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Summary 

 

Automatic detection and location are the fundamental 

demands for microseismic or passive seismic monitoring. 

With the recent advances in artificial intelligence, we attempt 

to explore the efficiency of deep learning algorithms to 

reliably detect and locate microseismic event. We present 

two convolutional neural networks (CNNs) for the event 

detection and location. The detection neural network is 

designed to correctly truncate the time window of the 

microseismic events with both P and S waves. We utilize the 

microsesimic events with known locations to train the 

location neural network. We expect that the location neural 

network extract the relationship between the waveform 

feature and the event location, and predict the locations for 

the truncated waveforms from the detection neural network. 

We construct an automatic processing scheme by combining 

the detection and location neural networks for the continuous 

records. We apply the method into the field datasets, and the 

results show that the time window of a complete event can 

be detected effectively even though the CNN model is 

trained with a small number of samples. In addition, the 

location distribution predicted by the neural network 

matches the results from the traditional manual method. 

 

Introduction 

 

Automatic detection and location is crucial for the 

microseismic real-time monitoring. During the microseismic 

recording, we usually detect the effective event and utilize 

the signals in a defined time window to locate the event. 

Traditionally, the effective approaches to microseismic or 

earthquake detection are correlation-based methods, such as 

waveform auto-correlation (Gibbons and Ringdal, 2006) and 

template matching (Skoumal et al., 2014). Generally, the 

methods to locate the event automatically includes search 

engine (Zhang et al., 2016), source scanning algorithm (Kao 

and Shan, 2004), reverse time imaging (e.g. Artman et al., 

2010), and full waveform inversion (e.g. Huang et al., 2017). 

Aside from intensive computation, these approaches are all 

based on a robust velocity model. Recently, some studies are 

performed to address the approaches of simultaneously 

estimating the event location and background velocity model 

(Michel and Tsvankin, 2016). It is still a challenge to 

mitigate the dependence on the velocity model for the 

location results. 

 

The recent deep neural networks have been recently applied 

to a variety of fields including computer vision and speech 

recognition. We view the event detection and location as 

supervised classification and regression problem. We utilize 

the deep learning algorithms to capture the features of an 

effective event and figure out the relationship between these 

features and the potential event location. We expect the novel 

technique based on the deep learning to detect and locate the 

passive seismic event in real time, quickly, effectively, and 

reliably. Among various deep learning algorithms, the 

convolutional neural network (CNN) (LeCun et al., 2015) is 

one of the most fashionable pattern recognition approaches, 

which can effectively extract the useful features inside a 

given image. We regard the recorded event signals as an 

image or pattern, and apply the CNN method in the 

microseismic detection and location. The continuous 

waveform records are truncated in a proper time window 

with both P and S waves of the same event. The location 

neural network is utilized to predict the three parameters of 

the location if the truncated waveform is predicted as an 

event. 

 

Theory 

 

We view the event detection and location as two different 

problems. It is a classification problem for event detection, 

because we only recognize the recorded signal whether the 

effective signal or not. For the event location, we need to 

estimate the values of event location at different directions, 

it therefore belongs to a multi-dimensional regression 

problem. Hence, we design and train two different 

convolutional neural networks to solve for event detection 

and location. We aim to first detect the effective signal using 

detection CNN model and then locate the effective event 

using location CNN model.  

 

(1) Detection network architecture  

 

The network architecture is shown in Figure 1a. The input 

layer is waveform data defined as a matrix of trace number 

by time samples in a given time window. We fix the trace 

and sample numbers as 36 and 501. We perform our body 

processing by a feed-forward stack of three convolutional 

layers followed by one fully connected layer that outputs the 

class possibilities. The filter number, size, and pooling size 

can be seen in the architecture. We further optimize the 

network parameters by minimizing a cross-entropy loss 

function on a dataset of N windows,  
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The loss function measures the average discrepancy between 

our predicted distribution q  and true class probability 

distribution p for all training sets. A stochastic gradient 

descent method is applied to minimize the loss function, and 

update the convolutional kernels and weights during each 

epoch. After many epochs, the trained model is output and 

utilized to predict the probability whether the input 

waveform in a time window is a microseismic event or not. 

We attempt to apply trained model to the continuous data 

which the CNN model has not seen, and truncate the 

waveform records in a proper time window for the 

microseismic events. 

 

(2) Location network architecture  

 

Different from the previous classification problem, the 

estimation of the event location is a nonlinear regression 

problem. We design a network architecture to predict the 

event location as shown in Figure 1b. The network’s input is 

a 3-D tensor defined as (12, 501, 3). We sort the overall 

traces into three different components, and the components 

are taken as the channels of the input layer. Then, the core 

processing is performed by a feed-forward stack of two 

convolutional layers followed by one fully connected layer 

which outputs three values of the event location parameters. 

We also show the filter number, size, and pooling size in the 

network architecture. Like inversion-based problem, we 

optimize the network parameters by  minimizing mean-

squared-error loss function written as, 
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The loss function measures the mean squared error between 

the predicted and true event locations for all training samples. 

Also, we employ a stochastic gradient descent method to 

minimize the loss function and achieve the convolutional 

kernels and weights during each epoch. We train the network 

with the labeled data for many epochs, and finally output the 

trained CNN model to predict the event location. The main 

difference of detection and location architectures above is 

the loss function.  

 

(a) 

 
 

 

 

b) 

 
Figure 1: The detection (above) and location (below) 

network architectures.  

 

Examples 

 

We utilize two real datasets from different projects to test the 

reliability of the detection method. We may only need a few 

samples to train the network since there are only two 

classifications. Eight training samples are selected from two 

projects to test the efficiency of the neural network as shown 

in Figure 2. The events in the project 1 are relatively close to 

the receiver array, and the frequency is also lower in 

comparison with the data from project 2. There are 4 

microseismic events and 4 typical noise waveforms (Figure 

2). We expect that the CNN method should be able to 

recognize a complete event with both correct P and S phases 

in the time window. Therefore, the non-event samples in the 

training set contains the random noises, correlated noises, the 

waveforms truncated incorrectly, and the P and S waves 

from different events (Figure 2). The training can be 

converged within 1000 epochs and the accuracy is 

approaching 100% at the final epoch as shown in Figure 3. 

Testing set contains 25 microseismic events from project 1, 

25 noise waveforms project 1, 25 microseismic events from 

project 2, and 25 noise waveforms from project 2. We utilize 

the 100 samples in total to calculate the validation loss and 

accuracy. We also test the final trained model with 100 

samples from project 1 and project 2 respectively, and the 

accuracies are 98% and 96% for the testing sets from the two 

projects. Although the neural network is trained with only 8 

samples, the prediction for a large number of testing samples 

is still reliable.  

 

The data collected from different projects may have different 

features; a reliable model should be able to capture the 

common features of the microseismic events. We test the 

accuracy of the trained models calculated with different 

training samples and testing samples as shown in table 1. The 

first 3 models are trained with the data from only project 1; 

and the accuracy calculated with the data from the same 

project is similar to each other; however, the accuracy 

calculated with the data from the project 2 is higher if using 

more samples to train the network. In addition, the accuracy 

increases dramatically if we use the samples from both 

projects to train the network, although there are only 8 

training samples. We utilize the typical example event to test 

the models trained with different numbers of samples, and 
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the outputs of the final convolution layer are very similar as 

shown in Figure 4. The comparison result also implies that 

the training step may not require too many samples. 

 

We utilize 300 events with known locations to train and test 

the location network as shown in Figure 1b. We divide these 

events’ recordings and the corresponding location solutions 

into two halves which serve as the training and testing set 

respectively. During the network training, the parameters, 

such as learning rate and decay, in the optimizer are 

important for the fast convergence of the loss function. We 

try a range of parameters and finally obtain a fast and stable 

convergence curve as shown in Figure 5. We only perform 

the training for 50 epochs, which are enough to reach a 

sufficiently small loss function. After training the location 

network, we use the test set to validate the effectiveness of 

the location network. We input the 150 prepared test data 

into the network and then obtain the predicted location 

results. The whole prediction process costs only 893 ms on 

one CPU processor, which has a huge improvement in 

processing speed compared with conventional approaches, 

such as traveltime inversion and grid search. We also 

compare our prediction results with the one of grid search 

method as shown in Figure 6. It shows that both location 

results are almost consistent in the spatial distribution. The 

map views in X-Y and X-Z planes show that the predicted 

locations are close to the grid search results except some far 

deviated events. The location errors of X, Y, and Z are 9.8 m, 

19.6 m, and 17.8 m, respectively, which indicates that the Y-

dimensional location is more difficult to constrain than other 

two dimensions’ locations. Therefore, we think the technique 

may provide a reasonable distribution of event locations in 

real-time microseismic or passive seismic monitoring. 

 
Figure 2: The 8 samples utilized to train the network. The 

four waveforms on the left are from project 2, and the other 

four waveforms on the right are from the project 2. There are 

four microseismic events and four non-events in total. 

 

              a)                                 

 
               b) 

 
Figure 3: The convergence for the model trained with 8 

samples. (a) The loss during training. (b) The accuracy 

during training. The loss and accuracy are calculated with the 

validation samples which are different from the training 

samples. 

 

Conclusions 

 

We apply two convolution neural networks to automatically 

detect and locate the microseismic events from the 

continuous records. The detection neural network is able to 

recognize the time windows with both P and S waves and 

exclude the incorrect truncation of the continuous waveform. 

The results show that a small number of training samples is 

able to yield a robust CNN model to predict the testing set 

including a large number of samples which the network has 

not seen. The network trained with the samples from one 

project may also be applicable for different projects. The 

location results show that the general location distribution in 

the testing set matches with the results from the grid search 

method. The location distribution implicates that the CNN 

model has the potential to reveal the relationship between the 

location and waveform data.  
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Figure 4: The outputs of the third convolution layers trained 

with different number of samples. (a) The result from the 

model trained with 881 samples. (b) The result from the 

model trained with 540 samples. (c) The result from the 

model trained with 99 samples. 

 

 
Figure 5: The convergence curve of loss function during the 

location network training.  

 

 
Figure 6: The comparison between the grid search locations 

(blue dots) and the predicted locations (red dots) obtained 

from the trained location network. The black reverse 

triangles denote the receivers.   

 

 100 testing 

samples from 

project 1 

100 testing 

samples from 

project 2 

Model 1: 881 

training samples 

from project 1 

0.99 0.88 

Model 2: 540 

training samples 

from project 1 

0.99 0.86 

Model 3: 99 

training samples 

from project 1 

0.97 0.83 

Model 4: 8 

training samples 

from two 

different projects 

0.98 0.96 

Table 1: The accuracy of the models trained with different 

samples.  


