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Summary e 7p

In this study, we use an example from the Barnett Shale to =
demonstrate how supervised and unsupervised machine learning
technigues provide the right leverages for seismic interpreters.
Combining automatic machine analysis and human interpretation
helps understanding the extensive data interpreters have.
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Figure 3. Horizons and stratal slices from Lower
Barnett to Viola through: (a) SOM clusters as in Fig.
2(a); (b) PSVM estimated Bl as in Fig. 2(b); and (c)
ANN estimated Gamma Ray as in Fig 2(c). Position

wie 11 survey; and (c) ANN estimated Gamma Ray volume
from impedances and spectral components derived
attributes. Marble Falls, Forestburg and Viola are
- || |lImestone formations, where Upper and Lower
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Discussion

By using the same input data for SOM and PSVM, we generated 1400
a SOM cluster volume and a Bl volume, respectively. Being an

unsupervised learning algorithm, SOM provides clusters which Barnett are shale reservoirs. One can identify the of stratal slices are marked in Fig. 2. White dashed

need to be further interpreted using other data, whereas PSVM ' o .|| |two main brittle formations within the Lower Barnett| |/INes indicate the location of line AA"In Fig. 1 and Fig.
gives us determined products, which In this StUdy IS Bl. There Is a 1500 TN NN o S D . e SRR | MEEERS il 2 Note the correlation of quartz_nch SOM clusters in

virtual correlation between SOM clusters and BIl; however, one (d) Shale In (b) correlate to high Gamma ray zones in nink and magenta with the high Bl zones in the upper

cannot conclude the clusters represent Bl values. In fact, SOM rime (ms) cop——Young’s modulus/ Poisson’s ratio (), Whlc.h conflrm_s the argument that_there exIStS nart of Lower Barnett Shale. Also note in the lower
clusters contain all the information from five input volumes and 1280 e —— T e zones with both high Bl and high TOC in the Lower

recover natural relations within the data other than linking the inputs Barnett (Perez, 2013). Four stratal slices are| |Part of Lower Barnett Shale we have green and
to a specific output (BI) ’ P generated between Lower Barnett and Viola purple SOM clusters, low Bl and high Gamma Ray
P P | horizons shown as thin black lines, which are| |Whichindicate clay-rich or TOC-rich shale.

further displayed in Figure 3.
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Conclusions and Future Work

Supervised and unsupervised machine learning techniques provide human 3 Viola ..»
guided classification as well as data driven clustering which help us better V“ . | o . : .
understand the data. Interpretation of unsupervised clusters requires ' A = mOdUIu_S and Poisson's ratio. All these volumes are
correlating with other data and expert insight to interpret. Supervised training (e) either inverted or further calculated from prestack —
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