)

Ai(ω) are the spectra of Ai, where ω is the frequency. The transfer functions Tj,i(ω)

between the reference channels Aj and primary channel Ai are estimated by data-adaptive

multi-channel filters in the frequency domain.

All quantities are understood to be functions of frequency ω. The solution to equation 1
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is given by the solution of:
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(j = 1...n, j 6= i) (2)

To avoid tuning the transfer functions to the signal, the transfer functions are always

determined by segments of the data that precede the section to be filtered. The cross-

spectral matrices are averaged over multiple windows to stabilize the inversion for the

transfer function. The cross-correlation values are updated in a rolling manner, and the

strength of the filter is controlled by the window length and the number of windows.

The processing steps are as follows:

1. Take the data preceding the window of interest as the noise reference, and split them

into n windows, with 50% overlap between neighbouring windows.

2. In each window, taper the noise reference data and Fourier transform them. The

cross-spectra are determined for each pair of stations to construct the matrix in equation 2.

3. Average the cross-spectral matrices over n windows for the purpose of generalization

and stabilization.

4. Choose a primary channel i. The transfer functions Tj,i are then calculated by inver-

sion of the cross-correlation matrix AjA
∗
j in equation 2, using singular value decomposition

(SVD). To stabilize this inverse problem, a damping factor could be added to the diagonal

of the cross-correlation matrix. In that case, the linear least-square problem would become

damp least-square problem, which will be discussed later.
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5. For each trace taken as the primary channel, the transfer functions between the

primary channel and the reference channels are inverse-transformed back into the time

domain. Ideally, the window used to define the transfer function should not contain any

signal in order to avoid tuning the transfer functions to the signal rather than the noise, but

in practice this does not matter too much provided that the energy in the signal is small

compared to the energy in the noise.

6. Take the data which include the potential signals as the data to be filtered. In

equation 3, the noise on the primary channel is predicted by convolving the transfer functions

Tj,i with the reference channels Aj . The real primary channel Ai minus the predicted noise

yields the filtered primary channel A′i:

A′i = Ai −
n∑

j=1,j 6=i

Tj,i ·Aj (3)

7. Each channel in turn is made a primary channel as in equation 3, and the filtered

traces are then stacked.

A =
n∑

i=1

A′i (4)

8. To predict the next data segment, the first noise window is dropped from the cross-

spectral average, and a new window is added at the end, i.e. the cross-spectral matrices in

equation 2 are updated in a rolling manner.

If required, the filtered primary channels can be time-shifted to ensure the proper align-

ment of a putative signal. The tunable parameters of this algorithm are the number and

length of the windows used to determine the cross-correlation matrices, and the damping

factor. We will discuss appropriate choices of parameters in the section on case studies.

The implicit assumption of this filtering technique is that the effective wavenumber of
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the signal is different from the wavenumber of the noise, since otherwise the suppression

of the noise will also suppress the signal. This assumption is likely to be reasonable in

selected frequency bands as the noise is usually dominated by the ground roll, which travels

horizontally across the array, whereas the desired signal will be near-vertical arriving body

waves with almost simultaneous arrivals at all stations (or at least the arrivals can be made

simultaneous by appropriate time-shifting). In addition, the use of a 2D array helps to

eliminate the disadvantage of quasi-linear arrays when the dominant propagation direction

is perpendicular to the alignment of the array. However, when the wavelength of the ground

roll is large compared to the array dimensions (as may happen at low frequencies), this

technique will result in some signal suppression.

The potential effectiveness of an array for noise suppression is strongly dependent on

the spatial distribution of the interfering noise (Backus et al., 1964). That is to say, the

coherency of the noise controls the predictability from the reference channels, which deter-

mine how much coherent noise will be suppressed. If seismic noise were completely random,

then the output of the primary channel would be unpredictable. In that case, the transfer

function would approach zero, and the filtering method described here would effectively be

equivalent to stacking.

Because the algorithm treats each frequency independently, the matrices to be inverted

are only of size (n − 1) × (n − 1). As such the algorithm scales well with the number of

reference channels and we have successfully filtered data using more than 100 channels on

a standard desktop computer.
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Application to three-component data

Cross-coupling of noise between horizontal and vertical channels suggests that the two

horizontal components can be taken as reference channels to reduce the noise on the ver-

tical channel using the MCWF (Crawford and Webb, 2000; Dahm et al., 2006). Assuming

there are n three-component stations, horizontal components (H1, H2 ) are taken as ref-

erence channels to reduce the noise on the vertical channel (V ). We implement the three-

component filter in two steps. Firstly, we choose one vertical channel (V ) of a particular

station as the primary channel. All of the remaining channels can be taken as the reference

components. That is to say, the vertical components at all other stations as well as the

horizontal components of all stations, including the selected one, can be used as reference

channels. Each vertical component in turn is made a primary channel and filtered by the

reference channels. In the second step, we use the noise segments (vertical components

only) preceding the filtered section to generate the transfer functions rather than using the

individually filtered vertical channels in order to avoid tuning the transfer functions to the

signals. This step is like a repetition of the basic procedure of the MCWF, i.e., we do not

use the horizontal components in this step. We also tested other ways of implementing

three-component filtering. For example, instead of choosing all the remaining channels as

reference channels in the first step, we can choose only all the remaining horizontal channels,

or only two horizontal channels of the same station, whose vertical component is taken as

the primary channel. However, we found that the first method, namely, taking all of the

remaining channels as the reference channels, is the most effective method in terms of the

SNR improvement among those variants.
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Signal preservation using linear constraints

The signal could be severely attenuated or distorted when noise is maximally suppressed.

We try to reduce this problem by adding linear constraints. Essentially, the optimal filtering

techniques with linear constraints aim to suppress the ambient noise as much as possible

while minimizing signal distortion with an adjustable parameter controlling the balance

between both objectives.

To ensure that the signal is passed unattenuated, the following constraint is applied

(using the same notation as before):

n∑

j=1,j 6=i

Tj,i(ω) = 0 (5)

This is similar to the linear constraint used by Shen (1979) and Douglas (1998), except

that they require the transfer functions to sum to 1 rather than 0 because they use minimum

power as the filtering criterion.

There are two ways in which to add this linear constraint. The first method (Constraint

I) is to add equation 5 to the normal equation 2, giving
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, (j = 1...n, j 6= i) (6)

where Λ = λC. λ is a scaling factor, which controls the weight of the linear constraint.

C is a frequency-dependent normalization factor, which is the trace of the cross-correlation
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matrix. This is equivalent to the solution of the damp least square problem. The damp

factor λ is intended to help regularize ill-conditioned systems, by preventing the true solution

from being very large. The value of λ can be in the range between 0 and 1. When the

λ = 0, equation 6 degenerates to the linear least square problem described in equation 2.

The second method (Constraint II) employs the method of Lagrange multipliers to fulfill

the constraint on equation 2, giving
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∗
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∗
i
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AjA
∗
i

...

AnA∗i

0




, (j = 1...n, j 6= i) (7)

where d is the Lagrange multiplier.

In constraint I, the signal preservation is less important when Λ becomes smaller. The

linear constraint can be ignored as Λ approaches zero so that equation 6 becomes equivalent

to equation 2, i.e., the no-constraint version, which aims to suppress the noise as much

as possible and does not preserve the signal. On the other hand, by imposing the hard

constraint that the summation of the transfer functions is zero, constraint II (the Lagrange

multiplier version) completely protects the signal.

The linear constraint is especially important for protecting lower frequency signals. As

the wavelength of the noise becomes larger than the array size at lower frequencies, the

effective wavenumber of the noise approaches zero, and is no longer well separated from

that of the signal. Therefore, the signal is suppressed along with the low frequency noise in
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the unconstrained version of the filter.

CASE STUDIES

Gas Field: Wyoming array

We deployed a hexagonal array of 10 three-component Güralp 6TD seismometers in Wyoming,

USA in order to assess the feasibility of detecting hydro-fracture induced microseismic events

on a surface monitoring array (see Figure 1). No clear phases of microseismic events are vis-

ible due to the strong background noise, although 134 events with magnitudes between -2.5

to -1.8 were recorded on a down-hole array. Based on recorded noise levels and predicted

near surface amplitudes for the events in Wyoming, we estimate that the biggest event with

a magnitude of -1.8 would require a SNR improvement of 54 dB (3
2 × 20 log10

AM=1.8
AM=0

) in

order to make it detectable on a single surface station.

The MCWF procedure

We produce a semi-synthetic dataset by adding identical synthetic signals (spikes, band-

passed 0.5 - 10 Hz) to 20 s long vertical-component noise recordings of nine stations at 13 s

after the start time of the trace. We begin by setting the amplitude ratio between the spike

and the root mean square (RMS) value of the noise to AS/AN = 5.

We apply the MCWF to this semi-synthetic dataset and show the intermediate results

of the MCWF process in four steps (see Figure 2). In step I, we use the first 10 s of the

traces (Figure 2a) to generate the transfer functions between the primary channel i and the

reference channels j using equation 2, i.e., the transfer functions are constructed from signal-

free data segments. In step II, convolving the transfer functions with the semi-synthetic
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data (10 - 20 seconds, synthetic signal plus noise) in Figure 2b yields the predicted noise

(Figure 2c); a weak trace of the signal can be seen in some of the predicted noise traces

because the unconstrained version of the filter is used (e.g., in the top trace in Figure 2c).

In step III, the individually filtered traces in Figure 2d are obtained by subtracting the

predicted noise from the semi-synthetic data. Finally, stacking all the individually filtered

traces yields the MCWF filtered results (Figure 2f). For comparison, we show the results

obtained by stacking in Figure 2e. The long period noise (below 4 Hz) visible in the stacked

trace has largely been removed from the MCWF trace, but some high frequency noise

remains.

We tested window lengths from 0.5 s to 3 s in half-second increments. When the noise

reference length is fixed, shorter windows imply averaging over more windows, which should

make the transfer function estimate more robust. However, the number of data points in

the reference channels is lower, which might be expected to lead to a decrease of filter

efficiency, and filtering at low frequencies also requires long windows. In practice, the SNR

improvement did not vary noticeably for the window lengths tested, and we chose 2 s as

the window length. The preferred total length of the noise sequence used for calculation

of the transfer functions depends on the noise stationarity. For stationary noise, the noise

reference should be as long as computational efficiency allows in order to increase the number

of windows contributing to the averaging of the cross-correlations. However, if the noise

changes rapidly, the length of the noise sequence should be shortened in order to enable the

transfer functions to adapt quickly to changing noise properties. A total length of 10 s was

used for the sample case, resulting in 9 windows of 2 s each with 50% overlap.

To stabilize the matrix inversion (see equation 2), or equivalently for signal protection,

the damping factor λ is introduced as a scale number, which determines what proportion
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of the trace of the cross-correlation matrix is added to its main diagonal. A small or

zero damping factor intends to be close to the result of linear least square solution of the

deconvolution problem. It gives optimal noise suppression for the noise reference, but not

robust if the traces to be filtered have slightly different noise from the noise in the reference

data. That is to say, the cross-correlation matrix of equation 2 can be ill-conditioned. On

the other hand, a higher damping factor would result a less optimal filtered traces, but

performance is not expected to decrease that much on a slightly different noise sample. But

if the damping factor is too large, the transfer function will be unable to adapt to the noise

at all. We tested the damping factors in the appropriate range from 0.01 to 0.0001 and

found that the bigger damping factor tends to suppress more coherent noise. Therefore, a

damping factor of 0.01 was used for the sample case.

Using three-component data

In order to determine the detection threshold by the MCWF applied to this hexagonal

array, we produce another semi-synthetic dataset of five cases by setting the amplitude

ratio between the spike and the RMS noise to AS/AN = 1, 2, 3, 4, 5 (from top to bottom in

Figure 3a), in which the spike signal is added to the vertical components only. The East (E)

and North (N) components of this example station are also shown as the lower two traces

in Figure 3a.

We apply the MCWF to the five semi-synthetic datasets with different AS/AN . Stacked,

filtered results using only the vertical components are compared with those using three

components (see Figures 3b,c,d). The filtered traces for AS/AN ≥ 3 (Figures 3c and 3d)

clearly show the signals with higher amplitudes. However, for the given noise field and array
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configuration the signal is barely detectable for AS/AN = 2; a ratio of AS/AN of 1 (top trace

Figures 3c and 3d), is beyond the capability of the MCWF in this example. Most of the low

frequency noise, which is enhanced by stacking, is suppressed by the MCWF. However, the

filtering with three-component data does not appear to work better than using only vertical

components. This implies that using vertical components alone is sufficient to extract the

most dominant coherent noise among neighboring stations in this example. Horizontal

components provide little additional advantage for the purpose of filtering predominantly

vertical signals, if more than a handful of stations are available.

To evaluate the performance of the MCWF in detail, we also apply the MCWF to pure

noise, pure signal and noise plus signal for the threshold case, AS/AN = 2. Figure 4 displays

the power spectral density (PSD) of the data (before and after being filtered) and the SNR

(dB) of different methods. The SNR is calculated according to

SNR(dB) = 10 log10

(
PSDS

PSDN

)
(8)

where PSDS is the PSD of the signal (S), and PSDN is the PSD averaged over the noise

(N) free of the signal. A 0.5 s window over the spike signal is used to calculate the PSD of

the signal. Four windows with the same length as the S, preceding the S window, are used

to calculate the PSD of the noise (N) and averaged for the purpose of stabilization.

The SNR plot shows that the MCWF works better at lower frequencies due to the

array configuration, resulting in good coherency below 10 Hz. For 9 stations, the ex-

pected improvement of the SNR for stacking of uncorrelated noise is given by 4SNRstack =

10 log10(9) ' 9.5. However, the actual stack only reduces the noise by 3 - 7 dB due to the

fact that the noise is coherent and therefore stacks constructively, at least partially. The

MCWF reduces the noise by up to 14 dB at 2 - 10 Hz. However, the signal is also reduced
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by 2 - 3 dB, resulting in an overall SNR improvement of ∼11 dB in the threshold case.

Signal protection

To avoid signal distortion, we apply the MCWF with linear constraints and demonstrate

the results using the semi-synthetic dataset with AS/AN = 5 and compare with the MCWF

output of the unconstrained version (station WS05). As the traces are not normalized,

absolute signal amplitudes of the filtered traces can be compared to the original amplitude in

the raw or stacked trace. In this example, the signal amplitude is noticeably reduced by the

unconstrained filter, whereas the original amplitude is partially preserved with constraint I

and fully preserved with constraint II.

In Figure 5b, the SNR corresponding to Figure 5a is calculated according to equation 8.

The unconstrained version always works the best in terms of SNR improvement as it aims to

suppress the noise as much as possible. The linear constraint preserves the signal, especially

at lower frequencies (below 6 Hz). When the signal and noise overlap at lower frequencies,

where noise appears to be more coherent, both noise and signal are suppressed strongly

by the unconstrained version. When the frequency-dependent constraint is added, the

coherent low frequency components are suppressed less, so that the low frequency signal is

preserved better. Consequently, less low frequency noise suppression results in decreased

SNR improvement in the filtered data.

Natural Seismicity: Cavola array

The data come from a 2D seismic array of 95 seismometers (also Güralp 6TD) (Bordoni

et al., 2007). They were placed within an area of 130 m × 56 m on a landslide deposit
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close to the village of Cavola in the northern Apennines, Italy (Figure 6). Station spacing

in the grid was 10 m and 8 m. The noise field is dominated by ground roll from a ceramics

factory nearby (Bordoni et al., 2007). In spite of the small station spacing, the noise on the

different sensors shows marked variation dependent mainly on the thickness of the landslide

underneath each sensor (Bordoni et al., 2007). Numerous micro-earthquakes have been

recorded by this array. Among them, we have selected those with faint P-phases because

they serve as a challenging dataset for the purpose of testing the robustness of the algorithm.

The MCWF is thus tested in an environment where parametric approaches (e.g., assuming

plane waves) are difficult to apply due to the lateral heterogeneity present.

MCWF with linear constraints

A local earthquake (magnitude 1.7, epicentral distance 16 km, depth 30 km) at 2004.282.06:12:38

with ambiguous P-phase arrivals is used to demonstrate the application of the MCWF to

real data. We first choose 7 stations in line B (see Figure 6). In Figure 7, we display

the predicted noise, individually filtered traces, final stacking outputs and spectrograms of

the MCWF outputs from top to bottom for the three versions of the filter: unconstrained;

constraint I (partial signal protection); constraint II (total signal protection). For the un-

constrained version (left panels), some signals appear in the predicted noise because the

signals at lower frequencies have the same wavenumber as the noise. The transfer functions

treat those signals as the noise and they thus appear in the predicted noise, which explains

why the signals are distorted after being subtracted from the real signals. For constraint I,

the signals are partially protected by weighting the constraints in the over-determined inver-

sion problem. Finally, constraint II passes the signals with zero wavenumber unattenuated.

Hence, the signals must be aligned beforehand if the moveout of the signals is large enough
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to cause misalignment in the stacking. The spectrograms at the bottom of Figure 7 demon-

strate that the distortion of the waveform is due to the suppression of the low-frequency

energy in the signal. The low frequency P- and S- phases are effectively preserved by adding

the linear constraints.

Using three-component data

In order to test the filter efficiency for different events, we examine three events with different

SNR in the raw data. We choose two datasets (one with 7 and the other with 35 stations,

noisy channels with random spikes excluded; marked in Figure 6) to filter these events. The

results of using either vertical components only or three-component data are compared with

that of pure stacking (Figure 8, top panels). As the signal and noise cannot be separated

in the real case and the PSDS is thus unknown, we estimate the SNR using

SNR(dB) = 10 log10

(
PSDS+N

PSDN

)
(9)

where PSDS+N is the PSD of the signal plus noise (S+N)1. Here we take the suitable

window lengths for different events (see Figure 8) around the P- phase to calculate the PSD

of the S+N. Four windows with the same length as the S+N, preceding the S+N window,

are used to calculate the PSD and averaged as the PSD of the noise (N).

For the SNR evaluation, the PSD values depend on the window length. The SNR in dB

is more or less arbitrary as the signal has a limited length. The frequency domain SNR plots

therefore can only provide a relative evaluation of the different methods. The performance
1This expression tends to overestimate the SNR, particularly for small values of the SNR. Instead, we

could have used 10 log10

(
PSDN+S−PSDN

PSDN

)
, which is theoretically more accurate. However, the argument

to the logarithm can approach zero, and even become negative when the signal is sufficiently small so that

the SNR thus will become unstable or undefined.
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cannot be compared directly between these two examples as we use different formula to

calculate the SNR. However, we can gain a general idea of how the algorithm works in the

different noise environments. Even for the same location, such as Cavola, the MCWF works

quite differently on the two events at 2004.236.20:42:25 and 2004.282.06:12:38. This might

be due to the working period of machinery in the factory nearby (at GMT 03:00 - 18:00),

i.e., it was only operational at the time of the second event. On the other hand, the tests

on the diverse noise environments demonstrate the robustness of the MCWF.

The P arrival (event 2004.235.07:13:45) is buried in the ambient noise in the raw data,

but shows up after filtering. The results filtered by the vertical component only and

by three-component data are more or less the same. The second and third events, at

2004.236.20:42:25 and 2004.282.06:12:38, respectively, show significant SNR improvement.

The SNR is improved up to 22 dB over the optimally performing frequency band (2 - 15

Hz) using 35 stations in the best case. Using 7 traces for the MCWF generates even bet-

ter results than simply stacking 35 traces. Because the three-component filtering achieves

similar results to the vertical-component filtering for the same number of stations, the use

of a large number of vertical channels is preferred in situations where the total number of

channels is the main constraint on the acquisition geometry and the horizontal channels are

not required for other reasons (e.g., for S wave detection). So we do not in general recom-

mend the use of three-component acquisition systems for filtering, because three times as

many channels are needed and it does not necessarily work better than using only vertical

component data.
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The number of stations

In practice, we would like to use the minimum number of sensors within an array. We

therefore attempt to estimate how the SNR improvement varies with the number of stations.

We randomly choose N stations (ranging from N= 2 to 35) twenty times and apply the

MCWF to each of the extracted sub-arrays using the event data at 2004.282.06:12:38. In

practice, the center station of each sub-array is randomly chosen in the first step, the closest

stations are then picked as the remaining stations so that the stations in the sub-array are

closely located. The PSD of the signal is calculated from a 0.6 s window around the first

arrival of P- phase. Four windows with the same length preceding the signal window are

used to calculate the PSD and averaged as the SNR of the noise. To demonstrate the SNR

improvement versus the number of stations, we take four representative frequencies, namely,

2, 5, 10 and 15 Hz. For each random case, the SNR value at that particular frequency is

taken and plotted along the station number axis in Figure 9. For reference, we also add the

theoretical curve for the expected SNR improvement for stacking if the noise is uncorrelated:

4SNR = 10 log10(N).

Unsurprisingly, at all four frequencies both MCWF and stacking work better and more

stably when more stations are used. At 2 and 5 Hz, the SNR improvement by the MCWF

is more scattered than stacking, but MCWF almost always results in the better SNR.

The scatter most likely arises due to the variability of the data quality between different

stations arising from the random selection will not all be equally suitable. Considerable

SNR improvement by the MCWF algorithm compared to stacking is achieved at 2 Hz, 5

Hz and 10 Hz. Stacking at 2 Hz and 5 Hz is not successful at improving the SNR because

the low frequency noise tends to be more coherent than higher frequency noise. At 10 Hz
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and 15 Hz, the MCWF still generally works better than stacking even though the noise

is much less coherent above 10 Hz. The overall trend of the SNR reduction above 10 Hz

resembles what would be expected for the random noise reduction. At 15 Hz, the high

frequency coherency at some stations drops more quickly, yielding worse results than at 10

Hz. The high frequency noise reduction by the MCWF is more scattered and more sensitive

to which stations are selected than is the low frequency noise reduction (see 5 Hz and 15

Hz). Although this individual event example does not necessarily represent the general rules

of how SNR improvement varies with the number of stations, we have tested a number of

events and found that the MCWF generally works better than stacking, especially in the

frequency bands where noise is coherent and the wavenumbers of the noise and signal are

well separated. The SNR improvement relative to stacking is more modest when exceeding

a certain number of stations (e.g., 15 stations in this example).

DISCUSSION

The optimal array configuration of the MCWF is an open question. In general, the MCWF

will perform best if the coherency between traces is high, but the moveout of the noise is

sufficient for the phase to vary across the array: both these measures are clearly frequency-

dependent. Even in this case, the benefits of the MCWF will saturate after a certain

number of reference channels have been added, with further SNR improvements simply

arising from stacking of incoherent noise. When this saturation point is reached will depend

on the complexity of the noise field: for the Cavola example, it appears to be reached at

approximately 10 - 15 vertical channels (see Figure 9). When the reference traces are taken

from a much wider array where the noise coherency starts to decrease, the MCWF should

not improve on stacking in the less coherent frequency band. On the other hand, when
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the reference stations are too close, the low frequency noise has a very small moveout,

indistinguishable from the signal, resulting in low frequency signal distortion by the no-

constraint MCWF and low frequency noise remaining unsuppressed by the constrained

MCWF. To summarize, the MCWF is robust with respect to the choice of array dimension

but will approach the performance of conventional stacking if the array is too sparse. In

addition, the MCWF would also not be effective if the stations are too close for the signal

and noise to have separate wavenumbers.

The observation that the three-component MCWF filter does not work significantly

better than the vertical-only MCWF reflects the fact that the vertical components are

sufficient to define the noise wavefield and thus adding the horizontal components does not

yield a better prediction of the primary channel noise. However, three components can be

very effective for filtering data from individual stations. For example, polarization filters can

help to remove some circularly polarized noise from three-component stations, even though

they do not have the ability to exploit noise coherence across multiple stations. We have

compared the performance of a polarization filter on a single three-component station with

the MCWF result on three vertical channels using the semi-synthetic dataset in Wyoming.

We found that the noise on the vertical components can be suppressed to the same level by

both polarization filtering and by the MCWF. However, the polarization filter is less robust

when the signal is too weak to separate its circularity from that of the noise.

CONCLUSIONS

A multi-channel Wiener filter (MCWF) has been implemented in the frequency domain. The

MCWF is an adaptive process and allows non-stationary ambient noise filtering provided

the spatial source of the noise is stationary over time periods of about 1 minute or so.

21



Its effectiveness has been evaluated in the two different noise environments of a gas field

in Wyoming, USA, and a rural environment in Italy, where there is also some industrial noise

is present. The performance of the MCWF depends strongly on the frequency-dependent

noise field coherency.

By making semi-synthetic tests using the noise data recorded in the oilfield, we show that

the SNR in the frequency band 2 - 10 Hz can be improved by up to 11 dB using a 9-element

array. The denser array in Italy shows the effectiveness of the MCWF on a real dataset,

where the SNR is improved up to more than 20 dB using 35 three-component stations in

the best case and expands the frequency band over which the MCWF is effective up to

15 Hz. Filtering using three-component data (with three times as many channels) did not

result in a significant improvement of the noise suppression compared with filtering using

vertical-only data. Linear constraints provide a flexible way to control the trade-off between

signal preservation and noise suppression. However, in general they appear to result in a

reduction of SNR improvement such that their use should be restricted to situations where

it is important to preserve the fidelity of the waveform.
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1 Geometry of the Wyoming array. The array consists of ten Güralp 6TD seismome-

ters (stars) in a hexagon. Seismometer WS06 (grey star) was faulty and did not produce

any data.

2 Intermediate steps in implementation of the MCWF. The amplitude corresponds

to velocity (arbitrary units). The scale is different for each panel. (a) Pure noise window

for all traces (0 - 10 s), free of signals. (b) Window containing signal (10 - 20 s). The

semi-synthetic data are generated by adding identical synthetic signals with AS/AN = 5 to

the actual noise data immediately following the data shown in a. (c) The predicted noise

from the reference channels as each trace is taken as the primary channel in turn. (d) The

difference between the data to be filtered, b, and noise predicted, c, i.e., the individually

filtered results. (e) Stack of traces in b. (f) MCWF result: stack of traces in d. For display,

all waveforms are filtered with a Butterworth filter 0.5 - 10 Hz, with order 3.

3 (a) The semi-synthetic waveform examples from station WS05. The vertical com-

ponents are shown with increasing AS/AN from top to bottom, followed by the North (N)

and East (E) components of the same station. (b) Conventional stacking of vertical compo-

nents in the five SNR cases. (c) The MCWF results using vertical channels only. (d) The

MCWF filtered results using three component data. All waveforms are band-pass filtered

with a Butterworth filter 0.5 - 10 Hz, with order 3.

4 (a) Power spectral density of the filtered results. We use different colors to separate

the PSD of noise (black), signal (blue) and noise + signal (red). In these labels, we use
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“N” to represent noise, “S” for signal and “N+S” for noise + signal. Results from the raw

data are displayed as dashed lines, from stacking as dash-dot lines and the filtered results

as solid lines. (b) The SNR for each case is evaluated and shown using the same line types

as in (a).

5 (a) Comparison of single station and stacked traces with several versions of the

MCWF. The single station trace (WS05) and stack serve as a reference for the true signal

amplitude. We control the signal preservation by adjusting the weights of the linear con-

straint. (b) The SNR for each case is evaluated and shown using the same colors as in a.

6 Geometry of the Cavola 2D array (95 Güralp 6TD seismometers). Grey symbols

show the seismometers with faulty or missing data. Black circles with grey numbers indicate

poor quality data, which are characterized by the occurrence of seemingly random spikes.

These data are excluded from the analysis. Traces from Line B (7 sites) and Lines A-F (35

sites) are used for filtering.

7 The intermediate and final outputs of three MCWF methods from left to right: no

signal protection, partial signal protection (constraint I, λ = 0.01) and total signal protec-

tion (constraint II). Results from the outputs of the three methods from top to bottom are:

(a) predicted noise, (b) individually filtered traces, (c) final stacking outputs and (d) spec-

trograms of the final stacking outputs. The amplitude corresponds to velocity (arbitrary

units). The scale is different for each panel. The theoretical P- arrival (red) and S- arrival

(blue) are marked in the final stacking outputs. The noise reference is 60 s. The window
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length for filtering is 2 s with 50% overlap, the damping factor is 0.01. These parameters are

found to be optimal for this example, which are also in the following tests. All waveforms

are filtered with a Butterworth filter 1 - 20 Hz, order 3.

8 Top panels, MCWF output for various configurations: the raw trace (station 10 in

Figure 6) at the bottom of the panel acts as an amplitude reference. The green trace above

it is the result of stacking all 35 (Lines A-F) vertical components (see Figure 6). Filtered

results (normalized) from only the vertical components (light pink and light blue) using 7

and 35 stations are compared with the filtered results using three-component data (deep

pink and dark blue), respectively. The noise segment is 60 s preceding the filtered data

and the window length for the transfer function averaging is 2 s, with 50% overlap. All

waveforms are filtered with a Butterworth filter 1 - 20 Hz, order 3. Bottom panels: the

SNR for each case is evaluated and shown using the same colors as in the corresponding

top panels. The window lengths to evaluate the PSD of the P- phase of each event are 1 s,

0.5 s and 0.6 s from left to right.

9 SNR improvement (dB) plotted versus number of stations at (a) 2 Hz, (b) 5 Hz,

(c) 10 Hz, (d) 15 Hz. The circle symbols represent the SNR improvement by the MCWF

and the cross symbols represent the improvement by stacking. Each symbol corresponds to

one random subset of stations. For comparison, the black curve shows the expected SNR

improvement by stacking under the assumption that the noise is completely random.
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1 Geometry of the Wyoming array. The array consists of ten Güralp 6TD seismome-

ters (stars) in a hexagon. Seismometer WS06 (grey star) was faulty and did not produce

any data.

2 Intermediate steps in implementation of the MCWF. The amplitude corresponds

to velocity (arbitrary units). The scale is different for each panel. (a) Pure noise window

for all traces (0 - 10 s), free of signals. (b) Window containing signal (10 - 20 s). The

semi-synthetic data are generated by adding identical synthetic signals with AS/AN = 5 to

the actual noise data immediately following the data shown in a. (c) The predicted noise

from the reference channels as each trace is taken as the primary channel in turn. (d) The

difference between the data to be filtered, b, and noise predicted, c, i.e., the individually

filtered results. (e) Stack of traces in b. (f) MCWF result: stack of traces in d. For display,

all waveforms are filtered with a Butterworth filter 0.5 - 10 Hz, with order 3.

3 (a) The semi-synthetic waveform examples from station WS05. The vertical com-

ponents are shown with increasing AS/AN from top to bottom, followed by the North (N)

and East (E) components of the same station. (b) Conventional stacking of vertical compo-

nents in the five SNR cases. (c) The MCWF results using vertical channels only. (d) The

MCWF filtered results using three component data. All waveforms are band-pass filtered

with a Butterworth filter 0.5 - 10 Hz, with order 3.

4 (a) Power spectral density of the filtered results. We use different colors to separate

the PSD of noise (black), signal (blue) and noise + signal (red). In these labels, we use

“N” to represent noise, “S” for signal and “N+S” for noise + signal. Results from the raw

data are displayed as dashed lines, from stacking as dash-dot lines and the filtered results

as solid lines. (b) The SNR for each case is evaluated and shown using the same line types
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as in (a).

5 (a) Comparison of single station and stacked traces with several versions of the

MCWF. The single station trace (WS05) and stack serve as a reference for the true signal

amplitude. We control the signal preservation by adjusting the weights of the linear con-

straint. (b) The SNR for each case is evaluated and shown using the same colors as in a.

6 Geometry of the Cavola 2D array (95 Güralp 6TD seismometers). Grey symbols

show the seismometers with faulty or missing data. Black circles with grey numbers indicate

poor quality data, which are characterized by the occurrence of seemingly random spikes.

These data are excluded from the analysis. Traces from Line B (7 sites) and Lines A-F (35

sites) are used for filtering.

7 The intermediate and final outputs of three MCWF methods from left to right:

no signal protection, partial signal protection (constraint I, λ = 0.01) and total signal pro-

tection (constraint II). Results from the outputs of the three methods from top to bottom

are: (a) predicted noise, (b) individually filtered traces, (c) final stacking outputs and (d)

spectrograms of the final stacking outputs. The amplitude corresponds to velocity (arbi-

trary units). The scale is different for each panel. The theoretical P- arrival (red) and S-

arrival (blue) are marked in the final stacking outputs. The noise reference length is 60 s.

The window length for filtering is 2 s with 50% overlap, the damping factor is 0.01. These

parameters are found to be optimal for this example, which are also in the following tests.

All waveforms are filtered with a Butterworth filter 1 - 20 Hz, order 3.

8 Top panels, MCWF output for various configurations: the raw trace (station 10 in

Figure 6) at the bottom of the panel acts as an amplitude reference. The green trace above

it is the result of stacking all 35 (Lines A-F) vertical components (see Figure 6). Filtered

results (normalized) from only the vertical components (light pink and light blue) using 7

29



and 35 stations are compared with the filtered results using three-component data (deep

pink and dark blue), respectively. The noise segment is 60 s preceding the filtered data

and the window length for the transfer function averaging is 2 s, with 50% overlap. All

waveforms are filtered with a Butterworth filter 1 - 20 Hz, order 3. Bottom panels: the

SNR for each case is evaluated and shown using the same colors as in the corresponding

top panels. The window lengths to evaluate the PSD of the P- phase of each event are 1 s,

0.5 s and 0.6 s from left to right.

9 SNR improvement (dB) plotted versus number of stations at (a) 2 Hz, (b) 5 Hz,

(c) 10 Hz, (d) 15 Hz. The circle symbols represent the SNR improvement by the MCWF

and the cross symbols represent the improvement by stacking. Each symbol corresponds to

one random subset of stations. For comparison, the black curve shows the expected SNR

improvement by stacking under the assumption that the noise is completely random.
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Figure 1: Geometry of the Wyoming array. The array consists of ten Güralp 6TD seis-

mometers (stars) in a hexagon. Seismometer WS06 (grey star) was faulty and did not

produce any data.
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Figure 2: Intermediate steps in implementation of the MCWF. The amplitude corresponds

to velocity (arbitrary units). The scale is different for each panel. (a) Pure noise window

for all traces (0 - 10 s), free of signals. (b) Window containing signal (10 - 20 s). The

semi-synthetic data are generated by adding identical synthetic signals with AS/AN = 5 to

the actual noise data immediately following the data shown in a. (c) The predicted noise

from the reference channels as each trace is taken as the primary channel in turn. (d) The

difference between the data to be filtered, b, and noise predicted, c, i.e., the individually

filtered results. (e) Stack of traces in b. (f) MCWF result: stack of traces in d. For display,

all waveforms are filtered with a Butterworth filter 0.5 - 10 Hz, with order 3.

Wang et al. – Wiener filter application to event detection

32



10 15 20

A
S
/A

N
 = 1

A
S
/A

N
 = 2

A
S
/A

N
 = 3

A
S
/A

N
 = 4

A
S
/A

N
 = 5

N
E

Raw

10 15 20

A
S
/A

N
 = 1

A
S
/A

N
 = 2

A
S
/A

N
 = 3

A
S
/A

N
 = 4

A
S
/A

N
 = 5

Stacking

10 15 20

A
S
/A

N
 = 1

A
S
/A

N
 = 2

A
S
/A

N
 = 3

A
S
/A

N
 = 4

A
S
/A

N
 = 5

V

Time (s)
10 15 20

A
S
/A

N
 = 1

A
S
/A

N
 = 2

A
S
/A

N
 = 3

A
S
/A

N
 = 4

A
S
/A

N
 = 5

3C

Time (s)

a) b)

c) d)
Signals

Figure 3: (a) The semi-synthetic waveform examples from station WS05. The vertical

components are shown with increasing AS/AN from top to bottom, followed by the North

(N) and East (E) components of the same station. (b) Conventional stacking of vertical

components in the five SNR cases. (c) The MCWF results using vertical channels only.

(d) The MCWF filtered results using three component data. All waveforms are band-pass

filtered with a Butterworth filter 0.5 - 10 Hz, with order 3.
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window length for filtering is 2 s with 50% overlap, the damping factor is 0.01. These

parameters are found to be optimal for this example, which are also in the following tests.

All waveforms are filtered with a Butterworth filter 1 - 20 Hz, order 3.
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