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Zhan Niu* and Daniel O. Trad
niuz@ucalgary.ca

In full waveform inversion (FWI), the update of velocity Instead of fitting a function that maps from the block —

IS obtained by calculating the gradient of the misfit iInput x to the block output y , the ResNet block Is trying 5000 FC M
between recorded and predicted data, which Is defined to fit a function that maps from x to (y — x). In other
by the cross-correlation of the reverse time of receiver words, the ResNet Is forced to focus on learning
wavefleld and source wavefield. Benefits can be features that are non-linear to x. 3000 -
achieved by solving a direct non-linear mapping

0.05 -
between the correlation and model update. In this '\MMJ ’\
0.00 A —

report, we train a fully connected neural network with

— ResNet

Velocity [m/s]

J

0 1000 2000 3000 4000 5000 6000 7000 8000

Amplitude

residual blocks which allows migrated images to be Input Label ~0.05 -
directly mapped into velocity models. The input images 0.5 - L- —- v 000000
: . 0.0 1 ~—~—Ar—M/ v\~ 01 0 1000 2000 3000 4000 5000 6000 7000 8000
and the true velocity model comes from reverse time ~0.5 - _1- Depth [m]
migration results on randomly generated 4-layer 0.5 - 1- FIG. 5. A comparison between predictions from the fully
models. The training is performed with ADAM optimizer 0.0 1 A —A— 0- connected (FC) model and the ResNet.
combined with L1/L2 norms as the loss function. Per- i) NESES——
formance and convergence of the neural network with 0.5 - 1- @ s000] e "'f'_"“‘“"'“‘
different hyper-parameters are also investigated syste- Bedlana/mahienae e > | Resher l |
matically. We have tested the trained model with T T 8 o0
: : : 5 1 - >
different synthetic inputs. Results show the that the ool A—, 0 o ] E— _J/ -
trained network Is relatively model-dependent which —051 | | | -1 , | | | 0 1000 2000 3000 4000 5000 6000 7000 8000
performs well on the validation set but does a poor job Y e ety | —
on datasets that come from different distributions. S ool b—a \ — J’\
FIG. 2. Four random examples of input and label pairs. § e |
(Leaky RelU) (tanh) —101__ | | | “. . . . .
| | 0 1000 2000 3000 4000 5000 o000 7000 8000
We use L, and L, square as the loss function, which are .\ /. Pepth [m!
defined as .\%\\‘ — \/«v\/ ] \‘é. FIG. 6. A typical prediction on data with Ricker wavelet.
\\\‘\" ,/// =7 — = 7 — > \ "ll/"
— _ i) _ S 7 N NIV N N e
i SRR, SN AN SN SIS _ -
n .;:,j:g'\&'}}:;%e\(g‘;;a}&v\{%%e\(g%?{&('}/‘:%gl. We use fully-connected networks to recover the mig
1 - 3 )2 @/ g DN Sy O ration images from random four 4-layer velocity models
L3 (¥, Yprea) = —Z (YD = y5rea) S - WSO ANy S\ ) IMages ror N 4 |
P n L pred ./4,,"4‘&\\ 2N\ W/ e AN\ W/ e\ W/ s S //,‘s“\\\\. We investigate different behaviours when using L1/L2
_/ N N : .
l .//" ‘\\. norms as loss function and we conclude L1 Is more

ot —— vt suitable for this type of problem. We test ResNet
shortcuts to the network and they reduce fluctuations.
FIG. 3. A ResNet based on a fully connected network The model performs poorly on data from different
distributions of the training set. Future works may
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FIG. 1. A ResNet building block modified from He et al. (2016). ' ‘ the Input and outputs. Also, we may need to try total
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We use ResNet to help improve the accuracy of

predictions. ResNet introduces shortcuts that enable the 0T oo _P s | f \ We thank the sponsors of CREWES for continued
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FIG. 4. Predictions made by models with L1 and L2 loss
function, respectively.

discussions.
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