
1. Introduction
Seismic location is one of the most basic problems in seismology (Geiger, 1912; Kao & Shan, 2004; Richards 
et al., 2006). It is important for the research of seismicity activities, such as geological hazard monitoring (Zhang 
et al., 2020), safety monitoring in the mining industry (Li & Zhao, 2012), and induced seismicity monitoring in 
oil or gas exploitation (Li et al., 2011; Maxwell & Urbancic, 2001). Accurately locating the events is essential for 
better delineating the subsurface fault structures in both natural and induced earthquakes.

Many traditional methods have been developed to locate various types of sources. Firstly, the arrival-time-based 
location methods have been widely used to efficiently locate seismic events. This type of method is typically 
based on the traveltime inversion (Geiger,  1912), the master event (Ito,  1985), the double-difference (Wald-
hauser & Ellsworth, 2000), and reverse travel time imaging (Ge et al., 2019). However, these methods typically 
require arrival picking and inaccurate picking may decrease the location precision, especially for events with 
low signal-to-noise ratios (SNR). Secondly, the waveform-based location methods are proposed and they can 
effectively locate the weak events. Shelly et al. (2007) and Peng and Zhao (2009) have successfully applied the 
template-matching methods to detect and locate the non-volcanic tremor and aftershock. For locating micro-
seismic events, Zhang and Zhang (2016) developed a microseismic search engine to estimate source location 
for downhole monitoring. The migration-based location methods, such as wave-equation-based time-reverse 
imaging (TRI, Artman et al., 2010; Kawakatsu & Montagner, 2008) and ray-theory-based diffraction stacking 
imaging (Duncan,  2005; Kao & Shan,  2004), have been widely used for the microseismic location as well. 
However, these methods suffer from huge calculation costs, especially for the surface array with a large number 
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of receivers. Recently, deep learning has been introduced to locate induced seismicity (Kriegerowski et al., 2019; 
Perol et al., 2018; Saad & Chen, 2020; Zhang et al., 2020).

Among the above methods, the migration-based location methods have the power of stacking a large number of 
waveforms and show great merits in enhancing the SNR of microseismic events, as a result, migration-based meth-
ods are widely adopted to locate the weak events whose first arrivals are difficult to pick. However, the hydraulic 
fractures usually contain many shear sources (Maxwell, 2014), resulting in polarity reversal during receivers at 

Figure 1. The quasi-symmetric pattern obtained at source origin time by (a) the TRI, (b) the Kirchhoff summation, and (c) 
the diffraction stacking. (d) Is the ideal source image whose maximum is located at the true source position indicated by the 
black circle. The black crosses indicate the maximum of the corresponding migration images.

Figure 2. The architecture of the 3D U-Net. The 3D convolution operations are used for all convolution layers.



Journal of Geophysical Research: Solid Earth

ZHANG ET AL.

10.1029/2021JB022649

3 of 19

different azimuths. Taking a pure shear strike-slip source with a symmetri-
cally distributed surface array as an example, the migration image exhibits a 
quasi-symmetric distribution corresponding to the source radiation pattern. 
The center of this quasi-symmetric distribution indicates the true source in 
both the space and time domain and its imaging value is almost zeros. Thus, 
migration imaging cannot obtain the true source location by directly using the 
maximum imaging condition. To solve this problem, previous studies have 
developed many traditional techniques, which can be divided into two major 
categories: (a) correcting the polarity of the waveform before migration; (b) 
correcting the migration image by appropriate imaging conditions to focus 
the quasi-symmetric pattern onto its center. In the former case, the raw wave-
forms for migration can be replaced by their character functions to cancel the 
impact of polarity reversal. The character functions included absolute value 
(Kao et al., 2006; Kao & Shan, 2004), envelope (Kao & Shan, 2007), short 
time average to long time average ratio (STA/LTA; Grigoli et al., 2013, 2014), 
kurtosis (Langet et al., 2014), and coherency (Shi et al., 2018). The reversed 
polarity can also be corrected by source moment tensor inversion (Anikiev 
et  al.,  2014; Zhebel & Eisner,  2015), moment tensor imaging (Chambers 
et  al., 2014), or focal mechanism search (Liang et  al., 2016). The polarity 

corrections based on amplitude trend least-squares fitting (Xu et  al.,  2020) and convolutional neural network 
determination (Tian et al., 2020) were also applied to surface microseismic data. In the latter case, the imag-
ing conditions for TRI mainly contained integral imaging, PS cross-correlation imaging (Artman et al., 2010), 
interferometric imaging (Li et al., 2014; Wang et al., 2013; Zhang & Zhang, 2022), the PS interferometric cross- 
correlation imaging (Zhou & Zhang, 2017; Zhou et al., 2022), energy imaging (Oren & Shragge, 2019; Rocha 
et al., 2019), and the geometric-mean imaging (Lyu & Nakata, 2020; Nakata & Beroza, 2015).

In addition to the unfocused problem of migration imaging, the traditional source detection based on a constant 
threshold often has false triggering due to the multi-extremums, especially for cases with outliers. In this study, 
we use deep learning to efficiently compute a better-focused source from migration image for microseismic loca-
tion during hydraulic fracturing. The U-Net is firstly proposed for cell image segmentation in life science by 
Ronneberger et al. (2015) and has been widely used in many aspects of geophysics (Li et al., 2021; Wu et al., 2020; 
Yan & Wu, 2021). Due to the good performance of the U-Net on feature extraction, we use a 3D U-Net archi-
tecture modified from the widely used 2D U-Net to deal with the unfocused problem of migration imaging, and 
the network can also be regarded as a kind of imaging condition. Considering the calculation costs, we apply this 
imaging condition to diffraction stacking, even though it is suitable for both ray-based and wave-equation-based 
migration. We use synthetic datasets to train our network. The inputs of the network are the 4D diffraction stack-
ing images (with the spatial-temporal quasi-symmetric patterns), and the labels are defined as the Gaussian distri-
butions centered on true source locations. In this paper, we first explain the theory of migration imaging and the 
problem of polarity reversal. We then introduce the architecture of our 3D neural network designed for improving 
source migration images. We further describe the preparation of training data, training results, and error analysis 
of prediction. Finally, we apply the trained network to locate the microseismic events for field data.

2. Migration-Based Source Imaging
Among the migration-based method, TRI has the merits of precise recovery of 
the wavefield. TRI is a wave-equation-based migration method that uses the 
time-reversed records at surface stations as the boundary condition or source 
term to reconstruct wave propagation utilizing the wave equation, which can 
handle a complex velocity model. Kawakatsu and Montagner (2008) demon-
strated that the time-reversal wavefield for the moment tensor source at 𝒙𝒙 may 
be expressed as:

����(�) = ��
��(�, �; �, 0) ∗ ��(�0 − �), (1)

Figure 3. A real surface array for microseismic location during hydraulic 
fracturing.

Parameters Ranges

Source locations (m) x (−320, 320)

y (−320, 320)

z (−1,620, −980)

Source origin time (ms) t (10, 320)

Source mechanisms (︒) strike (0, 360)

dip (0, 90)

rake (0, 180)

Table 1 
The Ranges of Source Parameters for 800 Random Sources
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where 𝐴𝐴 𝐴𝐴𝑛𝑛(𝑡𝑡) is nth component of observation waveform at a point 𝐴𝐴 𝒓𝒓 ; 𝐴𝐴 𝐴𝐴
𝑛𝑛

𝑖𝑖𝑖𝑖
 is the strain field due to a unit force 

directed to nth direction from 𝐴𝐴 𝒓𝒓 to 𝐴𝐴 𝒙𝒙 ; 𝐴𝐴 𝐴𝐴0 is an arbitrary reference time. In this case, the back-propagated wavefield 
will converge at the source location as the moment tensor and exhibit a quasi-symmetric distribution.

However, considering the large calculation costs of the time-reverse imaging method, we can use the ray-theo-
ry-based migration to improve the efficiency of the wavefield recovery. For example, the Kirchhoff summation 
can recover a similar quasi-symmetric pattern when the velocity is not too complex to have the multi-path effect 
or focusing and defocusing effects (Hung et al., 2001). The far-field P-wave Kirchhoff summation (Yilmaz, 2001) 
can be expressed as:

� (�, �0) =
1
4�

∑

�
cos �
√

��

�
��
� [�, �0 + ��(�,�)] , (2)

where 𝐴𝐴 1∕
√

𝑣𝑣𝑣𝑣 (𝐴𝐴 1∕𝑣𝑣𝑣𝑣 for 3D) represents spherical spreading, in which 𝐴𝐴 𝐴𝐴 and 𝐴𝐴 𝐴𝐴 are P-wave root-mean-square (RMS) 
velocity at receiver 𝐴𝐴 𝒓𝒓 and distance between imaging point 𝐴𝐴 𝒙𝒙 and receiver 𝐴𝐴 𝒓𝒓 , respectively; 𝐴𝐴 cos 𝜃𝜃 is obliquity factor 
and 𝐴𝐴 𝐴𝐴 is the azimuth angle from imaging point 𝐴𝐴 𝒙𝒙 to receiver 𝐴𝐴 𝒓𝒓 ; the time derivative 𝐴𝐴

𝜕𝜕

𝜕𝜕𝜕𝜕
 indicates phase correction; 𝐴𝐴 𝐴𝐴 

represents the displacement of receiver 𝐴𝐴 𝒓𝒓 ; 𝐴𝐴 𝐴𝐴𝐴𝐴 is the P-wave traveltime.

The simplest migration method is diffraction stacking, which stacks the waveform only along the moveout curve. 
In terms of computational cost, diffraction stacking is more efficient than the wave equation and Kirchhoff 
summation. However, diffraction stacking omits the effects of the obliquity factor, spherical spreading, and phase 
correction in Equation 2; thus, the stacked wavefield is not the true wavefield. In this work, we apply directly 
stacking the records by using the following diffraction stacking equation:

�(�, �0) =
∑

�
� [�, �0 + ��(�,�)] . (3)

Figure 4. One of the noise-free samples. The upper panel shows the synthetic waveform. The middle panel indicates three 
slices of diffraction stacking image that is the input data of the network. The bottom panel indicates three slices of a Gaussian 
distribution centered on the source location (displayed by white crosses), that is the label of the network.
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We use a simple test to visually demonstrate the problem of polarity reversal for a 2D situation. A dip-slip source 
is deployed in a homogeneous medium and symmetric receivers are distributed on the surface. Figure 1a shows 
the result of TRI at origin time, and it exhibits some spatially quasi-symmetric features related to the source radia-
tion pattern. Figure 1b shows the result of the Kirchhoff summation which has a similar quasi-symmetric distribu-
tion as TRI. The result of diffraction stacking is shown in Figure 1c which also exhibits a quasi-symmetric pattern 
although it has some differences from that of TRI and Kirchhoff summation. The true location is not located at 
the maximum of this migration image. In contrast, the image value is almost zero. Thus, we have to suppress 

the multi-extremum and correct this quasi-symmetric pattern to focus energy 
onto its center indicating the true source location as shown in Figure 1d.

3. Deep Learning for Improving the Source Image
We propose a deep learning method to compute an improved focused source 
image (Figure 1d) from a regular diffraction stacking image (Figure 1c). We 
solve this regression problem by using a 3D U-Net architecture which is 
modified from the widely used 2D U-Net (Ronneberger et al., 2015).

3.1. Network Architecture

As shown in Figure 2, the 4D diffraction stacking image is taken as the input 
of the network. The size of input data is 64*64*64*32 which indicates the 
solution space of source parameters (x, y, z, t). Due to the convolution layers 
in our network being 3D convolution, we take the time dimension as the 
channel dimension in our network. After every two layers of 3D convolution, 
four down-sampling pooling layers are used to achieve the profile features. 

Figure 5. One of the noisy samples. The upper panel shows the synthetic waveform. The middle panel indicates three slices 
of diffraction stacking image that is the input data of the network. The bottom panel indicates three slices of a Gaussian 
distribution centered on the source location (displayed by white crosses), that is the label of the network.

Figure 6. Loss curve of training and validation.
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Then, we obtain the output by four up-sampling layers and the following two layers of 3D convolution to achieve 
the same size as the input. The horizontal skip connections ensure that the output layers can obtain both profile 
and detail features from the input layers. The training label is defined as a Gaussian distribution centered on the 
true source location. Based on the recognition by U-Net, we transform the problem of pattern correction into a 
regression problem.

3.2. Data Preparation and Training

We adopt a real surface array for microseismic monitoring during hydraulic fracturing for coal-bed methane in 
China to simulate the synthetic waveform and produce images for training. 10 lines of receivers (black inverted 
triangles in Figure 3) are deployed to record microseismic signals during hydraulic fracturing. The array consists 
of 758 vertical component geophones with an average interval of approximately 25 m and the total spread is about 
2,500 m. Our study is performed within a cube centered on the perforation (red star in Figure 3) with a 20 m 
spacing. The blue box in Figure 3 shows the horizontal projection of this cube with the range of 1,280 m in both 
horizontal and depth.

Since the microseismic events recorded by the surface array are dominated by shear failure, we just consider 
the double-couple sources in our training process. Eight hundred sources with random locations and source 
mechanisms are used to generate the datasets of input (stacking image) and label (Gaussian-shaped image). The 
ranges of locations and mechanisms for these random sources are shown in Table 1. The forward waveforms 
are computed using the elastic wave finite-difference code developed by Zhang and Chen  (2006) and Zhang 
et al. (2012). Figure 4 shows one of the noise-free samples with the source location of (x, y, z, t) = (−120 m, 
380 m, −1,140 m, 110 ms) and the source mechanism of (strike, dip, rake) = (0, 90, 0).

To train the network that can be applied to the real noisy data, we add different realistic noise waveforms to half 
samples (400 samples) of the training datasets and validation datasets. We assume the waveforms of the real data 
before any events recorded by the surface array in Figure 3 to be the realistic noise waveforms. We then take 
1,000 ms noise waveforms each time to add to the synthetic waveforms of each sample. The starting times of the 
noise waveforms are different with 1 ms separation each time. The amplitudes of the noise waveform are scaled to 

Figure 7. One of the noisy samples in validation datasets. The upper panel shows three slices of diffraction stacking image 
that is the input data of the network. The middle panel indicates three slices of a Gaussian distribution centered on the source 
location that is the label of the network. The bottom panel shows three slices of the prediction. The white crosses show the 
maximum of the label and indicate the true source location. The black circles show the maximum of prediction and indicate 
the source location predicted by the trained network.
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Figure 8. Location results of 80 events from validation dataset. The upper panel shows a comparison between true source 
locations (black crosses), predicted locations by using the trained network (red circles), and diffraction stacking (DS) 
locations (blue boxes); The bottom panel shows a statistic of location errors from network prediction. The numbers above the 
histograms indicate the number of samples corresponding to the errors.

Figure 9. The statistics of prediction for noisy synthetic datasets with SNR are 1/2 (The upper panel) or 1/3 (the bottom 
panel).
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satisfy a pre-defined SNR level, which is defined as the ratio of the maximum 
absolute amplitude of synthetic waveforms of all the traces to that of all the 
noise waveforms. In this work, we use the SNR of 1 in the training process. 
Figure 5 shows one of the noisy samples with the source location of (x, y, 
z, t) = (−120 m, −140 m, −1,320 m, 160 ms) and the source mechanism of 
(strike, dip, rake) = (110, 73, 149).

For all 800 samples, we take both 360 noise-free and noisy samples as training 
datasets and both 40 noise-free and noisy samples as validation datasets. The 
designed network contains 23, 560, 096 training parameters. The loss func-
tion of mean square error (MSE) and dynamic learning rate are employed. 
The initial learning rate is 0.0004, and it is halved every 20 epochs. The batch 
size is set as nine. As shown in Figure 6, the loss of training and validation 
has converged with 200 epochs of training.

4. Example Application
After the training, we test the network on the validation datasets to verify the effectiveness of the trained network. 
Then we do some tests on an extra dataset with lower SNR to demonstrate the performance of the network on 
noise suppression.

4.1. Test on the Validation Dataset

To verify the performance of the trained network on validation datasets, Figure 7 shows a noisy validation data-
set, in which the prediction (bottom row) of the input stacking image (top row) is almost the same as the label 
(middle row).

Figure 8 shows the location results of 80 events from the validation dataset. The top panel exhibits the compar-
ison between the true source locations, the predicted locations by using the trained network, and the diffraction 

Figure 10. One of the noisy samples in test datasets with SNR of 1/2. The upper panel shows three slices of diffraction 
stacking image that is the input data of the network. The middle panel indicates three slices of a Gaussian distribution 
centered on the source location that is the label of the network. The bottom panel shows three slices of the prediction. The 
white crosses show the maximum of the label and indicate the true source location. The black circles show the maximum of 
prediction and indicate the source location predicted by the trained network.

Prediction errors

Probability (%)

SNR = 1/2 SNR = 1/3

Horizontal ≤100 m 95.5 69.25

≤200 m 96.75 74.5

Depth ≤100 m 93.75 68

≤200 m 96.5 74.25

Origin time ≤20 ms 94 69.75

≤40 ms 97.25 76.5

Table 2 
The Probability Distribution for Predicted Errors
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stacking locations. Many diffraction stacking locations have estimation errors due to the maximal values of 
symmetric patterns are not located at true source positions (centers of quasi-symmetric patterns). The predicted 
locations have better consistency with true locations than diffraction stacking locations. The statistic location 
errors (including errors in horizontal, depth, and origin time) for network predictions, shown as the bottom panel 
in Figure 8, indicate that just a few predictions have errors of only one search grid (20 m in space and 10 ms in 
time). Besides, samples with horizontal prediction error are fewer than those with depth or origin time error. It 
means that the predictions for this trained network are more accurate in horizontal. This is consistent with the 
traditional location method due to the less constraint in the depth for surface microseismic records.

4.2. Test on Low SNR Dataset

We use the trained network to predict the noisy datasets with SNR of 1/2 and 1/3. To illustrate the effect of the 
prediction for this trained network, we count the location errors of the prediction for 400 synthetic samples with 
SNR of 1/2 and another 400 samples with SNR of 1/3. As shown in Figure 9, we count the number of errors 
in horizontal, depth, and origin time for these two datasets. Only a few predictions of datasets with SNR of 1/2 
show large errors while the predictions of datasets with SNR of 1/3 are worse. Table 2 shows the probabilities 
associated with the prediction.

As shown in Figures 10 and 11, the input stacking images have stronger perturbations from noisy waveforms, and 
there are some obvious differences between prediction and label. Although the prediction fails to obtain the true 
source location, it is also concentrated around the source.

4.3. Velocity Perturbation

The velocity model is often poorly known in practical applications. The inaccurate velocity model will lead to 
the incorrect location for migration-based location methods. To check the sensitivity of the proposed method 
against velocity model perturbation, we apply some inaccurate velocity models to generate network inputs for 

Figure 11. One of the noisy samples in test datasets with SNR of 1/3. The upper panel shows three slices of diffraction 
stacking image that is the input data of the network. The middle panel indicates three slices of a Gaussian distribution 
centered on the source location that is the label of the network. The bottom panel shows three slices of the prediction. The 
white crosses show the maximum of the label and indicate the true source location. The black circles show the maximum of 
prediction and indicate the source location predicted by the trained network.
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a noisy sample with an SNR of 1. The top row of Figure 12 shows the diffraction stacking images in the x-z 
slice for accurate, 10% lower, and 10% higher velocity models. We can see that the diffraction stacking images 
produce quasi-symmetric patterns at the wrong locations due to the error of the velocity models, which can be 
expected as the absolute location of the events depends on the accuracy of the velocity model. Even though the 
shapes of the quasi-symmetric patterns at the wrong location vary a little bit for different velocity errors, the 

proposed method still can predict focused source images (the middle panel 
of Figure 12) using the trained network. The bottom row of Figure 12 shows 
location errors when velocity models are accurate or have ±5%, ±10%, and 
±15% perturbations. This test demonstrates that we can obtain a focus source 
image by the trained network as long as the diffraction stacking image has a 
quasi-symmetric pattern.

5. Field Data Application
In this section, we apply the network trained by synthetic datasets to field 
data. The field data are recorded by a surface array (Figure  2) during the 
hydraulic fracturing of coalbed methane in North China. The field data 
preprocessing includes (a) removing the mean values for each channel; (b) 
band-pass filtering between 5 and 70 Hz to eliminate high-frequency noise 
and low-frequency trends; (c) normalization for each trace to cancel the outli-
ers; (d) statics correction.

Figure 12. Network inputs (the top row) and predictions (the middle row) in x-z slices for accurate, 10% lower, and 10% 
higher velocity models. Red crosses and black circles indicate true source position and located source position, respectively. 
The bottom row shows location errors when the velocity models are accurate or have perturbations of ±5%, ±10%, and 
±15%. The waveform of this sample has an SNR of 1.

Figure 13. The normalized waveform of an event with higher SNR (a) and an 
event with lower SNR (b) in field data.
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Due to the lack of a useable layer velocity model in the target area, an equivalent RMS velocity calibrated by the 
first visible event is used to generate input datasets for the trained network by diffraction stacking. We choose the 
same cube as in the synthetic to perform the field data location.

5.1. Individual Event

Firstly, two single events are used to exhibit the location performance of the trained network for field data. 
Figure 13 shows the normalized waveforms of an event with higher SNR at approximately 18.5 s and an event 
with lower SNR at approximately 6 s, respectively.

In Figure 14, the upper panel shows the input of the network, i.e., the diffraction stacking image of the event 
shown in Figure 13a. The bottom panel is the prediction of the trained network which shows a better-focused 
source image, especially on the time axis.

As same with Figures 14 and 15 shows the diffraction stacking and prediction of the trained network for the event 
shown in Figure 13b. The diffraction stacking image for this event has more perturbation. Even though this event 
is much weaker than the above strong event from the waveforms shown in Figure 13a, the stacking pattern is 
obvious as well. This is due to the great performance of noise suppression from diffraction stacking. The predic-
tion of this weak event also shows a better-focused source image.

Figure 14. The upper panel shows three slices of diffraction stacking image of the event shown in Figure 13a which is the 
input data of the network. The bottom panel shows three slices of the prediction.

Figure 15. The upper panel shows three slices of diffraction stacking image of the event shown in Figure 13b which is the 
input data of the network. The bottom panel shows three slices of the prediction.
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5.2. Continuous Seismic Records

We further apply the trained network to 25 s continuous surface records. The records have been pre-processed 
by filtering and static correction. We split the time axis of the diffraction stacking image into a series of 320 ms 
segments with an interval of 10 ms. And there is a 160 ms overlap between two consecutive segments to avoid 
the arrival from one event being divided. Meanwhile, the space of the diffraction stacking image is constrained 
in a 64*64*64 cube around the perforation to ensure that the size of the diffraction stacking image is satisfied for 
the input of the trained network.

The upper panel of Figure 16 shows the detection result of the continuous records, in which the red dash line 
indicates the detection threshold. Generally, the threshold for microseismic detection is set as three times of 
background value (Trojanowski & Eisner, 2017). Here, we define the threshold as six times of background (the 
average of detection value from the first 4 s) value because the triggers of events are obvious.

We take two close events (shown as red stars in the bottom panel of Figure 16) as examples to assess the location 
results for network prediction. Figure 17 and Figure 18 show the location result for the event at 19.54 and 19.66 s, 

Figure 16. The upper panel is the detection curve of continuous surface records, in which the red dash line indicates the 
threshold of detection. The bottom panel shows the detail for the blue box in the upper panel. The red stars mark two close 
events.

Figure 17. The input (the diffraction stacking image shown as upper panels) and the prediction of the network for the event 
at 19.54 s showed in Figure 16.
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respectively. The upper panels are the diffraction stacking images for inputs of the network. And the bottom 
panels are the predictions of the network. The diffraction stacking images for these two events exhibit quasi-sym-
metric patterns with low SNR, especially for the event at 19.54 s. However, the trained network almost perfectly 
focuses symmetric patterns without any artifacts. It demonstrates that our proposed imaging condition based on 
deep learning can recognize the source from the migration image with very low SNR.

To verify the reliability of these two events detected by our trained network, we show the corresponding 
waveforms in Figure 19 and overlap the P wave arrivals computed by located events on the waveforms. The 
visible events at the marked P arrivals demonstrate that the detection and location for these two events are 
reliable. Even though the SNRs of these close two events are much lower than that of two single events 
shown in Figure 13, there are no significant differences in the effect of the predictions for these events. 
Unfortunately, we can see another visible event (shown as the yellow arrows in Figure 19) that is missed by 
our location procedure. This may be due to the very low SNR of the diffraction stacking image of this event. 
And, it also means that our trained network can be further improved to detect and locate more events with 
much lower SNR.

Finally, we apply the trained network on 30 min of field data and obtain 598 events with the same threshold in 
Figure 16. Figure 20 shows all detected events and the locations in horizontal and vertical cross-sections.

6. Discussion
Deep learning has not been widely applied for microseismic event locations in the seismic industry, because the 
training dataset (synthetic or real waveforms) depends on a correct velocity structure and observation system. 
Therefore, there is no universal training dataset for microseismic locations in any area. In this study, we introduce 
deep learning to predict locations from source migration images instead of from waveforms, thus separating 

Figure 18. The input (the diffraction stacking image shown as upper panels) and the prediction of the network for the event 
at 19.66 s showed in Figure 16.

Figure 19. The waveform with two close events (shown in the bottom panel of Figure 16). The blue and red lines indicate the 
events shown in Figures 17 and 18, respectively. The yellow arrows show a visible event that was not detected by our location 
procedure.
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the dependence of the velocity model from the deep learning step. We also note that the diffraction stacking 
method for the migration part is not-so-much sensitive to velocity models. Thus the whole training and prediction 
processes in our procedure are less dependent on different velocity models and geometries from different areas. 
We take two common geometries as examples to illustrate this point. Figures 21a and 21b show the sparse and 
the star-like surface array, respectively. The sparse array contains 50 receivers extracted from field geometry 
shown in Figure 3, and the star-like array contains 120 receivers, which are distributed on 8 arms with an interval 
of 100 m. We deploy a dip-slip source with mechanism of (strike, dip, rake) = (0, 90, 90) at the position of (x, 
y, z, t) = (0 m, 0 m, −1,300 m, 150 ms). Figures 21c and 21d shows the synthetic waveforms with a homogene-
ous velocity model (P wave velocity is 4,800 m/s). Due to the given source mechanism, the waveform shown in 
Figure 21d has zero amplitude on two arms (receivers 31–45 and receivers 91–105).

We apply the trained network to these two test samples with different geometries. Figures 22 and 23 show the 
inputs, labels, and predictions for sparse array and star-like array, respectively. Even though the predicted loca-
tions have slight errors, the trained network still has a good performance on the recognition and location for these 
two diffraction stacking images.

Even though we use a dense array from the real case for synthetic training and field data prediction, the sparse 
array shown in Figure 21a is also a common geometry for microseismic monitoring during hydraulic fracturing. 
We extract the real noise for the same receivers in this sparse array and add the noise to the synthetic waveform. 
The noise maximal equals the signal maximal. Figure 24 shows the input (diffraction stacking image), label, and 
prediction for this noisy sample. With the impact of noise, the diffraction stacking image is much noisier, but the 
prediction from the trained network still achieves a well-focused source image.

Theoretically, the network trained by one area can be directly applied to another area with different geometry and 
velocity model, even though an incorrect velocity model may lead to inaccurate locations. But in practice, it will 
be better to predict the source location by training the network again with the same geometry as the prediction 
data, the more accurate velocity model, and the real noise.

Figure 20. The detected events within 30 min of field data. (a) Shows the detection values for all data segments. Red dots 
indicate the detected events with the detection values larger than the given threshold. (b) and (c) show the location of events 
in the horizontal and vertical cross-sections. The colors and sizes of dots indicate source origin times and the detection values 
respectively.
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7. Conclusions
The migration-based location method is necessary to efficiently locate microseismic events with low SNR 
from the surface array. However, the polarity reversal caused by the source mechanisms may result in incor-
rect locations. Previous studies have introduced many approaches to solving this problem by correcting the 
polarity in the data domain or developing better imaging conditions in the imaging domain. In this paper, 
we develop a location method based on deep learning to detect and locate the event from the stacking 
image for microseismic events. In this method, we first apply the efficient diffraction stacking to compute 
a migrated source image where the microseismic source appears a quasi-symmetric pattern in both space 
and time domain. We then input the diffraction stacking image into a modified 3D U-Net which reshapes 
the quasi-symmetric pattern to a Gaussian distribution centered at the source location so that we can easily 
detect the source. We train the 3D U-Net by synthetic datasets, which are composed of noise-free data and 

Figure 21. Two test samples with different geometry. (a) Shows the sparse surface array with 50 receivers (black inverted 
triangles) extracted from field geometry shown in Figure 3; (b) shows the star-like surface array with 120 receivers (black 
inverted triangles), which are distributed on 8 arms with an interval of 100 m. The numbers at the end of the arms indicate the 
serial numbers of receivers. The red stars indicate the planar projections of sources. (c) and (d) are synthetic waveforms for 
the sparse array and the star-like array, respectively.
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noisy data with an SNR of one. The trained network shows a good performance on the test datasets with an 
SNR of 1/2. In the application of the field data, our proposed location method can reliably detect and locate 
microseismic events with low SNR. However, this location procedure can be further improved because of 
the missing detection for visible events.

Figure 22. The input, label, and prediction of the sample from the sparse array (Figure 21a). The upper panel shows three 
slices of diffraction stacking image that is the input data of the network. The middle panel indicates three slices of a Gaussian 
distribution centered on the source location which is the label of the network. The bottom panel shows three slices of the 
prediction. The white crosses show the maximum of the label and indicate the true source location. The black circles show 
the maximum of prediction and indicate the source location predicted by the trained network.

Figure 23. The input, label, and prediction of the sample from the star array (Figure 21b). The upper panel shows three 
slices of diffraction stacking image that is the input data of the network. The middle panel indicates three slices of a Gaussian 
distribution centered on the source location that is the label of the network. The bottom panel shows three slices of the 
prediction. The white crosses show the maximum of the label and indicate the true source location. The black circles show the 
maximum of prediction and indicate the source location predicted by the trained network.
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Data Availability Statement
The codes and two case samples are available at https://doi.org/10.5281/zenodo.6075166. The uploaded file 
contains the network, the trained model, two cases, the script for prediction, and the script for drawing. The whole 
datasets are huge (about 60 GB) due to each training sample being a 4D matrix obtained by diffraction stacking. 
Thus, instead of providing the training datasets, we introduce the process of data generation here: (a) designing 
geometry with an appropriate velocity model; (b) synthesizing a series of waveforms for sources with random 
location and mechanism, and the forward simulation can refer to Zhang and Chen (2006) and Zhang et al. (2012); 
(c) diffraction stacking and this step can be simply realized according to Equation 3; (d) reshaping the diffraction 
stacking image matrix into appropriate size to meet the requirements of network input.
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