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Motivations * Image Analysis for Training Images (TI) - Reconstruction of 3D Stochastic Pore Structure |

e Plenty of pores at sub-micron scale (nano-pores) 1n shales and carbonate rocks
have become increasingly important for emerging problems such as unconventional
gas and o1l resources, geologic storage of CO, and nuclear waste disposal.

e Characterizing pore structures of geomaterials with small, complex pore
networks 1s crucial for controlling and improving unconventional gas and oil
recovery, enhanced o1l recovery, and geologic sequestration of CO2.

e Image processing (segmentation) for the construction of training images e Pore structure generation using DCGANSs

e DCGANSs were trained and evaluated on Amazon AWS equipped with NVIDIA
K80 GPUs, Intel Xeon E5-2686 v4 and 6256G RAM.
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Discriminator

e Realistic reconstruction of pore structure including topology and connectivity Raw image: Small pores captured Large fractures captured  Connectivity recovered Convolutional Network
is key to improving the prediction accuracy of coupled geophysical and chemical ] Bneven !?IaCk.grOL.md ¢ * Packground comaction * Background correction = Combine two binary
: terial LU L umlna’Flon » FFT bandpass filter = Median filter iImages
Processes 1n nano-porous materials. . . | horizontal scan lines _ \1edian filter « Higher threshold value = Dilate & Erode (twice) N
e Training image-based geostatistical method using deep learning have gained = Charging efrect (bright | 1hresholding (Yoon and Dewers, 2013) = Used as training
attention in the reconstruction of pore networks for scientific geomaterial research. | White spots) images in this study
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e Generate 3-D stochastic pore structures of micro-scale carbonate chalk based on
Deep Convolutional Generative Adversarial Neural Networks (DCGANs) with
realistic topology and connectivity of pore networks u

e Generative Adversarial Neural Networks (GANs)

- o GANSs are one of deep neural networks, which have a new framework for fﬂfﬁﬂﬂﬂ‘; o
Multiscale Ana'ysi s of Pore Structure estimating generative models via adversarial two neural network models.
- e (G model (generator) — a generative model generates samples through learning to
e (Characterization of pore structures, compositional distribution, and surface map from a latent space to a particular data distribution of real samples Original
properties using multiscale imaging techniques (optical and confocal microscopy, - o D model (discriminator) — a discriminative model determines whether given Samples (Tl)
x-ray microprobe, QEMSCAN, microCT, FIB-SEM, BIB-SEM, TEM, EDS) samples were a generated (fake) sample by G model or real samples.

e Fluorescence mapping and feature classification In Axahitantizns 22T and (3 models in GANS

= DCGANSs 1s effective to avoid the artifact and can account for realistic features of complex
pore networks.

. . . Reconstructed
* Fluorescence detection of fluorochromes impregnated in pores . . . Images
+ Spectral segmentation algorithm [e.g., Kim et al. 2013] Delelp convo}ut%on I;eural net\fvork Waslildopteild to d;:lvelop the GAN;1 in this Stl}dy.
. " ®
« Used as a basis for FIB/SEM sampling F}Jl y CONvo ultlonﬁ nature 0 EANS '21 ows the §ta ¢ t;ammg andt elgeéergtlon
+ Fast route to upscaling? FIB-SEM segmentation 0 g;gz samlp 2681t6 at contain the similar properties with computational e1riciency
3D Solid material (Radford et al., 2016).
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Channel: 1 or 2
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Core iR mp LT = Nonlinear dimension reduction will be applied to reduce the size of training 1images to

’ . . Jpsamplin Ipsamplin . . "
(3'long) ~ Thin section S S s Kot represent the stochastic properties of chalk.

Rhodamine-B scan of thin section & FIB-SEM Locations \ m Pore scale single- and multi-phase flow modeling and reactive transport modeling will be
Y oo " 1 . |® Training DCGANS . performed to assess the accuracy and efficiency of the proposed method.
e Principal Component Analysis e Graph-based Spectral Segmentation » . . . . Ce . s The proposed method will support microfluidics design for flow and transport experiments.
- - - o DCGANSs was trained by the Adam (adaptive momentum estimation) optimization
i Slrt'ﬂ%pr zi:;TrE:g:nt Roelvels ] : Spectral Segmentation with multilayer graph : | al gorithm With mini_batCheS Of 32 .
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