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Predicting the behavior of subsurface reservoirs requires models that connect rock microstructure with|
imacroscopic physical properties. This requirement is central to hydrocarbon recovery, geothermal energy
exploitation, geologic carbon capture and storage (CCS), and underground hydrogen storage (UHS), where
reservoir performance depends on storage capacity, fluid flow, electrical response, and mechanical stability.
The key properties include porosity, absolute permeability, electrical conductivity, bulk modulus, and shear
modulus. These properties are scale dependent because pore connectivity, pore throats, grain contacts, and|
solid skeleton continuity vary across length scales. High-resolution X-ray computed tomography (CT)
images can resolve these features and allow direct numerical simulation (DNS) of flow, electrical conduction]
and elastic deformation, but their field of view is limited to represent centimeter-scale core heterogeneity.
ILow-resolution CT images cover larger rock volumes, but pore-scale geometry is degraded by resolution|
limits and partial-volume effects. This dissertation develops a multiscale framework that combines digital
rock physics (DRP), deep learning (DL), and stochastic rock physics modeling to transfer pore-scale physical
information to core-scale and field-scale models.

Chapter 1 presents the background and objectives of the study. It reviews the scale dependence of rock
physical properties, the resolution-field-of-view trade-off in CT-based digital rock physics, and the
limitations of deterministic porosity-property relationships. Such relationships assign a single property value|
to a given porosity, although rocks with the same porosity can have different permeability, electrical
conductivity, and elastic moduli because of differences in pore geometry and solid-skeleton structure.

Chapter 2 develops a DL-based workflow for absolute permeability upscaling from the pore scale to the
core scale. Permeability labels are computed by the lattice Boltzmann method on segmented high-resolution|
CT subvolumes, and the corresponding raw low-resolution CT subvolumes are used as inputs to
convolutional neural networks (CNNs). The trained CNN predicts a permeability map over the
low-resolution core image, and a Darcy flow solver calculates the upscaled core-scale permeability. In the
initial study using two Boise sandstone samples, the CNN-Darcy workflow yielded permeability estimates of
5.85 D and 1.53 D, while the meter-scale core-flooding value of Boise sandstone was 2.8 D. A larger 8.7 cm|
Boise sandstone core was then used to examine the effects of training dataset size and subvolume size,
Subvolumes of 100°, 200°, and 300° voxels were tested. The 300°-voxel subvolume size gave the most stable
prediction and an upscaled permeability of 12.2 D, compared with a core-flooding value of 8.9 D. These

results show that upscaling accuracy depends on both CNN regression accuracy and the structural
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representativeness of the subvolumes used to construct the permeability map.

Chapter 3 extends the permeability workflow to Multiphysics prediction in a heterogeneous reservoir
sandstone. Because acquiring paired high-resolution and low-resolution CT images from the same physical
volume requires destructive micro-coring and difficult image registration, a Down sampling Generative
IAdversarial Network (DSgan) is introduced to generate realistic low-resolution counterparts from|
high-resolution images. This enables paired training data to be constructed by linking each generated
low-resolution image to the DNS-derived properties of the corresponding high-resolution structure. A hybrid
attention-based three-dimensional residual network, SE-Atten-Res3D, is then developed to predict five
properties simultaneously: absolute permeability, porosity, electrical conductivity, bulk modulus, and shear
modulus. The model achieves test-set coefticients of determination of at least 0.80 for all properties and
reproduces both mean porosity-property trends and property uncertainty at a fixed porosity. Core-scale
upscaling further shows that effective properties are controlled by the spatial arrangement of locally|
predicted properties rather than by simple averaging alone. The porosity—property scatter obtained from the
SE-Atten-Res3D predictions is then used to fit the deterministic mean trends and porosity-dependent
physical properties uncertainty that define the Stochastic Rock Physics Model (S-RPM) formulated in|
Chapter 4.

Chapter 4 formulates a S-RPM by fitting the microstructure-induced property uncertainty obtained from
the Chapter 3 prediction results and applies it to field-scale CO: storage simulation. The S-RPM adds a|
spatially correlated stochastic fluctuation term to deterministic porosity-based relationships. At the core scalel,
it reconstructs property distributions and spatial maps using porosity as input, and the upscaled S-RPM
properties are consistent with the direct SE-Atten-Res3D upscaling results. The permeability form of the
S-RPM is then applied to CO2 storage simulation in the Johansen aquifer using the vertical-equilibrium|
formulation in the MATLAB Reservoir Simulation Toolbox. Three permeability fields are compared for|
different purposes: a deterministic Kozeny—Carman field as the conventional porosity-based baseline, a
calibrated S-RPM field fitted from the SE-Atten-Res3D-derived permeability uncertainty, and amplified
S-RPM fields used for sensitivity analysis of unresolved heterogeneity. The calibrated stochastic model
produces CO, inventories similar to the deterministic case because the log-permeability scatter is small and,
is attenuated by vertical and lateral averaging. Sensitivity simulations show that unresolved heterogeneity|
affects storage forecasts when it is organized at a scale comparable to the plume. At an intermediate
correlation length, high-permeability channeling reduces trapped CO, volume by up to 32%.

Chapter 5 summarizes the main conclusions. The dissertation provides a workflow from pore-scale DNS
to core-scale DL prediction and field-scale stochastic reservoir simulation. Its main contribution is a|
imethodology for scale transition that separates mean trends, spatial topology, and unresolved microstructural
uncertainty. By linking DNS-derived pore-scale properties, DL-based core-scale prediction, S-RPM fitting,
and field-scale reservoir simulation, this workflow enables rock physical properties to be upscaled from the

pore scale to the core scale and further to the field scale.
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