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Abstract Methodology Results

Radon transfqrm (RT) allows the _mapping of multiple a_nd = Synthetics shots of primaries and multiples only are created using a simple ﬁ
primary reflection events separately in the transformed domain. velocity model and applying a convolutional model. Then, they get summed, " . |- e
Hyperbolic Radon transform (HRT) is an example of RT that generating the input for the network i g
maps nearly hyperbolic events in the data space to points in the | e ‘

HR space. A methodology of multiple prediction is proposed
based on U-Net, a convolutional neural network (CNN)
architecture. This network Is often applied to Iimage
segmentation for classification problems, but the proposed
workflow uses the U-Net to predict multiples using HR panels. In
this report, we performed predictions using one or two input
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Figure 6: Train with 3 geological layers, prediction for 8

channels, sparse and nonsparse HR panels, with nonsparse HR e el = mutie o T geological layers case using one input channel.
panels of multiples as the label. These numerical experiments
show that a U-Net can be used to separate the primaries and Figure 3: Workflow to generate synthetic seismic shot gathers (eight geological layers case). b o
multiples in the Radon space and therefore predict multiples. e | ==
Lﬁ;ieieivlg:kvr:?egﬁnfge\zsli t#%nogreséngﬂgle%(eggcﬂggi?cr)ﬁ:glsglsblﬁ » These data sets are sorted by CMP and then applied the transformation to get the { EE e Ay
. . . | HR panels. They will serve as channels and labels for the train. We proposed 2 PR L P R -
challenging aspect of this problem is that the transform rlg‘l _ y PIop R e
generates artifacts that are very dependent on the geometry of WOTKTIOWS = =
the input (truncation and sampling artifacts). Because these are o | _ = ==
very difficult to predict at inference time, they cause a decrease PN PN PN P r o ot s i |1 e Y s g
In generalization power. Yy _— == yy ———— /® Figure 7: Train with 3, 5, and 8 geological layers, prediction for
| 8 geological layers case using one input channel.
Theor = i S— S — LT — o
y I *H RT (inverse OpF.':tOI' ) I I sparse HRT (inverse operator) II HRT inverse operator) I I HRT (inverse operator) I sparse HRT (inverse operator}l ] | ﬁ .,
 Hyperbolic Radon transform (HRT) maps nearly hyperbolic A I e ==
events in the CMP domain to ideally points in the HR domain. e || s e ———— o =
windowing: 64x64 | windowing: 64x64ﬂ o - _ :? e e -. ’_";:am ; >
Figure 8: Train with 3 and & geological layers, prediction for 8
geological layers case using one input channel.
 The most suitable solution can be found by minimizing the cost .
function using iterative re-weighted least squares (Thorson and _ S —
Claerbout, 1985). = —
* These are truncated within maximum and minimum offset and -
possibly missing traces, thus affecting the resolution of the RT. —— | —— e
. orward operator __‘_‘;ﬁum__ I e
The concept of sparse RT (Sacchi and Ulrych (1995), Trad et. al. - e ' = s e
(2003)) helps to address the resolution. Py e b = = =
* U-Net (Ronneberger et. Al, 2015) is a convolutional neural N |
network architecture usually applied in classification problems. T — E | Figure 9: Train with 3, 5, and 8 geological layers, prediction for
However, we used this network to perform regression to predict o 8 geological layers case using one input channel
the multiples in the RT domain. '
P Figure 4: Workflow of the eight geological Figure 5: Workflow of the eight geological layers
layers case using one input channel. case using two input channels.
| ENCODER i DECODER Conclusions M
Ay e 8 i i I The HRT is an important tool for separating multiple and primary reflection events; = F—
ap2 i : The U-Net was able to partlallg CPred_lct multiples using inference, but ideally, various = _
e \ . | geologic models should be uséa during training to produce a better prediction; SR -
/ : Train with two channels, sparse and nonsparse HRT, and using nonsparse HRT ==
£ vt J O g ; : labels resulted In better multiple predictions than the one using sparse HRT as the - |
| e T | o B Future work: train the network with multiple channels using different features, such| | Flgure 70: Irain with 3, 5, and 8 geological layers, prediction
AN I»I ; as the parabolic Radon transform, to further constrain the multiples prediction; for 8 geological layers case using two input channels and
e T N s RT generates artifacts that are difficult to predict, decreasing the generalization. nonsparse label.
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