Semi-automatic first arrival picking of micro-seismic events by using pixel-wise convolutional image
segmentation method
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Summary h ﬂfter preparing the mput data, we need to build a deep convolutional encoder-decoder / 0 0
Micro-seismic imaging p]ays an important role 1n hydrau]ic fracture detection neural network. The architecture of deep convolutional neural network 1s a sequence " i % |
and the first arrival picking of micro-seismic events 1S the bedrock 1n micro- of nonlinear pI‘OCGSSing layers (encoder and the COI‘I‘GSpOIldiIlg decoder) and followed 200 T 200| !L i
seismic imaging. Manually picking is the most reliable but also the most time|| by a soft-max classification layer. i1
consuming method for the detection of the first arrival of micro-seismic B 10 7 0 f Lt
gathers. Accurate and efficient first arrival picking in the real noisy E g o
environment is a challenge for most of the automatic first arrival picking oo - o
methqu. We propose a Iiovel workflow to auiomatif:ally pick the? first z.trrival Input image Outouf label . N !
of micro-seismic by using a state-of-art pixel-wise convolutional 1mage , . - it
segmentation method. Both the synthetic and field data examples demonstrate Skip connection - i | | ‘
that our proposed method successfully identify the first arrivals. The predicted -_— ’ O e ) 0 T o e 300

first arrival result that obtained by using our proposed method 1s superior to the
result that obtained by using the traditional method of short-term average and
\long-term average (STA/LTA). y

/ Method \

Picking the first arrival of micro-seismic events 1s detecting the onset time of
micro-seismic arrivals in the refracted signals that from the wellbore. Figure 1

Figure 5. Synthetic test on noise-free and noisy data and compare with the
conventional method of STA/LTA.
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| “ ! / \ Figure 6. The field data example and the manually interpreted first arrivals (blue
0 200 200 600 200 1000 Application dots). We choose the first two gathers as our tralmng data and rest as the test data.
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155 We propose a novel micro-seismic first arrival picking method that is based on the
% pixel-wise convolutional 1mage segmentation method. We modified the size of
% oo 300 0 L 300 convolution kernel from constant to downward trend that obtained higher accuracy in
Seismic frace Trainine data Trainine label o o the predicted result. Both synthetic and real data applications illustrate that our
& & Input training data Input training label proposed method is superior to the traditional method of STA/LTA and can save huge
\Figure 2. The basic workflow to build the train data and train label. / \Figure 4. The input training data and the corresponding training label. J labor work than manually interpretation.
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