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A bstract

Subsurface reservoir evaluation requires estimating how much f uid can be stored

underground, how f uids migrate during injection or f uid withdrawal, and how rock

properties af ect electrical monitoring and mechanical stability. To make these es-

timates, models are needed that upscale microstructural information from pore ge-

ometry, pore throats, grain contacts, and the connected solid phase to the rock

properties used at the core and reservoir scales. Such models are important for

hydrocarbon recovery, geothermal energy use, carbon capture and storage (CCS),

and underground hydrogen storage (UHS). The main target properties are poros-

ity, which represents storage capacity; absolute permeability, which controls f uid

f ow; electrical conductivity, which is related to electrical monitoring; and bulk and

shear moduli, which control mechanical response. These properties are scale de-

pendent because pore connectivity, pore-throat geometry, grain contacts, and the

connectivity of the solid phase vary with the observation scale. High-resolution X-

ray computed tomography (CT) images can resolve these microstructural features

and can therefore be used to compute f ow, electrical conduction, and elastic defor-

mation by direct numerical simulation (DNS). However, high-resolution scans cover

only a limited volume and therefore cannot fully capture centimeter-scale hetero-

geneity within the core. Low-resolution CT images can scan wider rock regions,

but resolution loss and partial-volume ef ects obscure the pore geometry required

for DNS. This dissertation addresses this resolution–f eld-of-view trade-of by com-

bining digital rock physics (DRP), deep learning (DL), and stochastic rock physics

modeling (S-RPM ) to upscale rock properties from the pore scale to the core scale

and further to the f eld scale.

Chapter 1 presents the background and objectives of this study. I t reviews

the scale dependence of rock properties, the resolution–f eld-of-view trade-of in CT

imaging, and the limitations of deterministic porosity–property relationships. A con-

ventional porosity–property relationship assigns one property value to one porosity

value, but real rocks can have dif erent permeability, electrical conductivity, and elas-

tic moduli even at the same porosity because their pore geometry and solid structure

dif er. This motivates the focus of this dissertation on microstructure-based property

prediction and on upscaling methods that account for property uncertainty caused

by rock microstructure.



Chapter 2 develops a workf ow for upscaling absolute permeability from the pore

scale to the core scale. Permeability values are f rst computed on segmented high-

resolution CT subvolumes using the lattice Boltzmann method (LBM ). The corre-

sponding low-resolution CT subvolumes at the same locations are then used as input

data, and the DNS-derived permeabilities are used as training labels for a convolu-

tional neural network (CNN). The trained CNN is applied to the low-resolution CT

image of the whole core to predict a three-dimensional permeability map. This per-

meability map is then passed to a Darcy f ow solver, which calculates f ow through

the whole core and gives the upscaled core-scale permeability. In the Boise sandstone

verif cation, the workf ow produced upscaled permeabilities of 5.85 D and 1.53 D for

two Boise sandstone samples. The meter-scale coref ooding value was 2.8 D, which

lies between the two predicted values. This relationship is consistent with the fact

that the two samples were taken from higher- and lower-porosity regions. A larger

8.7 cm Boise sandstone core was then used to test whether the workf ow could be

applied to a wider core region and to examine the ef ects of training dataset size

and subvolume size. Subvolumes of 1003 , 2003, and 3003 voxels were compared to

evaluate how subvolume size af ects permeability-map prediction and the resulting

upscaled permeability. W ithin the three tested cases, larger subvolumes captured

connected pore networks more consistently, reduced the inf uence of local outliers,

and stabilized CNN training. Among the three cases, the 3003-voxel subvolume size

produced the most stable prediction and gave an upscaled permeability of 12.2 D,

compared with a coref ooding value of 8.9 D. These results conf rm that the proposed

workf ow can be applied to a wider rock core and can provide a stable estimate of

its upscaled permeability. They also show that upscaling accuracy depends not only

on CNN regression accuracy but also on whether the subvolumes used to construct

the permeability map contain suf ciently connected pore networks. In other words,

the ef ective REV size of the subvolumes is also a controlling factor.

Chapter 3 extends the permeability-prediction workf ow developed in Chapter

2 to multiphysics property prediction in a heterogeneous reservoir sandstone. In

this workf ow, low-resolution CT images are used as inputs and DNS-derived prop-

erties from high-resolution CT images are used as training labels; therefore, paired

high-resolution and low-resolution CT images from the same locations are required.

To obtain such paired data experimentally, a millimeter-scale sub-core must be cut

from a centimeter-scale rock sample for high-resolution scanning, and the resulting

image must then be registered to the low-resolution image of the original core. This

process damages the original core, making it dif cult to perform subsequent macro-
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scopic measurements on the same sample. For fragile reservoir rocks, the core may

also break during sub-core extraction. To address this problem, a Downsampling

Generative Adversarial Network (DSgan) is introduced to generate low-resolution

counterparts from high-resolution CT images. This makes it possible to compute

physical properties from high-resolution CT images by DNS, generate the corre-

sponding low-resolution images by DSgan-based downsampling, and use the paired

data for training. SE-Atten-Res3D, a three-dimensional residual network designed

to emphasize image features relevant to property prediction, is then used to predict

absolute permeability, porosity, electrical conductivity, bulk modulus, and shear

modulus simultaneously. For all f ve properties, the test-data R 2 values between

predicted and reference values were above 0.80. The model also reproduced both

the mean porosity–property trends and the scatter of property values observed at

the same porosity. Core-scale upscaling using the predicted local property maps fur-

ther showed that ef ective core-scale properties depend not only on the magnitude

of local properties but also on their spatial connectivity. The porosity–property

scatter obtained from the SE-Atten-Res3D predictions is then used to f t deter-

ministic mean trends and porosity-dependent property variability, which def ne the

Stochastic Rock Physics M odel (S-RPM ) used in Chapter 4.

Chapter 4 uses the permeability S-RPM to include microstructure-induced per-

meability uncertainty in f eld-scale CO2 storage simulation. Conventional porosity-

based rock physics models, such as the Kozeny–Carman relationship for permeabil-

ity, assign one permeability value to one porosity value and therefore cannot rep-

resent the permeability uncertainty caused by dif erences in pore structure at the

same porosity. This permeability uncertainty is caused by internal rock heterogene-

ity and can af ect f ow pathways, CO2 migration, and trapping behavior. Therefore,

the S-RPM adds a spatially correlated stochastic term to the Kozeny–Carman re-

lationship. This stochastic term is obtained from the residuals around the mean

porosity–permeability trend f tted to the Chapter 3 prediction results and is mod-

eled as a spatially correlated Gaussian random f eld. At the core scale, the S-RPM

reconstructs property distributions and spatial maps using porosity alone as input.

The resulting upscaled properties are consistent with the direct SE-Atten-Res3D

upscaling results. The permeability S-RPM is then applied to CO2 storage simula-

tion in the Johansen aquifer using the vertical-equilibrium model in the M ATLAB

Reservoir Simulation Toolbox (M RST). In the basic comparison, two permeabil-

ity f elds are examined: a deterministic Kozeny–Carman permeability f eld as the

conventional baseline and an S-RPM permeability f eld calibrated from the Chap-
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ter 3 prediction results. Additional sensitivity cases are conducted using amplif ed

S-RPM permeability f elds. The calibrated S-RPM case produces CO2 volume esti-

mates close to the deterministic case because the f tted log-permeability variability

is small and is further averaged vertically in the vertical-equilibrium model and

laterally over the spreading CO2 plume. In 20 sensitivity cases using amplif ed S-

RPM permeability f elds, the stochastic amplitude and correlation length are varied.

These simulations show that storage and trapping estimates change when connected

high-and low-permeability regions are large enough to inf uence CO2 plume migra-

tion pathways. In particular, the case with an amplitude scale factor of 5 and a

correlation length of 10 cells shows CO2 migration behavior similar to previously

reported Johansen aquifer simulations. At an intermediate correlation length, chan-

neling along high-permeability regions reduces trapped CO2 volume by up to 32% .

By contrast, short-correlation-length f uctuations are averaged at the plume scale,

whereas long-correlation-length f uctuations tend to act as broad permeability in-

creases or decreases over the model area.

Chapter 5 summarizes the main f ndings of this dissertation. The main contribu-

tion is an upscaling workf ow that connects pore-scaleDNS, core-scaleDL prediction,

S-RPM f tting, and f eld-scale reservoir simulation. High-resolution CT-based sim-

ulations provide training data, while low-resolution CT images provide core-scale

heterogeneity. Deep learning learns the relationship between low-resolution CT im-

ages and DNS-derived property values, making it possible to predict rock properties

from whole-core low-resolution CT images. The S-RPM then carries the property

variability learned from DL predictions into f eld-scale reservoir simulation, where

CT images cannot be used directly. This workf ow shows that rock properties can

be upscaled from the pore scale to the core scale and further to the f eld scale while

accounting for mean porosity–property trends, the spatial connectivity of local prop-

erties, and microstructure-induced property variability.
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要旨

地下貯留層の評価では， 地下にどれだけ流体を貯留できるか， 注入または生産時

に流体がどのよう な経路で移動するか， さ ら に電気的モニタ リ ングや力学的安定性

に関わる岩石物性を評価する必要がある。 そのためには， 地下岩石の孔隙，固体の微

細構造に含まれる物理情報を， コ アスケールおよび貯留層スケールの物性値にアッ

プスケールするモデルが必要である。 こ のよう なモデルは， 炭化水素回収， 地熱エ

ネルギー利用， 二酸化炭素回収・ 貯留（ CCS）， および地下水素貯蔵（ UHS） におい

て重要である。 対象と なる主な岩石物性は， 貯留容量を 表す空隙率， 流体流動を 支

配する絶対浸透率， 電気的モニタ リ ングに関わる電気伝導率， 力学応答を支配する

体積弾性率およびせん断弾性率である。 こ れら の物性値はいずれも スケール依存性

を持ち， 孔隙の連結性， 孔隙スロート の形， 固体粒子間の接触， および固体相の連

結構造がスケールによっ て異なるため， 得ら れる物性値も 変化する。 高解像度 X 線

CT 画像では， こ れら の微細構造を捉えるこ と ができ るため， 流動， 電気伝導， 弾性

変形を直接数値シミ ュ レ ーショ ン（ DNS） により 求めるこ と ができ る。 一方で， 撮

影範囲が小さ いため， センチメ ート ルスケールのコ ア内部に存在する不均質性を 十

分にカ バーでき ない。 低解像度 CT 画像では， より 広い岩石領域を撮影でき るが， 解

像度の限界と 部分体積効果により ， DNS に必要な孔隙形状を 十分に保持でき ない。

本論文では， こ の解像度と 視野範囲のト レード オフ に対応するため， デジタ ル岩石

物理（ DRP）， 深層学習（ DL）， および確率論的岩石物理モデリ ング (S-RPM ) を組

み合わせ， 岩石物性を 孔隙スケールから コ アスケール， さ ら にフ ィ ールド スケール

へアッ プスケールするワーク フ ローを 構築し た。

第 1 章では， こ れら の背景と し て , 岩石物性のスケール依存性， CT 画像におけ

る解像度と 視野範囲のト レード オフ ， および決定論的な空隙率–物性関係式の限界に

ついて述べた。 一般的な空隙率–物性関係式は， ある空隙率に対し て一つの物性値を

与える。 し かし 実際の岩石では， 同じ 空隙率であっ ても ， 孔隙形状や固体相構造が

異なれば， 浸透率， 電気伝導率， 弾性率は異なり 、 不確定性が存在する。 こ の問題

に対処するため、 本論文では、 微細構造に基づく 物性予測を 行い、 物性の不確定性

を考慮し た物性値のアッ プスケーリ ングを 行う 。

第 2 章では， 孔隙スケールから コ アスケールへの絶対浸透率アッ プスケーリ ング

手法を 構築し た。 まず， セグメ ンテーショ ンし た高解像度 CT サブボリ ュ ームに対

し て格子ボルツマン法（ LBM ） を 用いて浸透率を 計算し た。 次に， 同じ 位置に対応

する低解像度 CT サブボリ ュ ームを 入力データ と し ， DNSで得た浸透率を教師デー

タ と し て畳み込みニュ ーラ ルネッ ト ワーク （ CNN） を 学習さ せた。 学習済み CNN

をコ ア全体の低解像度 CT 画像に適用し ， 三次元浸透率マッ プを予測し た。 さ ら に，

得ら れた浸透率マッ プを Darcy 流ソ ルバーに入力し ， コ ア全体を通る流れを計算す
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るこ と で， コ アスケールのアッ プスケール浸透率を求めた。 Boise砂岩を用いたワー

ク フ ロ ー検証では， 2 つの Boise 砂岩サン プルのアッ プスケール浸透率と し て 5.85

D および 1.53 D が得ら れた。 メ ート ルスケールのコ アフ ラ ッ ディ ング実験値は 2.8

D であり ， 2 つの予測値の中間に位置し た。 こ の関係は， 2 つのサンプルがそれぞれ

高孔隙率領域と 低孔隙率領域から 採取さ れたこ と に対応し ている。 さ ら に， 8.7 cm

の Boise 砂岩コ アを 用いて， こ のワーク フ ローがより 広い範囲を 含む岩石コ アにも

適用でき るかを 検証し ， そし て学習データ 数と サブボリ ュ ームサイ ズの影響を調べ

た。 1003， 2003， 3003 ボク セルのサブボリ ュ ームを 比較し ， サブボリ ュ ームサイ ズ

が浸透率マッ プの予測と アッ プスケール浸透率に与える影響を 調べた。 テスト し た

3 ケースの中では， サブボリ ュ ームが大き いほど， 連結し た孔隙ネッ ト ワーク を 含

みやすく ， 外れ値的な挙動が減少し ， CNN の学習も 安定し た。 3003 ボク セルのサ

ブボリ ュ ームで最も 安定し た予測が得ら れ， コ アフ ラ ッ ディ ング値 8.9 D に対し て

12.2 D のアッ プスケール浸透率を得た。 こ れら の結果から ， 提案し たアッ プスケー

リ ングワーク フ ローが広い範囲を含む岩石コ アにも 適用でき るこ と を 確認し た。 ま

た， アッ プスケーリ ン グ精度は CNN の回帰精度だけでなく ， 浸透率マッ プを 構成

するサブボリ ュ ームが連結し た孔隙ネッ ト ワーク を 十分に含むか， すなわち実質的

な REV サイ ズにも 依存するこ と が示さ れた。

第 3 章では， 第 2 章で構築し た浸透率予測ワーク フ ローを， 不均質な貯留層砂岩

のマルチフ ィ ジッ ク ス物性予測へ拡張し た。 こ の手法では， 低解像度 CT 画像を入

力， 高解像度 CT 画像から 得た DNS物性値を 教師データ と し て用いるため， 同じ 位

置に対応する高解像度 CT 画像と 低解像度 CT 画像のペアが必要と なる。 通常， こ の

ペアを実測で作成するには， センチメ ート ルスケールの岩石サンプルから ミ リ メ ー

ト ルスケールのサブコ アを 切削し て取り 出し ， さ ら に両画像を位置合わせする必要

がある。 し かし ， こ の方法では元のコ アを損傷するため， その後に同じ コ アを用い

て巨視的物性を 測定するこ と が難し く なる。 さ ら に， 脆弱な貯留層岩石では， サブ

コ アの切削時に岩石コ アが砕ける可能性がある。 こ の問題に対処するため， 高解像

度画像から 低解像度 CT 画像に相当する画像を 生成する Downsampling Generative

Adversarial Network（ DSgan） を導入し た。 後の文こ れにより ， DNSで物性値を計

算し た高解像度 CT 画像から ， DSgan によるダウンサンプリ ングで低解像度画像を

生成し ， 両者を対応付けた学習データ を 作成でき る。 次に， マルチ物性値予測する

ための回帰モデルと し て， SE-Atten-Res3D を用いて， 絶対浸透率， 空隙率， 電気伝

導率， 体積弾性率， せん断弾性率を同時に予測し た。 テスト データ における予測値

と 参照値と の決定係数は， すべての物性で 0.80 以上で高い予測精度を 達成でき てい

るこ と が確認でき た。 また， 平均的な空隙率–物性ト レンド だけでなく ， 同一空隙率

における物性値のばら つき も 再現さ れた。 さ ら に， 予測し た局所物性マッ プを用い

てコ アスケールアッ プスケーリ ングを 行い， コ ア全体の有効物性値が局所物性値の
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大き さ だけでなく ， それら の空間的なつながり にも 影響さ れるこ と を示し た。 最後

に， SE-Atten-Res3D の予測結果から 得ら れた空隙率–物性散布を用いて， 決定論的

な平均ト レンド と 空隙率に依存する物性のばら つき をフ ィ ッ ティ ングし ， 第 4 章で

用いる Stochastic Rock Physics M odel（ S-RPM ） を 定式化し た。

第 4 章では， 第 3 章で得た S-RPM 、 において、 浸透率の S-RPM を フ ィ ールド

スケールの CO2 貯留シミ ュ レ ーショ ン に適用し た。 従来の空隙率ベースの岩石物

理モデル (Kozeny-Carmen 経験式) では， ある 空隙率に対し て一つの浸透率を 与え

るため， 同じ 空隙率でも 孔隙構造の違いによっ て生じ る浸透率のばら つき を 表現で

き ない。 こ の浸透率のばら つき は， 岩石内部の不均質性に由来するため， 流体の流

れ道や CO2 の移動・ ト ラ ッ プ挙動に影響する 可能性がある。 そこ で S-RPM では，

Kozeny-Carmen 経験式に， 空間相関を持つ確率的ばら つき の項を加えた。 こ のばら

つき 項は， 第 3 章で得ら れた空隙率–物性散布から ， 平均ト レ ン ド に対する 残差と

し て求め， 空間的に相関するガウスラ ンダム場と し てモデル化し た。 コ アスケール

では， 空隙率のみを入力と し て S-RPM により 物性分布と 空間マッ プを 再構築し た。

そのアッ プスケール値が SE-Atten-Res3D による 直接アッ プスケーリ ング結果と 整

合するこ と を確認し た。 さ ら に， M ATLAB Reservoir Simulation Toolbox（ M RST）

の垂直平衡モデルを 用いて， Johansen 帯水層における CO2 貯留シミ ュ レ ーショ ン

を行っ た。 こ の計算では， 基本ケースと し て， 従来モデルである決定論的 Kozeny –

Carman 浸透率場と ， 第 3 章の予測結果から 較正し た S-RPM 浸透率場を比較し た。

さ ら に， 小スケール不均質性の影響を調べるため， ばら つきを増幅し た S-RPM 浸透

率場を 用いて感度解析を 行っ た。 較正 S-RPM では対数浸透率のばら つき が小さ く ，

さ ら に垂直平衡モデルにおける鉛直方向の平均化と ， CO2 プルームの広がり に伴う

水平方向の平均化を受けるため， CO2 存在量は決定論的ケースと 近い結果と なっ た。

一方， 増幅し た S-RPM 浸透率場を用いた 20 通り の感度解析では， ばら つき の大き

さ と 相関長を変化さ せた。 こ れら の解析により ， 高浸透率・ 低浸透率の連続領域が

CO2 プルームの移動経路に影響する大き さ を持つ場合， 貯留量やト ラ ッ プ量の予測

が変化するこ と を 示し た。 特に， ばら つき の増幅係数を 5， 相関長を 10 セルと し た

ケースでは， 既往の Johansen 帯水層シミ ュ レ ーショ ンで報告さ れている CO2 移動

傾向と 同様の挙動が得ら れた。また， 相関長が中程度の場合， 高浸透率領域に沿っ た

チャ ネリ ングが生じ ， ト ラ ッ プさ れた CO2 体積は最大 32% 減少し た。 こ れに対し ，

短い相関長のばら つき はプルームスケールで平均化さ れ， 長い相関長のばら つき は

領域全体の浸透率シフ ト と し て働く 傾向を 示し た。

第 5 章では，本論文の成果をまと めた。本研究の主な貢献は，孔隙スケール DNS，

コ アスケール深層学習予測， S-RPM フ ィ ッ ティ ング， フ ィ ールド スケール貯留層シ

ミ ュ レ ーショ ンを 接続するスケールアッ プ手法を 示し た点にある。 高解像度 CT 画

像に基づく 物理シミ ュ レ ーショ ンは教師データ を 与え， 低解像度 CT 画像はコ アス
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ケールの不均質性を与える。 深層学習は， 低解像度 CT 画像と DNS由来の物性値の

対応関係を学習し ， コ ア全体の低解像度 CT 画像から 岩石物性値を予測可能にする。

さ ら に，S-RPM は，深層学習で得ら れた物性値のばら つきを，CT 画像が直接利用で

き ないフ ィ ールド スケールの貯留層シミ ュ レーショ ンへ反映さ せる。 こ のワーク フ

ローにより ， 平均的な空隙率–物性ト レンド ， 局所物性値の空間的なつながり ， およ

び微細構造に由来する物性のばら つき を考慮し ながら ， 岩石物性を孔隙スケールか

ら コ アスケール， さ ら にフ ィ ールド スケールへアッ プスケールできるこ と を示し た。
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Chapter 1

I ntroduction

1.1 B ackground and M otivation

Subsurface geological formations are used for hydrocarbon recovery Lake et al.

(2014); Koroteev and Tekic (2021), geothermal energy development Tester et al.

(2006); Rybach (2010); W u et al. (2024), carbon capture and storage (CCS) Bachu

(2008); Raza et al. (2019), and underground hydrogen storage (UHS) Bade et al.

(2024); Taiwo et al. (2024). In these applications, the pore space stores and trans-

mits f uids, whereas the solid rock frame supports mechanical loads and deforms in

response to changes in pore pressure. Reservoir evaluation therefore requires rock

properties that describe storage capacity, f uid transport, electrical response, and

mechanical deformation.

Porosity quantif es the fraction of the rock volume occupied by pores and is there-

fore related to storage capacity, whereas absolute permeability describes how readily

f uid f ows through the connected pore network. Permeability depends on pore con-

nectivity, pore-throat size and shape, and f ow-path tortuosity. Consequently, two

rock volumes with similar porosity can have dif erent permeability because their

pore networks can dif er in connectivity and pore-throat size. Under the same pres-

sure gradient, rock volumes with dif erent permeability transmit dif erent amounts

of f uid. These dif erences in f ow rate af ect injection and production rates, pressure

propagation, and plume migration in CCS and UHS.

Beyond porosity and permeability, subsurface characterization also requires the

evaluation of electrical and mechanical properties. Electrical conductivity is needed

to interpret resistivity and electromagnetic surveys because these measurements de-

pend on connected pore water, f uid saturation, pore-water salinity, temperature,

and alteration minerals Archie et al. (2003); Bergmann et al. (2012); M unoz (2014);
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Arnason (2000). Bulk and shear moduli describe the deformation of the rock frame

and are used to evaluate stress redistribution, reservoir compaction, caprock in-

tegrity, and induced seismicity Andrä et al. (2013); Dvorkin et al. (2011); Blunt

et al. (2013); M avko et al. (2020). These properties are evaluated for the same rock,

but they are controlled by dif erent structural features: permeability by connected

pore paths and narrow throats, electrical conductivity by connected water-f lled

pores, and elastic moduli by the continuity and contacts of the solid skeleton. A

reservoir-characterization framework should therefore estimate f ow, electrical, and

mechanical properties from a common three-dimensional representation of the rock

microstructure.

The main dif culty is that rock structure varies from the scale of individual

mineral grains and pores to the scale of cores and geological formations. Rock

microstructure may include nanometer-scale clay coatings, micrometer-scale pore

throats, millimeter-scale laminations, centimeter-scale vugs or fractures, and meter-

to kilometer-scale depositional heterogeneity. Figure 1.1 illustrates this hierarchy of

scales and the corresponding modeling approaches typically used at each level, from

molecular dynamics at the nanoscale to f eld-scale grid simulation. High-resolution

imaging and pore-scale simulation can represent individual pores and grain con-

tacts, but only within a small rock volume. Core-and f eld-scale models cover larger

rock volumes by using lower-resolution images or coarser numerical cells, so indi-

vidual pores, pore throats, and grain contacts are not represented. Because these

omitted structures control local f uid f ow, electrical conduction, and load trans-

mission, their ef ects must be included in the ef ective properties assigned to the

larger-scale model. As the observation volume increases, it contains dif erent com-

binations of pores, throats, layers, fractures, and connected pathways; consequently,

the measured or computed ef ective properties can change with scale Bear (2013);

W orthington (2004); Blunt (2001); Clauser (1992); Goel et al. (2016). A permeabil-

ity value calculated from a small pore-scale image may not be representative of a

centimeter-scale core, and a core-scale value may not directly represent the ef ective

property required in a f eld-scale reservoir simulation.

This dissertation therefore develops an upscaling framework that uses physical-

property information obtained from small, detailed rock images to estimate local

property distributions and ef ective properties for larger rock volumes. In this dis-

sertation, upscaling comprises two stages. Local property values obtained from

small high-resolution regions are f rst estimated at many positions across the whole

core to construct a three-dimensional property distribution. The governing equa-
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tions for f uid f ow, electrical conduction, or elastic deformation are then solved on

this distribution to calculate one ef ective property for the whole core. The f rst

stage focuses on absolute permeability because f uid transport is a primary pro-

cess in the subsurface applications considered here, and permeability is the rock

property used in Darcy’s law to quantify this transport. This stage establishes the

sequence of calculating local permeability from HR images, predicting its three-

dimensional distribution over the whole core from LR images, and calculating the

ef ective whole-core permeability from that distribution. After this permeability-

based workf ow is established, Chapter 3 extends the upscaling framework to per-

meability, porosity, electrical conductivity, bulk modulus, and shear modulus. The

property variation quantif ed from these core-scale results is then incorporated into

the stochastic rock physics modeling developed for f eld-scale applications, where

continuous three-dimensional CT images are unavailable.

Figure 1.1: Conceptual multiscale workf ow for subsurface reservoir evaluation.
From left to right: molecular dynamics simulations at the nanoscale, digital rock
physics and f uid f ow simulations at the pore scale, physical rock samples and 3D
imaging at the core scale, and large-scale grid modeling at the f eld scale. The ar-
rows indicate the transfer of physical-property information between the successive
scales.

1.2 M u lt iscale U pscal in g of R ock P rop er t ies

Conventional grid-based upscaling starts from a numerical model in which perme-

ability or another rock property has already been assigned to every f ne cell. Groups

of neighboring f ne cells are then replaced by fewer coarse cells so that the subsequent

f ow simulation can be performed with a smaller computational grid. The conven-

tional approaches reviewed here include theoretical homogenization, averaging-based

methods, local numerical upscaling, and renormalization-based methods Hornung

(1997); Durlofsky (1991); W en and Gómez-Hernández (1996); Christie and Blunt
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(2001); E ichel et al. (2005); Dehghan K halili et al. (2013). In its classical form,

theoretical homogenization assumes periodic small-scale heterogeneity and a clear

separation between the small and large length scales; under these conditions, it de-

rives the ef ective coef cients used in the larger-scale governing equation Hornung

(1997); Durlofsky (1991). In averaging-based methods, all f ne-cell values inside one

coarse block are replaced by a single arithmetic, harmonic, geometric, or related

average W en and Gómez-Hernández (1996). Local numerical upscaling temporarily

retains the f ne cells, imposes a pressure dif erence across the block, and solves for

the resulting f uid f ow Durlofsky (1991); W en and Gómez-Hernández (1996). The

f ne block is then replaced by one coarse-cell permeability that produces the same

total f ow under the same pressure dif erence. Renormalization-based methods per-

form this replacement in stages: a small group of neighboring cells is f rst replaced

by one ef ective block, and the resulting blocks are combined again until the target

grid size is reached Dehghan K halili et al. (2013). The appropriate coarse-cell value

depends on how the f ne-cell permeabilities are arranged relative to the direction of

f ow. W hen high-and low-permeability layers are aligned with the f ow, they provide

parallel f ow paths and the ef ective permeability is represented by the arithmetic

average; when the f ow must cross the layers successively, the layers act in series and

the harmonic average applies W en and Gómez-Hernández (1996). In local numeri-

cal upscaling, the boundary conditions determine how f uid enters, leaves, or crosses

the sides of the f ne block; changing these conditions can therefore change the calcu-

lated coarse-cell permeability Durlofsky (1991); W en and Gómez-Hernández (1996).

During repeated coarsening, a narrow connected high-permeability path or a low-

permeability barrier can be merged with the surrounding cells. The coarse model

may then predict a dif erent f ow path or total f ow because the original connection

or barrier is no longer represented W en and Gómez-Hernández (1996); Christie and

Blunt (2001). For the averaging, local numerical, and renormalization methods de-

scribed above, the calculation starts from property values assigned to a f ne grid and

produces property values on a grid containing fewer, larger cells.

Reduced-order and machine-learning methods have also been developed to con-

vert an existing detailed permeability f eld into a coarser representation. Onimisi

et al. (2023) used the SPE10 f ne-grid permeability model as input, represented it

with a reduced set of POD or NPOD modes, and remapped the reconstructed values

to a coarser grid by nearest-neighbor interpolation. E lmorsy et al. (2023) grouped

eight neighboring digital-rock blocks, used their directional permeabilities as inputs

to a PINN containing a Darcy–Ohm-based analytical relation, and predicted one
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ef ective permeability for the combined block. Repeating this eight-to-one opera-

tion produced permeability estimates for progressively larger digital-rock volumes.

Yousefzadeh and Ahmadi (2023) generated detailed permeability f elds containing

channel-like structures and trained a ConvLSTM model to convert them into coarser

permeability f elds. The model parameters were adjusted so that the pressure drops

at the wells estimated by the fast marching method were similar for the detailed

and coarse permeability f elds. These studies coarsen permeability information that

is already available throughout the detailed model.

CT-based upscaling starts from a dif erent data condition: detailed properties

can be calculated only in limited high-resolution image regions, whereas a low-

resolution CT image covers a larger part or all of the core. Dehghan K halili et al.

(2013) registered HR and LR CT images so that porosity measured at the two resolu-

tions could be compared at the same rock locations. The resulting HR–LR porosity

relations were used to calibrate the whole-core LR image as a porosity f eld, and

porosity–permeability relations derived from the HR images were then applied to

this f eld to assign permeability throughout the core. The resulting permeability f eld

was f nally upscaled using renormalization and Darcy-f ow calculations. Botha and

Sheppard (2016) calculated permeability in high-resolution regions and f tted statis-

tical relations between those values and the open-pore fraction, open-pore size, and

formation factor measured in the corresponding low-resolution regions. The f tted

relations were then evaluated repeatedly along the whole-core low-resolution image

to assign a local permeability to each image region, producing a three-dimensional

permeability map for subsequent whole-core upscaling. M enke et al. (2020) trained

an Extra-Trees model to predict the permeability of small image blocks from their

phase volume fractions and pore connectivity in three directions. Each larger test

volume was divided into these small blocks, one predicted permeability was assigned

to every block, and Darcy f ow was solved through the resulting blockwise perme-

ability distribution to obtain the ef ective permeability of the larger volume. These

CT-based studies transfer HR-derived permeability information to larger images

through porosity or selected image-derived descriptors that can be evaluated over

the larger domain. Chapter 2 adopts this general strategy by using permeability cal-

culated in a limited high-resolution region to estimate local permeability throughout

a larger low-resolution core. Chapter 2 dif ers by using each raw three-dimensional

LR grayscale subvolume itself as the input to a machine-learning model, rather than

f rst reducing the image region to porosity or a small number of selected descriptors.

The model therefore receives all grayscale voxel values and their three-dimensional
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arrangement, including image information that would be lost if the subvolume were

summarized only by selected descriptors. This approach also avoids segmentation

of the LR CT image before property prediction. After training, the model predicts

one local permeability for each LR subvolume of the whole core. These values are

assembled into a three-dimensional whole-core permeability distribution, and Darcy

f ow through this distribution is used to calculate the ef ective permeability of the

whole core.

The studies reviewed above focus mainly on permeability. E lectrical conduc-

tivity and elastic moduli are subject to the same scale problem because electrical

conductivity depends on connected water-f lled pathways, whereas bulk and shear

moduli depend on the continuity and contacts of the solid skeleton. M ultiphysics

reservoir evaluation therefore requires electrical and elastic property distributions

in addition to permeability. Having established the permeability-upscaling work-

f ow in Chapter 2, Chapter 3 extends the framework to whole-core prediction and

upscaling of permeability, porosity, electrical conductivity, bulk modulus, and shear

modulus. Both chapters rely on combining detailed physical information from small

high-resolution images with the larger spatial coverage of low-resolution images; the

next section explains why these two image types must be used together.

1.3 D ig i tal R ock P hysics and the R esolu t ion–F ield -

of-V iew Trade-of

X-ray computed tomography (CT) and digital rock physics (DRP) provide a direct

means of evaluating rock properties from three-dimensional images. In DRP, a

three-dimensional CT image is processed to identify the pore and solid regions,

and the resulting digital rock geometry is used as the computational domain for

numerical simulation. Direct numerical simulation (DNS) then solves the governing

equations of f uid f ow, electrical conduction, or elastic deformation directly within

the pore or solid geometry represented by the image. For permeability, the Lattice

Boltzmann M ethod (LBM ) and f nite-volume methods are commonly used to solve

pore-scale f ow problems Raeini et al. (2012); Jiang and Tsuj i (2014, 2015, 2017).

For electrical conductivity and elastic moduli, the f nite element method (FEM ) can

be used to solve the corresponding potential or mechanical equilibrium equations

on voxelized rock images Arns et al. (2002); Garboczi (1998); Andrä et al. (2013).

In this dissertation, a subvolume denotes a small cubic region extracted from a
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three-dimensional CT image.

The reliability of DNS results depends on both image quality and spatial resolu-

tion. Image noise, reconstruction artifacts, and segmentation errors can alter phase

boundaries, while insuf cient spatial resolution can blur or remove pore throats and

grain contacts. CT imaging presents a trade-of between spatial resolution and f eld

of view (FOV). Increasing spatial resolution generally reduces the physical volume

that can be imaged in a single scan. In this dissertation, high-resolution (HR) CT

denotes images with suf cient detail for pore- or grain-scale simulation within a

limited volume, whereas low-resolution (LR) CT denotes images that cover a larger

core but leave the smallest pore and grain structures unresolved. HR CT images can

represent pore throats, connected pores, and grain contacts with suf cient detail for

DNS, but their FOV is limited to a small part of the rock sample. LR CT images

can cover an entire centimeter-scale core and show variations in density or texture

across the sample, while pore throats, grain contacts, and other small structures re-

main unresolved. In these LR images, the partial-volume ef ect further blurs phase

boundaries because a single voxel can contain both pore and solid material W ithers

et al. (2021); W ildenschild and Sheppard (2013); Cnudde and Boone (2013). LR

CT images therefore retain centimeter-scale variations in grayscale intensity and

texture, but their unresolved pore and grain geometry is generally insuf cient for

direct pore-scale f ow, electrical, or elastic simulation. Permeability, in particular,

is controlled by narrow pore throats and the connectivity of the f ow network. Loss

of a narrow pore throat can reduce or interrupt a calculated f ow path, whereas

artif cial connection of separate pores can create a f ow path that is absent from

the rock; either error can bias the computed permeability. Previous studies have

shown that absolute and relative permeability depend strongly on pore-space geom-

etry Fredrich et al. (1993); Pape et al. (1999). E lectrical conductivity is af ected for

the same structural reason: loss or artif cial connection of water-f lled pore path-

ways changes the paths available for electrical current and can bias the computed

conductivity Arns et al. (2001). E lastic-modulus calculations likewise depend on

the geometry of the solid skeleton: if low resolution blurs grain boundaries or grain

contacts, the simulated load-bearing structure dif ers from that of the rock and the

calculated moduli can be biased Arns et al. (2002); Garboczi (1998); Andrä et al.

(2013). Porosity can sometimes be estimated from coarser grayscale images because

it depends mainly on pore volume, whereas DNS of transport and elasticity requires

connected pore paths and grain contacts to be represented with suf cient accuracy.

The image-based upscaling problem is therefore to combine the pore-scale phys-
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ical information available in small HR regions with the whole-core spatial coverage

available in the LR image. HR and LR CT images provide dif erent parts of the

data required for property prediction. The LR scan covers the whole core, whereas

the HR scan covers only a smaller region inside that core. W ithin the region imaged

at both resolutions, the same small rock volume is available as a detailed HR image

and as a coarser LR image. A physical-property value is calculated from the HR im-

age of that volume, and the corresponding LR image is retained as the input paired

with that value. Only the overlapping region provides such image–property pairs;

the remaining parts of the whole-core LR image have no corresponding HR-derived

property labels and are therefore the regions where the trained model is later used

for prediction. To construct each pair correctly, the HR and LR scans must be

aligned so that the LR image and the HR-derived property value correspond to the

same rock volume. This alignment is referred to as image registration. In Chap-

ter 2, the HR and LR scans contain an overlapping region of the same core, allowing

registered LR subvolumes and HR-derived permeability values to be combined into

paired training data.

Because LR images do not resolve pore throats and grain contacts directly, prop-

erty prediction requires a method that can extract information from their three-

dimensional grayscale patterns. The next section introduces deep learning as the

method used to learn from the paired data constructed in the overlapping HR–LR

region and to predict properties throughout the whole-core LR image.

1.4 D eep Learn in g for C T -B ased P rop er ty P re-

d ict ion

Deep learning (DL) has become an ef ective tool for extracting structural informa-

tion from rock CT images. Convolutional neural networks (CNNs) learn spatial

features directly from image data, and 3D CNNs account for the three-dimensional

arrangement of voxels within CT images. CNN-based methods in DRP have been

used both for processing rock CT images and for predicting physical properties from

them. Image-processing applications include super-resolution enhancement of micro-

CT images Roslin et al. (2022) and reconstruction of high-f delity digital-rock images

Bizhani et al. (2022), while a broader review of deep-learning applications in pore-

scale imaging is given by W ang et al. W ang et al. (2021a). Physical-property predic-

tion studies have used CNNs to estimate permeability and multiple rock properties
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and to predict velocity f elds, relative-permeability behavior, and capillary pressure

from digital rock images Santos et al. (2020); Alqahtani et al. (2021); Telvari et al.

(2023); Ko et al. (2023); X ie et al. (2023); Chen et al. (2023); W ang and Zai (2023);

K han and K hanal (2024); K ang et al. (2024). Convolutional–recurrent models have

been used for property-curve prediction, whereas attention- and transformer-based

models have been introduced to weight learned image features and combine infor-

mation over larger spatial ranges X ie et al. (2023); Temizel et al. (2025); Emeliana

et al. (2025); Tang et al. (2026).

DL models can represent relationships in which a physical property depends

on several spatial features of a CT image rather than on a single descriptor such as

porosity. This capability is relevant because permeability and electrical conductivity

depend on pore connectivity, tortuosity, and local constrictions, whereas elastic mod-

uli depend on the geometry and contacts of the solid skeleton. DL models can also

receive raw grayscale CT subvolumes directly, without f rst converting every voxel

into a binary pore or solid label. In LR CT images, many voxels contain both pore

and solid material, so assigning each voxel entirely to one phase introduces uncer-

tainty. Using the original LR grayscale image avoids selecting a pore–solid threshold

before prediction and preserves the grayscale variations produced by partial-volume

voxels.

M ost image-based property-prediction studies use images acquired at the same

voxel size for both model training and application and predict properties for image

volumes of comparable physical size. In this dissertation, physical-property values

calculated from small HR subvolumes are used as training labels, while the trained

model is applied to LR subvolumes that collectively cover a much larger whole-core

image. Training therefore requires paired HR-derived property values and LR images

from the same rock regions. Chapter 2 constructs each training pair by combining

the permeability calculated by LBM from a segmented HR subvolume with the raw

LR subvolume representing the same registered rock region. A 3D CNN is trained

on these pairs to predict permeability from the three-dimensional LR voxel pattern.

After training, the whole-core LR image is divided into subvolumes with the same

input size, and the CNN predicts one local permeability for each subvolume. The

predicted values form a three-dimensional whole-core permeability distribution, and

Darcy f ow through this distribution gives the ef ective permeability of the whole

core. Chapter 2 also evaluates the ef ects of subvolume size and training-sample

number on prediction and upscaling accuracy. Smaller subvolumes provide more

training samples and display stronger local permeability variation, but they are
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more likely to contain atypical regions dominated by pore space or solid material

and to omit f ow paths that extend beyond the subvolume. Larger subvolumes

contain more representative pore networks, but they provide fewer samples and

require more expensive DNS calculations. Chapter 2 therefore evaluates both local

prediction accuracy and whole-core upscaling accuracy for dif erent subvolume sizes

and training-sample numbers.

Chapter 3 addresses the two limitations remaining after Chapter 2: the need

for physically registered HR–LR image pairs and the restriction of the prediction

target to permeability. In Chapter 3, the centimeter-scale core is f rst scanned at

20 µm/voxel, after which a millimeter-scale sub-core is physically extracted and

scanned at 1 µm/voxel. M any pore and grain features visible in the 1 µm/voxel

image are blurred within the 20 µm/voxel image and therefore cannot be matched

individually across the two scans. In addition, the HR volume is obtained from a

physically extracted sub-core, and fragile sandstone can be damaged or fractured

during cutting. The loss of individually identif able pore-scale features in the LR

scan, together with possible cutting damage to the extracted sub-core, makes re-

liable voxel-by-voxel registration dif cult. GAN-based image-translation methods

have been used to transform rock CT images between dif erent resolutions and ac-

quisition characteristics You et al. (2021); Fugui et al. (2025); Ugolkov et al. (2025);

Hamidian et al. (2025); Yan et al. (2025); Zhang et al. (2025). Chapter 3 uses this

image-transformation capability in the downsampling direction to construct train-

ing inputs without registering the two physical scans. A Downsampling Generative

Adversarial Network (DSgan) is trained with unpaired sets of raw HR and LR sub-

volumes and converts each raw HR subvolume into an LR-like subvolume with the

size and grayscale characteristics of an actual LR input. The LR-like input is gener-

ated from the raw HR subvolume whose segmented version is used to calculate the

f ve physical-property labels. The generated input and the f ve labels therefore rep-

resent the same rock region without physical registration between the actual HR and

LR scans. The second extension in Chapter 3 is the prediction of multiple physical

properties from the same LR-like input. SE-Atten-Res3D then uses these pairs to

predict permeability, porosity, electrical conductivity, bulk modulus, and shear mod-

ulus from each LR-like input. SE-Atten-Res3D combines three-dimensional residual

blocks with Squeeze-and-Excitation blocks that assign weights to learned feature

channels before the f ve properties are predicted Hu et al. (2018). The trained

model is then applied to all LR subvolumes of the whole-core image to generate

the f ve three-dimensional property distributions. The predicted permeability and

13



electrical-conductivity distributions are used in Darcy-f ow and electrical FEM cal-

culations, and the predicted elastic-modulus distributions are used in mechanical

FEM calculations to obtain the corresponding whole-core ef ective properties.

Chapter 3 also predicts porosity on the same whole-core grid as the other physical

properties, allowing property variation among subvolumes with similar porosity to

be quantif ed. Subvolumes with similar porosity can have dif erent permeability,

electrical conductivity, and elastic moduli because their pore connectivity, tortuosity,

grain contacts, and solid-frame continuity dif er. This core-scale property variation

becomes important in the next stage of the dissertation because both the Chapter 2

and Chapter 3 workf ows still require three-dimensional CT images. At the f eld

scale, continuous CT images are unavailable whereas porosity is commonly available;

the next section explains how the S-RPM uses the core-scale property variation to

represent the resulting property uncertainty.

1.5 From C ore-Scale D ig i tal R ock P hysics to F ield -

Scale Stochastic R ock P hysics

Field-scale reservoir models are constructed from well logs, seismic interpretation,

geological models, and measurements from a limited number of cores rather than

from continuous three-dimensional CT images. Porosity is commonly estimated

throughout the f eld-scale model from well logs, seismic interpretation, or geological

modeling. Other rock properties are therefore often assigned from porosity using

deterministic rock physics relations. Classical examples include the Kozeny–Carman

relation for permeability Carman (1937), Archie’s law for electrical conductivity

Archie et al. (2003), and the critical porosity model or Gassmann’s equations for

elastic properties Nur et al. (1995); Gassmann (2007); M avko et al. (2020). These

relations describe the expected change in each physical property as porosity changes.

Once each relation has been calibrated, the porosity assigned to a model cell can be

used directly to calculate the corresponding permeability, electrical conductivity, or

elastic modulus. Nevertheless, they usually def ne a single deterministic value for a

given porosity. The resulting curve therefore represents the mean porosity–property

relation but does not include the property variation associated with dif erent pore

and grain structures at the same porosity.

Porosity alone does not determine a unique value of permeability, electrical con-

ductivity, or elastic modulus. At the same porosity, permeability can vary because
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of dif erent pore-throat sizes, connectivity, and tortuosity. E lectrical conductivity

can vary because of dif erences in the connectivity and tortuosity of water-f lled pore

pathways. E lastic moduli can vary because of dif erences in grain contacts, cemen-

tation, and the continuity of the solid skeleton Farquharson et al. (2015); Avseth

et al. (2000); Drobek et al. (2011). Chapter 3 quantif es this property variation by

f tting a mean porosity–property relation and comparing the predicted properties of

subvolumes with similar porosity with the corresponding mean value. The dif er-

ences from the mean quantify the part of the property variation that is not explained

by porosity alone. W ell logs, seismic interpretation, and geological models do not

identify the local pore and grain structures responsible for this property variation.

A deterministic relation preserves the property change caused by porosity, but it

assigns the same property value to all cells that have the same porosity. I t therefore

omits the property variation caused by dif erent local pore and grain structures at

similar porosity. Because the locations and structures responsible for this omitted

variation are unknown at the f eld scale, the local property values remain uncertain.

Porosity alone also does not determine where property values lie above or below the

mean porosity–property relation. The spatial arrangement of these local variations

can create or interrupt preferential f ow paths and can change the distribution of

stif ness in the model. Consequently, f uid migration, pressure buildup, trapping,

stress, and deformation can depend on both the magnitude and spatial arrangement

of the property variation.

Stochastic rock physics and uncertainty-quantif cation methods represent reser-

voir properties as distributions or multiple possible spatial f elds rather than as one

f xed f eld. Previous studies dif er in the f eld data and statistical methods used to

construct these probabilistic descriptions. M ukerji et al. (2001) and Eidsvik et al.

(2004) combined seismic and well information with Bayesian and M arkov models

to estimate spatial probabilities of lithofacies and pore f uids. Spikes et al. (2007)

incorporated rock-physics relations into Bayesian seismic inversion, whereas Grana

and M ukerj i (2012) propagated well-log measurement uncertainty to petrophysical-

property and facies estimates by M onte Carlo simulation. de Figueiredo et al. (2018)

combined rock-physics models, Gibbs sampling, and geostatistical simulation to esti-

mate spatially correlated elastic and petrophysical properties. Across these studies,

seismic attributes, well-log measurements, rock-physics relations, and statistical or

geostatistical models are used to estimate uncertain facies, pore f uids, and rock

properties and to describe their spatial variation. In contrast, this dissertation uses

the property variation quantif ed from the Chapter 3 whole-core CT-based maps,
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which are predicted by a model trained with DNS-derived labels. The magnitude of

the stochastic variation is therefore calibrated from microstructure-related property

variation represented in these CT-based data.

To incorporate this CT-derived property variation into f eld-scale models that

contain porosity but no continuous CT data, this dissertation formulates a Stochastic

Rock Physics M odel (S-RPM ). For each model cell, the S-RPM f rst calculates the

mean property value from the local porosity using the corresponding deterministic

porosity–property relation. A stochastic variation is then added around this mean

value, and its standard deviation at each porosity is calibrated from the property

variation quantif ed in Chapter 3. A spatially correlated random f eld determines

the three-dimensional arrangement of these positive and negative variations.

Applying this procedure to a three-dimensional porosity f eld generates a cor-

responding property f eld in which the mean follows the deterministic porosity–

property relation and the magnitude of the local variation is calibrated from the

Chapter 3 CT-based data. Chapter 3 formulates the S-RPM separately for perme-

ability, electrical conductivity, bulk modulus, and shear modulus, generates whole-

core property maps from the predicted porosity f eld, and compares their ef ective

properties with those obtained from the SE-Atten-Res3D maps. Chapter 4 then

applies only the permeability formulation of the S-RPM , using the Kozeny–Carman

relation for the mean permeability, to CO2 storage simulations of the Johansen

aquifer. The simulations compare CO2 migration and trapping obtained with de-

terministic and stochastic permeability f elds.

1.6 D isser tat ion O utl in e

This dissertation is organized into f ve chapters.

C hap ter 1 presents the background and motivation of the study. I t explains

the scale dependence of rock properties, reviews conventional grid-based, CT-based,

and deep-learning-assisted upscaling, and introduces the transition from core-scale

image analysis to f eld-scale stochastic rock physics modeling.

C hap ter 2 establishes and validates a CNN–Darcy workf ow for upscaling ab-

solute permeability from pore-scale calculations to the whole-core scale. Each per-

meability value calculated by LBM from a segmented HR CT subvolume is paired

with the raw LR CT subvolume representing the same rock region, and these pairs

are used to train a CNN. The trained CNN predicts the three-dimensional perme-

ability distribution of the centimeter-scale core, and a Darcy-f ow solver calculates
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its ef ective whole-core permeability. This chapter also investigates how the number

of training samples and the size of subvolumes af ect prediction accuracy and the

reliability of the upscaled permeability.

C hap ter 3 removes the requirement for physically registered HR–LR training

pairs and extends the workf ow to whole-core prediction and upscaling of permeabil-

ity, porosity, electrical conductivity, bulk modulus, and shear modulus in a hetero-

geneous reservoir sandstone. DSgan converts each HR subvolume into an LR-like

input so that training pairs can be constructed without physical HR–LR image reg-

istration. Each LR-like input remains paired with the f ve labels calculated from

the same HR subvolume, and SE-Atten-Res3D uses these pairs to predict the f ve

whole-core property distributions. Darcy-f ow and FEM calculations are then per-

formed on the predicted distributions to obtain the ef ective whole-core permeability,

electrical conductivity, bulk modulus, and shear modulus. The property variation

observed among subvolumes with similar porosity is then used to formulate separate

S-RPM s for permeability, electrical conductivity, bulk modulus, and shear modulus.

C hap ter 4 applies the permeability formulation of the S-RPM to f eld-scale

CO2 storage simulations of the Johansen aquifer. The same reservoir porosity f eld

is used to generate a deterministic Kozeny–Carman permeability f eld and stochas-

tic permeability f elds whose variation is calibrated from the Chapter 3 property

data. These f elds are supplied to simulations of CO2 injection and post-injection

migration. The simulations compare how deterministic and stochastic permeability

f elds af ect CO2 migration and the partitioning between mobile and trapped CO2 .

C hap ter 5 summarizes the main f ndings and conclusions of the dissertation.

I t summarizes the contributions and limitations of the multiscale workf ow and

discusses its extension to other rock types, multiphase properties, and f eld-data-

constrained modeling.
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Chapter 2

D eep Learn ing-B ased Perm eab i l i ty

U pscal ing from Pore Scale to Core

Scale

2.1 O verv iew

Fluid f ow in porous rocks is important in subsurface engineering applications, in-

cluding oil and gas recovery Lake et al. (2014), geothermal energy Tester et al.

(2006), and geologic carbon storage Juanes et al. (2006). Absolute permeability

characterizes f uid transport in porous media and depends strongly on pore-space

geometry. Pore-structure heterogeneity occurs over a wide range of length scales,

resulting in scale-dependent permeability W orthington (2004). Scale dependence

and heterogeneity therefore complicate permeability prediction.

Three-dimensional imaging allows rock heterogeneity to be examined at multiple

scales: nano-CT imaging at the nanometer scale Goral et al. (2019), micro-CT

imaging at the pore scale Blunt et al. (2013), and medical CT imaging at the core

scale Zhai et al. (2020). Previous studies have examined relationships among these

scalesand the scale dependence of permeability K rause et al. (2011); Dehghan K halili

et al. (2013); M enke et al. (2021). Anto-Darkwah et al. Anto-Darkwah et al. (2021);

Anto-Darkwah and Rabinovich (2022) estimated small-scale sub-core properties by

a top-down method using coref ooding data. Dehghan K halili et al. Dehghan K halili

et al. (2013) investigated carbonate reservoir rocks and used porosity–permeability

relationships derived from micro-CT images to estimatepermeability at a larger scale

through renormalization. M enke et al. M enke et al. (2021) applied multivariate
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regression to upscale and predict permeability from the pore scale to the Darcy

scale by deriving an upscaled porosity–permeability relationship. A remaining task

is to estimate core-scale permeability directly from low-resolution CT images while

accounting for small-scale heterogeneity.

Core-scale permeability prediction requires permeability data calculated from

high-resolution CT images and the larger rock volume covered by low-resolution CT

images. Low-resolution CT images provide greater sample coverage and capture

core-scale heterogeneity, whereas narrow pore throats and connected pore paths

become blurred or unresolved at lower resolution Botha and Sheppard (2016). Direct

numerical simulation (DNS) solves the governing equations of f uid dynamics on

detailed three-dimensional rock images to obtain pore-scale f ow f elds. Previous

studies have shown that absolute and relative permeability depend strongly on pore-

space geometry Fredrich et al. (1993); Pape et al. (1999). Accurate pore-scale f ow

simulation therefore requires high-resolution CT images that resolve pore geometry

and the main f ow paths. Some volume-averaged properties, including porosity and

elastic properties, are less sensitive to local pore geometry and can be estimated

from lower-resolution CT images Arns et al. (2007); Chawshin et al. (2022).

DNS methods such as the lattice Boltzmann method (LBM ) and f nite volume

method can solve f uid f ow in pore spaces extracted from high-resolution CT im-

ages Raeini et al. (2012); Jiang and Tsuj i (2014); Jiang et al. (2014); Jiang and Tsuj i

(2015, 2017); Jiang et al. (2021b). These simulations require substantial computa-

tional resources and time. High-resolution imaging also restricts the f eld of view

to a small rock volume, whereas low-resolution CT imaging provides greater spatial

coverage. Permeability upscaling therefore combines permeability data calculated

from high-resolution CT images with the larger spatial coverage of low-resolution

CT images. The resulting coarse-scale model must reproduce the averaged f ow

response of the f ne-scale model. Classical homogenization provides ef ective prop-

erties for periodic structures Xu (2012), whereas natural rocks commonly exhibit

non-periodic heterogeneity. Accordingly, the upscaling model must account for rock

heterogeneity across the available image scales M enke et al. (2021).

CNNs can extract three-dimensional image features and learn nonlinear rela-

tionships between CT images and physical properties. Neural networks have been

used to analyze rock CT images Da W ang et al. (2019); W ang et al. (2021b), recon-

struct synthetic rock images using generative adversarial networks You et al. (2021),

and predict petrophysical properties such as permeability, relative permeability, and

f uid-phase distributions Suzuki et al. (2022); W ang et al. (2021b). Santos et al.
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Santos et al. (2020) used a CNN to predict pore-scale f ow velocity f elds. Rabbani

and Babaei Rabbani and Babaei (2019) estimated the permeability of pore-network

models from geometric properties using an artif cial neural network. Alqahtani et

al. Alqahtani et al. (2021) predicted permeability directly from CT images using

3D CNN regression.

This chapter develops and verif es a CNN-based workf ow for core-scale perme-

ability mapping and upscaling. The CNN is trained using low-resolution raw CT

subvolumes and permeability labels calculated by LBM from the corresponding high-

resolution CT subvolumes. The trained CNN predicts the whole-core permeability

map, which is used in a Darcy f ow solver to calculate the upscaled permeability.

This procedure combines permeability calculated from resolved pore structures with

the larger rock volume represented by low-resolution CT images.

The chapter consists of two stages. The f rst stage establishes the workf ow

using two small Boise sandstone core samples scanned at two resolutions. High-

resolution CT subvolumes are segmented and used for LBM permeability calcula-

tions, while the corresponding low-resolution raw CT subvolumes are used as CNN

inputs. Five loss functions— mean squared error (M SE), mean absolute error (M AE),

Huber loss, mean squared logarithmic error (M SLE), and log-cosh loss— and six

CNN architectures— Conv8, VGG16, VGG19, GoogLeNet-V1, GoogLeNet-V3, and

ResNet34— are evaluated. The loss-function and network comparisons identify the

model used for whole-core permeability prediction and Darcy-scale upscaling.

The second stage verif es the workf ow using a larger 8.7 cm Boise sandstone

core and examines the ef ects of training dataset size and subvolume size. The high-

resolution CT image acquired from the central region of the core is partitioned into

1003, 2003, and 3003 voxel subvolumes. The corresponding low-resolution raw CT

subvolumes are used for CNN training, and the trained CNN is applied to the low-

resolution CT image of the whole core. The analysis examines the number of training

data points, the average pore-body count per subvolume, CNN prediction accuracy,

and the resulting upscaled permeability. Small subvolumes provide more training

data but may contain pore structures that are not representative of connected core-

scale f ow. Larger subvolumes contain more representative pore-network information

but provide fewer training samples and require more computation. These ef ects

are evaluated to determine the subvolume size and training dataset required for

permeability prediction and whole-core upscaling.
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2.2 R ock Sam p les

2.2.1 B oise sandstone cores for work f ow developm ent

Boise sandstone was selected for workf ow development because its pore structure

and petrophysical characteristics are suitable for permeability upscaling studies.

Boise sandstone has a range of pore and grain sizes, a well-characterized mineral

composition, and a relatively simple geological structure, which facilitates the initial

development of the workf ow. Boise sandstone consists of approximately 40% quartz

and 50% feldspars, with a brine porosity of about 24% . The meter-scale permeability

of the parent Boise sandstone sample was 2.8 D, as measured by a coref ooding

experiment. Reported permeability values for Boise sandstone range from 0.8 to

7.7 D W einbrandt et al. (1975); Tripathi et al. (2018); Dong et al. (2010); Velcin et al.

(2020). The pore-size and grain-size distributions are centered at approximately 50

and 100 µm, respectively, based on thin-section optical images.

Two small core samples, denoted Sample I and Sample I I , were extracted from

the meter-scale Boise sandstone sample. Each sample had a diameter of 6.8 mm

and a length of approximately 1.0 cm (Figure 2.1). The local permeability distribu-

tions of the two samples were measured using a Core Laboratories Pressure Decay

Prof le Permeameter (PDPK -400). The measured permeability ranged from 4 to

10 D, which is higher than the meter-scale coref ooding result. This dif erence is

consistent with possible overestimation by the PDPK method Otosigbo (2017) and

local sampling of relatively high-permeability regions. M icro-CT imaging of the dry

samples was conducted using an X radia Versa XRM -500 scanner at two resolutions:

2 µm/voxel for high-resolution imaging and 8 µm/voxel for low-resolution imaging.

Figure 2.1: Boise sandstone core samples used for workf ow development: (a) Sam-
ple I and (b) Sample I I . The black arrow indicates the horizontal direction.
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2.2.2 Larger centim eter-scale B oise sandstone core for work-

f ow ver i f cat ion

A larger Boise sandstone core was used to verify the workf ow after the basic up-

scaling procedure had been established. The same rock type was used so that the

verif cation focused on the ef ects of core size, training dataset size, and subvolume

size rather than lithological dif erences. The grain-size distribution, pore structure,

and petrophysical characteristics of Boise sandstone have been characterized in pre-

vious studies Louis et al. (2024); Cheung et al. (2012); Li and X ie (2021).

The sample was imaged using an Xradia Versa XRM -500 scanner at two res-

olutions. The complete core was scanned at 20 µm/voxel, covering a diameter of

2.0 cm and a length of 8.7 cm (Figure 2.2(a)). The central region of the sample was

scanned at 3 µm/voxel to obtain the pore geometry required for pore-scale f ow sim-

ulation (Figure 2.2(b)). The high-resolution scan was used to calculate permeability

labels using LBM . The corresponding low-resolution raw CT subvolumes were used

for CNN training, and the full low-resolution CT image was used for whole-core

permeability prediction.
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Figure 2.2: Large Boise sandstone core scanned at two resolutions for workf ow
verif cation: (a) low-resolution CT image of the entire core and (b) high-resolution
CT image of the central region.

2.3 M ethod

2.3.1 Overv iew of the upscal in g work f ow

The permeability upscaling method consists of three main parts. First, a CNN

is trained using paired data consisting of low-resolution raw CT subvolumes and

permeability values calculated by LBM from the corresponding segmented high-

resolution CT subvolumes. Second, the trained CNN predicts the permeability

distribution of the whole core directly from low-resolution raw CT images. Third, the

predicted permeability map is used in a Darcy f ow solver to calculate the upscaled

permeability.

High-resolution CT images resolve the pore throats and connected f ow paths

required for LBM calculation, whereas low-resolution CT images cover the core-scale

domain. The workf ow therefore associates each permeability value calculated from
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a high-resolution CT subvolume with the low-resolution raw CT subvolume at the

same location. The low-resolution images are used without binarization, retaining

grayscale information associated with unresolved pores and partial-volume ef ects.

The basic permeability upscaling workf ow used for the two small core samples

is shown in Figure 2.3. The procedure is as follows:

1. Scan the whole 1.0 cm-long core sample at low resolution.

2. Select a central region of interest and scan it at high resolution to resolve the

pore geometry.

3. Apply image f ltering and segmentation to the high-resolution CT images to

obtain binary pore geometry.

4. Extract subvolumes from the segmented high-resolution CT images.

5. Calculate the permeability of each high-resolution subvolume using LBM .

6. Register the high-resolution and low-resolution CT images and identify the

corresponding low-resolution subvolumes.

7. Construct a training dataset consisting of low-resolution raw CT subvolumes

and the corresponding LBM permeability values.

8. Train the CNN models using the paired dataset.

9. Predict the permeability map of the whole core from the low-resolution raw

CT images.

10. Calculate the f ow f ux in the whole core using a Darcy f ow solver.

11. Calculate the upscaled permeability of the whole core.

The same workf ow was subsequently applied to the larger 8.7 cm core. The

larger-core case dif ers in the CT resolutions, core dimensions, and subvolume-size

design, as described in Section 2.3.2.
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Figure 2.3: Basic permeability upscaling workf ow: (a) micro-CT scanning and
preparation of the training dataset; (b) CNN training using CT images and per-
meability labels; (c) whole-core permeability map predicted by the trained CNN;
and (d) f ow-f ux distribution calculated using the Darcy f ow solver.
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2.3.2 Train in g dataset acqu isit ion and subvolum e character-

ization

For each workf ow-development sample, the whole core was f rst imaged at 8 µm/voxel

to cover the complete sample (Figure 2.4). The central region was then selected as

the region of interest and imaged at 2 µm/voxel to obtain the pore geometry re-

quired for LBM permeability calculation. A non-local means f lter was applied to

the high-resolution CT images to reduce image noise while preserving phase bound-

aries. The f ltered images were segmented using a threshold selected from a local

minimum in the grayscale-intensity histogram. The high-resolution CT images were

segmented for pore-scale f ow simulation, whereas the low-resolution raw CT images

were used directly as CNN inputs.

A binary pore-geometry model with dimensions of 690 ⇥ 690 ⇥ 5000 voxels was

extracted from the reconstructed image of each cylindrical sample. The binary

model was divided into 2003 high-resolution subvolumes. This subvolume size was

selected to be smaller than the representative elementary volume so that the dataset

included a range of porosity and permeability values Hong and Liu (2020). Adjacent

subvolumes overlapped by 100 voxels during extraction to increase the number of

training samples.

The permeability of each high-resolution subvolume was calculated using the

LBM solver described in Section 2.3.4. The corresponding low-resolution raw CT

subvolume was extracted at the same location. Because the high-resolution and low-

resolution scans dif ered by a factor of four in voxel size, each 2003 high-resolution

subvolume corresponded to a 503 low-resolution subvolume. The resulting dataset

consisted of pairs of low-resolution raw CT subvolumes and the corresponding per-

meability values calculated from the high-resolution subvolumes using LBM . A total

of 8000 subvolumes were obtained for each sample. Ninety percent of the data were

used for training, and the remaining 10% were used for testing.

Because adjacent subvolumes overlapped during extraction, the random 90/10

split may place spatially adjacent or partially overlapping subvolumes in both the

training and test datasets. The test accuracy in the workf ow-development stage is

therefore interpreted primarily as interpolation accuracy within the sampled high-

resolution region, rather than as generalization accuracy for spatially independent

regions. The subsequent application to the larger core evaluates the workf ow over

a wider core-scale domain.
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Figure 2.4: Training dataset acquisition for the workf ow-development samples.
Each data pair consists of a low-resolution raw CT subvolume and the permeability
calculated by LBM from the corresponding registered high-resolution subvolume.

For the larger verif cation core, the high-resolution CT image was f ltered and seg-

mented using the same procedure. A binary pore-geometry model with dimensions

of 660 ⇥ 650 ⇥ 17230 voxels was reconstructed from the high-resolution cylindrical
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region. The model was partitioned into three high-resolution subvolume sizes: 1003

voxels for Case I , 2003 voxels for Case I I , and 3003 voxels for Case I I I (Figure 2.5).

Adjacent subvolumes overlapped by 50 voxels during extraction.

Absolute permeability was calculated using LBM for single-phase f ow in the

z-direction. The resulting label was therefore the scalar ef ective permeability along

the core f ow direction. Porosity was calculated directly from the binary high-

resolution CT image as the fraction of pore voxels.

The corresponding low-resolution raw CT subvolumeswere extracted at the same

physical locations. Because the voxel-size ratio between the high-resolution and low-

resolution scans was approximately 6.7, the corresponding low-resolution subvolume

sizes were 153 , 313 , and 463 voxels for Cases I , I I , and I I I , respectively. The total

numbers of extracted subvolumes were 48,960, 34,000, and 21,120 for Cases I , I I , and

I I I , respectively (Table 2.1). Ninety percent of each dataset was used for training,

and the remaining 10% was used for testing.
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Figure 2.5: Subvolume extraction for the larger verif cation core. High-resolution
binary CT subvolumes are shown on the left, and the corresponding low-resolution
raw CT subvolumes are shown on the right for (a) 1003 voxels (Case I ), (b) 2003

voxels (Case I I ), and (c) 3003 voxels (Case I I I ) .
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Case I I I I I I

High-resolution subvolume size (3 µm/voxel) 1003 2003 3003

Low-resolution subvolume size (20 µm/voxel) 153 313 463

Number of subvolumes 48,960 34,000 21,120
Average pore-body count from PNM 74 421 1240

Table 2.1: Subvolume dimensions, number of subvolumes, and average number of
pore bodies for the larger verif cation core.

The average pore-body count in each subvolume was examined using pore net-

work modeling (PNM ). The 1003, 2003, and 3003 subvolumes contained approx-

imately 74, 421, and 1240 pore bodies on average, respectively. The pore-body

count was used as a structural indicator of subvolume representativeness. A sub-

volume def ned only by voxel dimensions depends on the CT resolution and the

characteristic grain size of the rock. For example, a 1003 subvolume at 3 µm/voxel

contains approximately 74 pore bodies in the Boise sandstone studied here, whereas

a rock with larger grains would contain fewer pore bodies within the same voxel di-

mensions. The average pore-body count therefore provides information that cannot

be obtained from voxel dimensions alone.

Coordination-number distributions were derived from the pore network models

to characterize pore connectivity (Figure 2.6). The coordination number represents

the number of throats connected to each pore body and is related to local f ow

connectivity. Case I I I had the highest average coordination number, 3.98, and a

relatively narrow distribution. Case I had a lower average coordination number,

3.09, and a broader distribution.

Small subvolumes preferentially sample local pore-rich or solid-rich regions and

may contain truncated, dead-end, or disconnected pore branches. These structures

reduce the apparent coordination number. Larger subvolumes include a greater

portion of the connected pore network, reducing the inf uence of truncation at the

subvolume boundaries. The resulting coordination-number distribution is therefore

more representative of the pore network within the larger rock sample. This dif er-

ence af ects both the stability of the calculated permeability labels and the image

features available for CNN training.
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Figure 2.6: Coordination-number distributions for pore networks extracted from
each subvolume size. A higher coordination number indicates a larger number of
throats connected to each pore body. Case I I I has the highest average value and
the narrowest distribution.

Porosity was also calculated for 4003 , 5003 , and 6003 high-resolution cubic sub-

volumes using the same binary CT image. Together with Cases I–I I I , these data

were used to examine how the porosity distribution changes for subvolume sizes from

1003 to 6003 voxels. The 5th–95th percentile interval denotes the range between the

5th and 95th percentiles of the porosity distribution and is used as a measure of its

width.

2.3.3 R egistrat ion of im ages at d i f erent resolu t ions

The high-resolution and low-resolution CT scans of each sample have dif erent voxel

sizes and f elds of view. The same physical region must therefore be identif ed in

both images. During scanning, the sample position was adjusted to maintain a

consistent scanning angle between the two scans. The high-resolution image was

then registered to the low-resolution image using CT slices located at the same

depth from the top of the core.

Figure 2.7 shows an example of registration between the two resolutions. The

high-resolution region is located within the low-resolution whole-core image, and the

corresponding low-resolution raw CT subvolumes are extracted from the registered

locations. The registration associates each LBM permeability value calculated from
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a high-resolution subvolume with the corresponding low-resolution CNN input.

Figure 2.7: Registration of CT images at two resolutions: (a) low-resolution CT
image of the whole core and (b) high-resolution CT image of the central region.

2.3.4 D irect f ow sim u lation for p erm eab i l i ty lab els

Direct pore-scale simulation has been used to obtain f ow properties from digital

rock CT images Boek and Venturoli (2010); Yang and Boek (2013); Jiang and Tsuj i

(2017); Yang et al. (2019). In this chapter, the lattice Boltzmann method (LBM )

was used to calculate single-phase f ow in the segmented pore space. The LBM can

simulate single-phase and multiphase f ow directly on three-dimensional digital rock

images Liu et al. (2021); Li et al. (2021); Jiang et al. (2021a); Zhang et al. (2022);

Jiang et al. (2022). I t approximately recovers the Navier–Stokes equations from

kinetic theory Shan et al. (2006).

In the LBM , the particle distribution function f i (x, t) represents the probability

of f nding a f uid pseudo-particle with lattice velocity ei at position x and time t:

f i (x + ei t, t + t) = f i (x, t) + ⌦i (x, t), (2.1)

where ei is the lattice velocity in the i th direction, t is the time step, and ⌦i is the

collision operator. A three-dimensional lattice with 19 velocity vectors (D3Q19) was

used Guo and Shu (2013). The multiple-relaxation-time (M RT) collision operator

was adopted to improve numerical stability and reduce viscosity dependence Pan

et al. (2006); d’Humières (1992).

Single-phase f ow was simulated until steady state was reached. Convergence was

determined by monitoring the change in the average pore velocity. The simulation
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was considered converged when the relative change in average velocity was below

10 5 . The scalar permeability in the imposed f ow direction, k, was calculated as

k =
µ v̄ L

P
, (2.2)

where v̄ is the mean velocity in the f ow direction, µ is the dynamic viscosity, L

is the domain length in the f ow direction, and P is the equivalent pressure drop

over the domain length.

A constant body force was applied to represent the pressure gradient, and no-slip

boundary conditions were imposed on the grain surfaces. Therefore, P in Eq. (2.2)

represents the pressure drop equivalent to the imposed body force over the length

L . The pressure gradient was set suf ciently low to maintain Stokes-f ow conditions.

Periodic boundary conditions were applied at the outer boundaries of the compu-

tational subvolume. In the imposed f ow direction, the sample was mirrored to main-

tain pore-space connectivity across the periodic boundary. The periodic boundary

condition can af ect transverse f ow components and the of -diagonal components of

the permeability tensor. In this chapter, only the diagonal permeability component

aligned with the imposed f ow direction is used for CNN training and Darcy-scale

upscaling Guibert et al. (2016).

2.3.5 CN N m odels for p erm eab i l i ty p red ict ion

Convolutional neural networks (CNNs) were used for regression from low-resolution

raw CT subvolumes to scalar permeability values. CNNs apply a sequence of non-

linear transformations through convolutional layers LeCun et al. (1998); Alqah-

tani et al. (2021). Six three-dimensional CNN architectures were evaluated during

workf ow development: Conv8, VGG16, VGG19 Simonyan and Zisserman (2014),

GoogLeNet-V1, GoogLeNet-V3 Szegedy et al. (2015), and ResNet34 He et al. (2016).

The detailed network architectures are provided in Appendix A.

Conv8 was the shallowest architecture evaluated in this chapter and was used

as the baseline model. I t consists of four convolution blocks, each containing a 3D

convolutional layer, batch normalization Iof e and Szegedy (2015), and a rectif ed

linear unit (ReLU) activation function Nair and Hinton (2010). The convolution

blocks are followed by global average pooling (GAP) and dense regression layers.

The GAP layer converts the f nal feature map into a vector and passes it to the fully

connected regression layers. The 3D convolutional layers extract image features in

the three spatial directions.
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VGG16 and VGG19 are deeper convolutional architectures based on repeated

small convolutional f lters. In the three-dimensional versions used here, 3 ⇥ 3 ⇥ 3

f lters are used throughout the convolution blocks. Stacking these f lters increases

the receptive f eld and the number of nonlinear transformations. VGG16 contains 16

weight layers and f ve max-pooling layers, whereas VGG19 contains three additional

convolutional layers.

GoogLeNet uses inception modules in which convolutional f lters of dif erent sizes

are applied in parallel and their outputs are concatenated. GoogLeNet-V3 factorizes

convolutional operations to reduce the number of calculations and increase network

depth. For the regression problem in this chapter, the f nal classif cation layers were

replaced by fully connected layers and a scalar regression output. The auxiliary

classif cation branches used in the original GoogLeNet architectures were removed.

ResNet uses shortcut connections to address vanishing gradients and degradation

in deep networks He et al. (2016). A basic ResNet block contains two convolutional

layers, each followed by batch normalization and ReLU activation. The shortcut

connection adds the input of the block to the output of the second convolutional

layer before the f nal ReLU activation. This structure allows the network to learn

residual mappings.

A ll networks were implemented using TensorFlow Abadi et al. (2015). Based

on the workf ow-development comparison, ResNet34 was used for the larger-core

verif cation.

2.3.6 Loss functions and accu racy m easu rem ents

Five loss functions were tested during CNN training: mean squared error (M SE),

mean absolute error (M AE), Huber loss, mean squared logarithmic error (M SLE),

and log-cosh loss. Their def nitions are listed in Table 2.2. Here, yi is the LBM

permeability label for the i th sample, yp
i is the predicted value, and n is the number

of samples in the dataset.

M AE and M SE are commonly used for regression problems Botchkarev (2018).

Huber loss is quadratic for residuals below the threshold and linear for larger

residuals. The threshold was set to = 1.0. M SE applies a quadratic penalty to large

residuals. M SLE calculates residuals after logarithmic transformation, reducing the

contribution of large absolute dif erences. Log-cosh loss approaches M SE for small

residuals and M AE for large residuals.

A lthough dif erent loss functions were used during training, M AE was used as the
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common metric for comparing prediction accuracy. The loss-function test described

in Section 2.4.2 used the Conv8 network. The M AE calculated from the test dataset

was used to select the loss function for the subsequent comparison of the six CNN

architectures.

Loss function Formula

M SE
1

n

nX

i = 1

(yi yp
i )2

M AE
1

n

nX

i = 1

|yi yp
i |

Huber
1

n

nX

i = 1

(
1
2
(yi yp

i )2 , |yi yp
i |  ,

|yi yp
i | 1

2
, |yi yp

i | > ,

M SLE
1

n

nX

i = 1

[log(yi + 1) log(yp
i + 1)]

2

Log-cosh
1

n

nX

i = 1

log [cosh(yp
i yi )]

Table 2.2: Def nitions of the loss functions used for CNN training.

2.3.7 D arcy f ow solver for w hole-core upscal in g

The permeability values of subvolumes in the high-resolution central region were cal-

culated directly using LBM . The remaining low-resolution core domain was divided

into non-overlapping subvolumes of the same physical size, and their permeability

values were predicted using the trained CNN. The resulting whole-core permeability

map was used in a Darcy f ow solver to calculate the ef ective permeability of the

core.

The M ATLAB Reservoir Simulation Toolbox (M RST) Lie (2019b,a) was used to

solve the single-phase f ow problem. The non-overlapping subvolumes def ned the

Cartesian grid, and the governing equations were discretized using a two-point f nite

volume scheme. For an incompressible single phase with constant viscosity,

r · v = q, v =
K

µ
r P, (2.3)

where v is the Darcy velocity, q is the source or sink term, K is the permeability

tensor, µ is the dynamic viscosity, and P is pressure.

The CNN-predicted subvolume permeability was assigned to the diagonal per-

meability component aligned with the imposed f ow direction, and the of -diagonal

components were neglected. Fixed pressure boundary conditions were imposed on
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the inlet and outlet faces to generate a pressure gradient. No-f ow boundary condi-

tions were imposed on the remaining faces. After convergence, the pressure in each

grid cell and the f ux across each cell face were obtained. The upscaled permeability

was calculated from the total f ux through a cross-section of the core using Darcy’s

law.

2.4 W ork f ow D evelopm ent and M odel Selection

2.4.1 Perm eab i l i ty lab els from d irect f ow sim u lat ion

The permeability values calculated from the high-resolution subvolumes using LBM

were used as labels for CNN training. Figure 2.8 shows the histograms of calculated

permeability on a logarithmic scale for Sample I and Sample I I . Because the two

samples were extracted from dif erent locations in the same meter-scale Boise sand-

stone sample, their permeability distributions dif er. The mean permeabilities were

10.8 D for Sample I and 5.03 D for Sample I I . The standard deviation was smaller

for Sample I than for Sample I I . Thus, the permeability values of Sample I are more

concentrated, whereas those of Sample I I are distributed over a wider range.
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Figure 2.8: Histograms of the calculated permeability on a logarithmic scale for
Sample I and Sample I I .

2.4.2 E valuation of loss funct ions

The f ve loss functions listed in Table 2.2 were evaluated using the same training and

testing datasets. Table 2.3 summarizes the M AE obtained when the Conv8 network

was trained on Sample I using each loss function. Huber loss gave the lowest M AE. In

the training dataset, some high-porosity subvolumes have large permeability values,

which produce large residuals during training. Huber loss reduces the contribution of

these residuals compared with M SE Alqahtani et al. (2020); Huber (1992). Huber

loss was therefore used for the subsequent network comparison, while M AE was

retained as the common accuracy metric.

Loss function M SE M AE Huber M SLE Log-cosh

Accuracy (M AE) 1.8957 1.9384 1.7639 2.8808 1.9488

Table 2.3: Accuracy of the f ve tested loss functions for Sample I using Conv8. The
reported metric is M AE.
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2.4.3 Per form ance of d i f erent CN N arch i tectu res

After selecting Huber loss, the six CNN architectureswere evaluated for permeability

prediction. Figures 2.9 and 2.10 compare the LBM -calculated permeability values

with the CNN-predicted values for Sample I . The red diagonal line represents y = x.

The predictions from GoogLeNet and ResNet are closer to this line than those from

Conv8 and VGG, particularly in the high-permeability range. ResNet34 gave the

highest accuracy for the test dataset. Therefore, only the ResNet34 prediction result

is shown for Sample I I in Figure 2.11.
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Figure 2.9: Permeability values calculated by LBM plotted against CNN predictions
for Sample I using Conv8, VGG16, and VGG19. The red diagonal line represents
y = x.
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Figure 2.10: Permeability values calculated by LBM plotted against CNN predic-
tions for Sample I using GoogLeNet-V1, GoogLeNet-V3, and ResNet34. The red
diagonal line represents y = x.

Table 2.4 summarizes the regression accuracy and training time of the six net-

works. ResNet34 achieved the lowest M AE for both samples, with values of 0.4546

for Sample I and 0.2249 for Sample I I . Prediction accuracy generally increased with

network depth. However, the comparison between VGG16 and VGG19 shows that
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adding convolutional layers to a conventional sequential network does not consis-

tently improve accuracy. In deeper conventional networks, backpropagation becomes

more dif cult, and additional layers can increase the risk of convergence to local op-

tima or overf tting. The shortcut connections in ResNet34 reduce these problems

and allow the deeper network to be trained more ef ectively.

High-permeability subvolumes make a large contribution to M AE. Such subvol-

umes are relatively rare, and the number of corresponding training samples is lim-

ited. Their prediction errors therefore increase the M AE, particularly for Sample I .

In Sample I I , the permeability values are lower and more concentrated, resulting in

a lower M AE.

The training was performed on a workstation with 64 GB of RAM and one

Quadro RTX 5000 GPU. ResNet34 required the longest training time among the

tested networks, whereas GoogLeNet required less time than the other deep net-

works. Based on the prediction results, ResNet34 was selected for whole-core per-

meability prediction and for the subsequent verif cation using the larger core.

M odel Number of layers M AE (Sample I ) M AE (Sample I I ) Training time (Sample

Conv8 8 1.4226 0.8016 4 h 59 min
VGG16 16 1.2031 0.6939 13 h 22 min
VGG19 19 1.1348 0.9163 19 h 24 min

GoogLeNet-V1 22 1.1729 0.6141 5 h 2 min
GoogLeNet-V3 25 0.7589 0.4332 4 h 16 min

ResNet34 34 0.4546 0.2249 45 h 51 min

Table 2.4: Regression accuracy and training time for the tested CNN architectures.

Figure 2.11 compares the ResNet34 predictions with the LBM -calculated perme-

ability values for Sample I I . The predicted values are distributed close to the y = x

line, consistent with the M AE of 0.2249 reported in Table 2.4.
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Figure 2.11: Permeability values calculated by LBM plotted against ResNet34 pre-
dictions for Sample I I . The red diagonal line represents y = x.

2.4.4 Porosity p red ict ion

Porosity was also predicted directly from the low-resolution raw CT subvolumes

using ResNet34. The reference porosity values were calculated from the same seg-

mented high-resolution subvolumes used for the LBM simulations. Figures 2.12 and

2.13 compare the reference and predicted porosity values for Samples I and I I .

The M AE values were 0.00193 for Sample I and 0.00152 for Sample I I . These

errors are smaller than those obtained for permeability. Porosity is primarily deter-

mined by the pore-volume fraction and the grayscale distribution of the CT image,

whereas permeability also depends on pore connectivity and f ow-path tortuosity.

The results show that porosity can be predicted directly from raw low-resolution

CT images without segmenting the low-resolution images.

Figure 2.12: Porosity calculated from segmented high-resolution CT images plotted
against ResNet34 predictions for Sample I . The red diagonal line represents y = x.
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Figure 2.13: Porosity calculated from segmented high-resolution CT images plotted
against ResNet34 predictions for Sample I I . The red diagonal line represents y = x.

2.4.5 Perm eab i l i ty m aps p red icted by the trained CN N

After ResNet34 was trained, the low-resolution whole-core domain was divided into

non-overlapping subvolumes, and the permeability of each subvolume was predicted

directly from its raw CT values. This prediction included subvolumes outside the

high-resolution training region. Figure 2.14 shows the predicted permeability dis-

tributions for Samples I and I I . The predicted distributions retain the dif erence

observed in the LBM labels: Sample I has a higher permeability distribution than

Sample I I .
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Figure 2.14: Histograms of the predicted permeability on a logarithmic scale for
Sample I and Sample I I .

The permeability labels used for training were calculated along the core-axis di-

rection. To estimate the diagonal permeability components in the two perpendicular

directions, the trained network was also applied to CT subvolumes rotated along the

corresponding axes. The of -diagonal components of the permeability tensor were

omitted.

Figure 2.15 shows the predicted whole-core permeability maps and the rectan-

gular regions used for the Darcy f ow calculation. Sample I has higher predicted

permeability than Sample I I , consistent with the LBM -derived label distributions.

The rectangular computational regions were extracted from the cylindrical samples

to exclude the boundary region, where the CT image quality was lower. The pre-

diction was performed directly from raw low-resolution images and did not require

segmentation of these images.
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Figure 2.15: Permeability maps for the whole cores and the rectangular regions ex-
tracted from the original cylindrical samples for Darcy f ow calculation: (a) Sample I
and (b) Sample I I .

The permeability–porosity relationships were examined for the LBM -calculated

data and the CNN-predicted whole-core data. Figures 2.16 and 2.17 show the results

for Samples I and I I , respectively. The solid lines show f ts obtained using the

Kozeny–Carman (KC) model,

k = C
3

(1 )2
, (2.4)

where C is a parameter related to pore geometry and is porosity. The model

was f tted to the computed data using the least-squares method. The f tted values

of C were 154.5 for Sample I and 255.9 for Sample I I .

Both the calculated and predicted data show an increase in permeability with

porosity. They also show a range of permeability values at a given porosity that is

not represented by a single KC-model curve. The CNN-predicted data reproduce

the distribution observed in the LBM -calculated data.

45



Figure 2.16: Permeability–porosity relationship for Sample I : (a) calculated LBM
data and (b) predicted data. The solid line shows the KC-model f t.

Figure 2.17: Permeability–porosity relationship for Sample I I : (a) calculated LBM
data and (b) predicted data. The solid line shows the KC-model f t.

For comparison, the permeability data were also examined using a porosity-based

scaling relationship derived from permeability bounds M artys et al. (1994):

k =
2 2

s2
( 1)

f , (2.5)

where s is the specif c surface area, def ned as the pore-surface area divided by

the total sample volume, 2 is the solid-volume fraction, 1 = c is the pore-

volume fraction above the critical porosity, c is the critical porosity, and f is a
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f tting exponent. For the sandstone samples, c was set to zero M artys et al. (1994).

The f tted values of f were 1.66 for Sample I and 1.84 for Sample I I .

F igure 2.18 shows that a range of permeability values remains after scaling. Thus,

porosity-based scaling does not reproduce the full permeability distribution. The

CNN predictions retain the permeability variation contained in the LBM -calculated

data.

Figure 2.18: Relationship between scaled permeability and porosity for (a) Sample I
and (b) Sample I I . The solid line shows the f t to the scaled data using k = 2 2

s2 ( 1)
f .

The f tted values of f are 1.66 and 1.84 for Samples I and I I , respectively.

2.4.6 W hole-core upscaled p erm eab i l i ty

The predicted permeability maps were used as input to the Darcy f ow solver. Fig-

ure 2.19 shows the pressure distributions for Samples I and I I . Sample I has a rel-

atively uniform pressure gradient along the f ow direction, consistent with its more

homogeneous permeability map. Sample I I has a less uniform pressure drop because

its permeability distribution is more heterogeneous.

Figure 2.20 shows the LBM velocity streamlines in the two high-resolution central

regions. Sample I contains more connected high-velocity f ow paths through larger

pores. Sample I I shows lower velocities and more tortuous f ow paths, consistent

with its lower permeability.
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Figure 2.19: Pressure distributions of the whole cores obtained from the Darcy f ow
solver: (a) Sample I and (b) Sample I I .

F igure 2.20: Velocity streamlines in the two central regions obtained from direct
LBM f ow simulation: (a) Sample I and (b) Sample I I . Red and blue indicate high
and low velocity, respectively.

For comparison, PNM wasused to calculate permeability from the high-resolution

central regions and the low-resolution whole-core images. PNM represents the pore

space using idealized pore bodies and throats and calculates f ow through the result-

ing network Blunt (2001). Table 2.5 summarizes the permeability values obtained

by PNM , LBM , CNN-based upscaling, and coref ooding.

The CNN–Darcy workf ow gave whole-core permeabilities of 5.85 D for Sample I

and 1.53 D for Sample I I . Relative to the LBM permeabilities of the high-resolution

central regions, 4.83 D and 1.89 D, the corresponding dif erences were 21% and 19% .

PNM gave 5.15 D and 0.75 D for the high-resolution central regions. For Sam-

ple I I , the small pore bodies are not represented adequately by the simplif ed pore-

network elements, resulting in a lower PNM permeability than the LBM value. For

the low-resolution whole-core images, PNM gave 12.8 D and 3.53 D. At this resolu-

48



tion, pore throats are represented by intermediate grayscale voxels, and their clas-

sif cation during segmentation af ects the reconstructed network. The CNN-based

workf ow uses the raw low-resolution images and does not require this segmentation

step.

M ethod Sample I Sample I I

k of center region (PNM ; high resolution) 5.15 D 0.75 D
k of whole core (PNM ; low resolution) 12.8 D 3.53 D

k of center region (LBM ; high resolution) 4.83 D 1.89 D
k of whole core (CNN; low resolution) 5.85 D 1.53 D

M eter-scale coref ooding data 2.8 D

Table 2.5: Large-scale permeability values obtained by dif erent methods.

The meter-scale coref ooding permeability of the parent Boise sandstone was

2.8 D, which lies between the CNN-upscaled values for Samples I and I I . Samples I

and I I were extracted from relatively high- and low-porosity regions, respectively,

which is consistent with their higher and lower predicted permeabilities.

The transferability of the trained network within the same rock type was also

examined. The network trained using Sample I was applied to the low-resolution

CT image of Sample I I . The predicted permeability map in Figure 2.21 is similar

to the map obtained using the network trained on Sample I I . The resulting up-

scaled permeability was 2.47 D. This value is higher than the 1.53 D obtained using

the Sample I I network because the Sample I training dataset contains more high-

porosity and high-permeability subvolumes. The value of 2.47 D is also closer to the

coref ooding value than the low-resolution PNM result of 3.53 D.

This result shows that a network trained on one sample can be applied to another

sample of the same rock type when their pore structures have similar characteristics.

Dif erent rock types require dedicated training because their porosity ranges, pore

connectivity, and CT-image characteristics dif er. A database of trained networks

for dif erent rock types could support permeability estimation directly from raw CT

images.

49



Figure 2.21: Permeability map of Sample I I predicted by the neural network trained
using data extracted from Sample I .

2.5 W ork f ow Ver i f cation on a Larger C ore

This section verif es the permeability upscaling workf ow using the larger centimeter-

scale Boise sandstone core. The verif cation focuses on how the subvolume size and

the number of training data points af ect CNN prediction accuracy, permeability-

map reliability, and the f nal Darcy-scale upscaled permeability. The verif cation

workf ow is shown in Figure 2.22.
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Figure 2.22: Permeability upscaling workf ow for the larger core used in workf ow
verif cation: (a) CT scanning at two resolutions and creation of training datasets;
(b) CNN training using raw CT data and permeability labels; (c) prediction of
whole-core permeability maps by the trained CNN; and (d) calculation of f ow-f ux
distribution using the Darcy f ow solver. The red box in (a) indicates the selected
region for high-resolution analysis, and the orange grid lines indicate the subvolume
partition used for permeability computation.
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2.5.1 LB M p erm eab i l i ty d istr ib u tions for d i f erent subvol-

um e sizes

The larger core was partitioned into three high-resolution subvolume sizes to examine

how the subvolume size af ects the distribution of LBM -derived permeability labels.

Figure 2.23 shows the LBM permeability distributions for Cases I , I I , and I I I . The

standard deviations of permeability were 20.73, 12.88, and 8.05 D for Cases I , I I ,

and I I I , respectively. The distribution therefore becomes narrower as subvolume size

increases. This behavior is expected because larger subvolumes average out local

heterogeneity and reduce the occurrence of extreme values.

From the perspective of CNN training, data diversity and structural represen-

tativeness must be balanced. Case I provides the largest number of training data

points and the broadest permeability distribution. At f rst glance, this broad diver-

sity may appear benef cial for learning a wide range of local CT patterns. However,

small subvolumes can contain disconnected f ow paths, isolated pores, or nearly solid

regions that are not representative of the connected f ow network at core scale. These

outlier subvolumes can cause overestimation or underestimation of permeability and

reduce prediction reliability. Cases I I and I I I reduce this problem because larger sub-

volumes average out local heterogeneities and reduce the probability of encountering

outlier subvolumes. The loss of local diversity is compensated by improved physical

representativeness. Therefore, an appropriate subvolume size is required to balance

data diversity, training-data quality, and permeability-map prediction accuracy.
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Figure 2.23: Histograms of the calculated permeability on a logarithmic scale for
Case I , Case I I , and Case I I I .

F igure 2.24 shows the mean porosity, the 5th–95th percentile interval, and the

number of extracted subvolumes for subvolume sizes from 1003 to 6003 voxels. The

mean porosity remained close to 29% over the tested size range. The 5th–95th

percentile width decreased from approximately 31 percentage points for the 1003

subvolumes to 8.66 percentage points for the 3003 subvolumes and 5.71 percentage

points for the 6003 subvolumes. This indicates that local pore-volume variation is

progressively averaged within larger support volumes.

53



Figure 2.24: Ef ect of high-resolution subvolume size on porosity statistics and sam-
ple availability. The upper panel shows the mean porosity and the 5th–95th per-
centile interval. The lower panel shows the number of extracted subvolumes.

The reduction in the 5th–95th percentile interval from 1003 to 3003 indicates

that extremely high- and low-porosity local patches are no longer dominant at the

3003 support size. This is relevant to permeability prediction because such local

patches can generate permeability labels controlled by isolated pores, disconnected

f ow paths, or nearly solid regions rather than by the connected pore network of

the core. At 3003 , these extreme local ef ects are reduced, while 21,120 subvolumes

remain available for training and whole-core mapping.

Increasing the size beyond 3003 continues to narrow the porosity interval, but the

additional narrowing mainly comes from averaging local porosity contrasts within

each larger subvolume. In the present workf ow, each subvolume is assigned one

local permeability value. Therefore, when the subvolume size is increased to 4003 ,

54



5003, or 6003 , local high-and low-porosity regions that would be treated as separate

local blocks at 3003 are combined into a single larger block. This reduces the local

property variation that the permeability map can represent. The number of available

subvolumes also decreases from 21,120 at 3003 to 11,880, 5,280, and 1,320 at 4003 ,

5003, and 6003 , respectively.

2.5.2 E f ect of train in g dataset size on p red ict ion accu racy

ResNet34 was used for the larger-core verif cation because it showed the best perfor-

mance in the f rst-stage model comparison. The network was trained for 300 epochs,

and the model parameters giving the best validation performance were stored for

prediction. Prediction accuracy was evaluated using the coef cient of determination,

R 2 . An R 2 value near 1 indicates a close f t between the predicted and reference

values, whereas a value near 0 indicates poor regression performance Draper and

Smith (1998).

Figure 2.25 shows the relationship between the number of training data points

and prediction accuracy for permeability and porosity. For all three subvolume sizes,

R 2 increases as the number of training data points increases. Case I I I reaches an R 2

value close to 1 with fewer training data points and stabilizes rapidly. Case I I also

reaches high accuracy, but requires more training data points than Case I I I . Case I

has lower initial accuracy and continues to improve as more data are added, but

even with 48,960 data points it does not reach the accuracy obtained with the larger

subvolumes. In Case I I , convergence is achieved with approximately 20,000 data

points. In Case I I I , satisfactory accuracy is achieved with approximately 10,000

data points. Porosity prediction follows the same trend: Case I I I achieves very high

accuracy with relatively few data points, Case I I follows closely, and Case I requires

more data to reach comparable accuracy.
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Figure 2.25: Relationship between the number of training data points and prediction
accuracy R 2 for (a) permeability and (b) porosity in Cases I , I I , and I I I .

The improvement in accuracy with larger subvolumes is attributed to the in-

clusion of more representative pore-network features. A larger subvolume contains

more pores and throats, which reduces the ef ect of isolated local features and pro-

vides a more stable relationship between low-resolution CT texture and ef ective

permeability. However, larger subvolumes also increase computational cost during

CNN training. Table 2.6 shows that the training time increased from 8.3 hr for

Case I to 39.3 hr for Case I I and 89.8 hr for Case I I I on a single NVIDIA A6000

GPU. M emory usage also increased with subvolume size because of the larger input

dimensionality and feature complexity.
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Case I I I I I I

High-resolution subvolume size (voxels) 1003 2003 3003

Training time (hr) 8.3 39.3 89.8
M emory usage (GB) 23.3 25.8 33.2

Table 2.6: CNN training time and memory usage for each subvolume-size case.

The 3003 case already required 89.8 hr of training and 33.2 GB of GPU memory.

Increasing the high-resolution subvolume size from 3003 to 4003 , 5003, and 6003

would increase the number of voxels in one LBM domain and one corresponding

CNN input by factors of 2.37, 4.63, and 8.00, respectively. This would increase

the cost of generating each permeability label and training the CNN. At the same

time, the larger support volumes would combine more local heterogeneity into each

single label, reducing the local property variation represented in the whole-core

permeability map. Since the 3003 case already gave the highest prediction accuracy

among Cases I–I I I , the complete workf ow was evaluated up to this size.

2.5.3 P red iction accu racy for p erm eab i l i ty and p orosity

After the training accuracy converged, the prediction performance was evaluated

for the three subvolume-size cases by comparing CNN-predicted permeability values

with LBM -calculated permeability values for the test dataset (Figure 2.26). Case I

shows the largest scatter, and many predicted values fall below the y = x line,

indicating a systematic underestimation of permeability for unseen subvolumes. This

is because smaller subvolumes contain fewer representative rock features, and the

characteristics of individual subdomains can vary greatly. In Case I I , the predictions

are more tightly clustered around the y = x line, indicating improved accuracy and

better generalization compared with Case I . Case I I I shows the best agreement with

the y = x line, making it the most reliable case among the three subvolume sizes for

permeability prediction. This result indicates that larger subvolumes capture more

representative rock features and reduce the variability between subdomains, thereby

improving the learning of ef ective permeability.
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Figure 2.26: Permeability calculated by LBM plotted against CNN-predicted per-
meability for Cases I , I I , and I I I . The red diagonal line represents y = x.

The porosity prediction results show the same tendency (Figure 2.27). Poros-

ity is easier to predict than permeability because it is primarily determined by the

grayscale histogram, whereas permeability is also inf uenced by pore-space connec-

tivity and f ow-path tortuosity. Nevertheless, Case I still shows a relatively large pre-

diction error, whereas Cases I I and I I I improve substantially, with Case I I I showing

predictions very close to the reference porosity calculated from the high-resolution
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binary CT image. These results indicate that subvolume size and structural repre-

sentativeness af ect the prediction accuracy of both geometric and transport prop-

erties.

Figure 2.27: Porosity calculated from high-resolution binary CT images plotted
against CNN-predicted porosity for Cases I , I I , and I I I . The red diagonal line rep-
resents y = x.
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2.5.4 Perm eab i l i ty–p orosity relationsh ip and p erm eab i l i ty

m aps

The permeability–porosity relationships for Cases I , I I , and I I I are shown in Fig-

ure 2.28. The solid line shows the Kozeny–Carman (KC) model f t. The KC model

captures only a mean trend and does not reproduce the spread of permeability at

a given porosity. In Case I , the KC f tting curve exhibits a downward shift because

numerous outliers are present within the 1003 subvolumes, leading to a bias in the

f tted relationship. As the subvolume size increases to 2003 and 3003 voxels, both

the LBM -calculated and CNN-predicted data become more tightly clustered around

the KC-model line, and the predicted data closely mirror the calculated data. The

CNN-based workf ow captures both the overall trend and the distributional spread

because it extracts three-dimensional image information related to pore microstruc-

ture and f ow-path connectivity, rather than relying on porosity alone. This dis-

tinction is important for upscaling because the Darcy-scale f ux depends on the

spatial organization of high-and low-permeability regions, not only on their average

porosity.
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Figure 2.28: Relationship between permeability and porosity for Cases I , I I , and I I I .
The solid line shows the KC-model f t.

Figure 2.29 shows the predicted permeability maps of the larger core for the three

subvolume sizes. The maps are consistent with the raw CT structure: less dense

regions are assigned higher permeability and denser regions are assigned lower per-

meability. The maps also show how the choice of subvolume size af ects the spatial

resolution and apparent heterogeneity of the predicted permeability distribution.
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Case I exhibits a highly granular permeability distribution and preserves strong

small-scale variability, but this variability includes unstable local heterogeneity and

prediction errors. As the subvolume size increases, noise-like local variability is sup-

pressed and larger-scale f ow structures become more visible. Case I I I produces the

smoothest permeability distribution, with a more uniform and coherent macroscopic

structure. Figure 2.30 compares the permeability map with the corresponding raw

CT rock model, demonstrating the spatial alignment between the predicted perme-

ability f eld and the observed rock structure.

Figure 2.29: Permeability maps for the larger core and the rectangular regions
extracted from the cylindrical sample for Darcy f ow calculation: (a) Case I , (b)
Case I I , and (c) Case I I I .
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Figure 2.30: Comparison between the predicted permeability map and the corre-
sponding raw CT rock model.

2.5.5 D arcy-scale p ressu re and velocity f eld s

The three permeability maps were used as input to the Darcy f ow solver to compute

pressure and f ux f elds. Figure 2.31 shows the resulting pressure distributions and

the pressure dif erences between Cases I and I I I and between Cases I I and I I I . The

pressure distributions in all three cases show the general trend of decreasing pressure

from the inlet to the outlet. The pressure-dif erence maps show that the pressures

in Cases I and I I are generally higher than those in Case I I I from the inlet to

the midsection of the core, whereas the pressure near the outlet tends to be lower

than that in Case I I I . Case I exhibits larger local pressure f uctuations because the

small subvolume size preserves strong local permeability variations. Case I I is more

uniform, but still retains local variability relative to Case I I I . Case I I I produces

the smoothest pressure distribution because small-scale heterogeneity is averaged

over larger subvolumes. These results indicate that increasing the subvolume size

improves the overall uniformity of the pressure distribution.

63



Figure 2.31: Pressure distributions of the larger core obtained from the Darcy f ow
solver: (a) Case I , (b) Case I I , (c) Case I I I , (d) pressure dif erence between Case I
and Case I I I , and (e) pressure dif erence between Case I I and Case I I I .

For a perfectly homogeneous porous medium, the pressure decreases linearly

from inlet to outlet. Figure 2.32 compares the simulated average pressure with the

ideal linear pressure distribution and shows the permeability variation along the core

f ow direction. The pressure dif erence from the ideal linear prof le correlates with

the permeability distribution. The pressure dif erence exhibits a distinct pattern: it

decreases in the inlet region, increases between approximately 0.5 cm and 4.4 cm,

and then decreases again toward the outlet. Below 0.5 cm, the permeability is lower

than the average, which increases f ow resistance and causes the average pressure

to drop more steeply than the ideal linear prof le. Between 0.5 cm and 4.4 cm, the

permeability exceeds the average value, reducing the required pressure gradient and

producing a more gradual pressure decrease. At approximately 4.4 cm, permeability

decreases sharply and remains below the average toward the outlet, again requiring

a larger pressure gradient. This behavior indicates that the predicted permeability

map controls the Darcy-scale pressure f eld in a physically consistent manner.
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Figure 2.32: Variation of properties along the core f ow direction: (a) pressure, where
the red line represents the ideal linear pressure distribution; (b) pressure dif erence
between average pressure and ideal linear pressure; and (c) permeability, where the
red line represents the average permeability.

Figure 2.33 shows dimensionless velocity distributions normalized by the mean

f ow velocity. Case I contains strong localized velocity variations, including regions

of negative velocity and local backf ow, because many subvolumes are dominated

by either f ow paths or solid regions. Case I I shows a moderately smoothed velocity

distribution, in which localized variations are still apparent but less pronounced

because of intermediate averaging ef ects. Case I I I gives the smoothest velocity
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f eld, with more evenly distributed variations and reduced f ne-scale heterogeneity

because of the averaging ef ect of larger subvolumes. The velocity-f eld comparison

demonstrates that subvolume size af ects not only the CNN prediction accuracy, but

also the physical response calculated by the Darcy f ow solver.

Figure 2.33: Dimensionless velocity distributions normalized by the mean f ow ve-
locity of the larger core obtained from the Darcy f ow solver: (a) Case I , (b) Case I I ,
and (c) Case I I I .

2.5.6 U pscaled p erm eab i l i ty of the larger core

The upscaled permeability of the larger core was calculated from the Darcy-scale

f ux. For comparison, the arithmetic average of subvolume permeability was also

calculated, and PNM was used to estimate the permeability of the high-resolution

central region. PNM represents the pore space as a network of pores and throats and

solves transport equations on simplif ed pore geometries Blunt (2001). In this study,
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the pore network model was reconstructed using the SNOW algorithm Gostick et al.

(2019), and f uid simulations were performed with OpenPNM Gostick et al. (2016).

Figure 2.34 shows the reconstructed pore network.

Figure 2.34: Three-dimensional visualization of the pore network model recon-
structed from the high-resolution CT image. Spheres represent pore bodies and
are colored by diameter. Lines represent throats connecting pore bodies.

Table 2.7 summarizes the large-scale permeability values obtained by dif erent

methods for the larger core. The coref ooding experiment measured a whole-core

permeability of 8.9 D . The CNN–Darcy workf ow gave upscaled permeability values

of 10.9 D, 14.2 D, and 12.2 D for Cases I , I I , and I I I , respectively. The arithmetic

average permeability values were 15.3 D, 16.1 D, and 12.9 D. The PNM result for

the high-resolution central region was 19.1 D, which is substantially higher than the

coref ooding result. This overestimation occurs because PNM simplif es the pore

space into idealized pore bodies and throats. Errors in the def nition of pores and

throats can strongly af ect transport-property prediction Liu et al. (2022), especially

in rocks with relatively small pore sizes such as Boise sandstone.

Case I I I I I I

k of whole core (CNN–Darcy upscaled) 10.9 D 14.2 D 12.2 D
Arithmetic average permeability 15.3 D 16.1 D 12.9 D

k of central region (PNM ) 19.1 D
Coref ooding experimental data 8.9 D

Table 2.7: Large-scale permeability values obtained by dif erent methods for the
larger core. Here, 1 D ⇡ 9.869 ⇥ 10 12 m2 .
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The dif erence between the Darcy-upscaled permeability and the arithmetic av-

erage decreases as subvolume size increases. This occurs because local heterogeneity

is progressively averaged out in larger subvolumes. As the permeability f eld be-

comes more uniform, the f ux distribution becomes closer to that of a homogeneous

medium, and the ef ective permeability approaches the arithmetic average. How-

ever, the most homogeneous f eld is not necessarily the most physically informative;

excessive averaging can remove f ow-relevant heterogeneity. Therefore, the appropri-

ate subvolume size must balance structural representativeness, prediction accuracy,

computational cost, and preservation of heterogeneity.

Case I gives an upscaled permeability of 10.9 D, which appears closest to the

coref ooding result. However, this apparent agreement should not be interpreted as

evidence that Case I is the most reliable case. The CNN prediction accuracy is lowest

in Case I , and the prediction plot in Figure 2.26 shows that many predicted values fall

below the y = x line, indicating systematic underestimation for unseen subvolumes.

In addition, the f ux map in Figure 2.33 shows unstable local velocity variations.

The small subvolumes overemphasize local heterogeneity and can introduce noise-

like artifacts into the Darcy simulation. Therefore, the selection of subvolume size

should be based not only on closeness to the experimental value, but also on intrinsic

indicators such as prediction accuracy, residual behavior, and f ux-f eld stability.

Case I I improves prediction accuracy, but its permeability histogram contains many

high-permeability subvolumes that can reconnect to form preferential f ow paths,

resulting in an upscaled permeability of 14.2 D. Case I I I yields 12.2 D, which is

closer to the experimental value than Case I I and is supported by the highest CNN

accuracy. In the tested range, the 3003 subvolume size, corresponding to an average

of approximately 1240 pore bodies, provided the most stable and reliable result for

this Boise sandstone core.

This result also indicates that pore-body count is a more transferable indicator

of subvolume adequacy than voxel size alone, because voxel size depends on CT

resolution and the characteristic grain size of the rock. Specifying the subvolume in

terms of pore-body count anchors the criterion to the topology of the f ow network.

Therefore, the subvolume should be large enough to contain a statistically represen-

tative connected pore network, while remaining small enough to resolve core-scale

heterogeneity.

In terms of computational ef ciency, PNM still requires several hours for net-

work reconstruction and f ow calculation. The CNN-based workf ow requires ap-

proximately 40 min to obtain the upscaled permeability for Case I I I after the model
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is trained: 38 min for generating the permeability map and 2 min for the Darcy f ow

simulation. This dif erence indicates that the proposed workf ow has advantages in

computational time, spatial coverage, and prediction reliability once an appropriate

trained network is available.

2.6 Sum m ary

This chapter developed and verif ed a CNN-based workf ow for upscaling absolute

permeability from high-resolution pore-scale information to core-scale ef ective per-

meability inferred from low-resolution CT images. The workf ow uses LBM to cal-

culate permeability labels from segmented high-resolution CT subvolumes, trains

CNNs using the corresponding low-resolution raw CT subvolumes, predicts whole-

core permeability maps directly from low-resolution CT images, and calculates the

upscaled permeability using a Darcy f ow solver. The central purpose of this chapter

was to establish whether DNS-derived pore-scale permeability information can be

transferred to larger low-resolution CT domains while preserving the inf uence of

local pore-structure heterogeneity.

In the workf ow-development stage, two small Boise sandstone core samples were

used to establish the basic method. High-resolution CT images were segmented and

used to obtain LBM permeability labels, whereas low-resolution raw CT images were

used directly asCNN inputs without segmentation. Five loss functions and six three-

dimensional CNN architectures were tested. Huber loss gave the best performance

in the loss-function test, and ResNet34 gave the best prediction accuracy among

the tested architectures. The trained ResNet34 model predicted both porosity and

permeability from low-resolution raw CT images. Porosity was predicted with small

M AE values because it mainly depends on volumetric grayscale information, whereas

permeability was more dif cult to predict because it also depends on pore-space

connectivity and f ow-path tortuosity.

The predicted permeability maps from the trained CNN were used in a Darcy

f ow solver to calculate whole-core upscaled permeability. The CNN–Darcy workf ow

gave upscaled permeability values of 5.85 D and 1.53 D for Samples I and I I , re-

spectively. The meter-scale coref ooding permeability of the parent Boise sandstone

was 2.8 D, which lies between the two local sample predictions. This agreement

is reasonable because Samples I and I I were extracted from regions with dif erent

local porosity and permeability. A transfer test was also performed by applying the

network trained on Sample I to Sample I I . The resulting upscaled permeability was
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2.47 D, indicating that a trained network can be transferred to an unseen sample of

the same rock type to some extent, although separate training is still required for

dif erent lithologies.

The workf ow-development results demonstrate that low-resolution raw CT im-

ages contain useful grayscale information related to unresolved pore structure and

partial-volume ef ects. The comparison with the KC model and PNM further shows

that permeability cannot be represented reliably by porosity or simplif ed pore-

network geometry alone. The KC model captures only an average permeability–

porosity trend and cannot reproduce the scatter caused by pore connectivity and

pore-throat geometry. PNM can provide useful estimates when high-resolution pore

structures are available, but its accuracy depends strongly on how pore bodies and

throats are def ned. By contrast, the CNN-based workf ow uses three-dimensional

CT-image information related to pore microstructure and f ow-path connectivity,

allowing it to capture both the trend and the scatter of the permeability–porosity

relationship.

In the workf ow-verif cation stage, a larger 8.7 cm Boise sandstone core was

used to examine the ef ects of training dataset size and subvolume size. Three

high-resolution subvolume sizes were tested: 1003 , 2003 , and 3003 voxels. These

corresponded to average pore-body counts of approximately 74, 421, and 1240, re-

spectively. As subvolume size increased, the LBM -derived permeability distribu-

tions became narrower, pore-network connectivity became more stable, and CNN

prediction accuracy improved. Case I provided the largest number of training data

points and the broadest permeability distribution, but the small subvolumes were

not suf ciently representative of connected f ow pathways and produced the lowest

prediction accuracy. Cases I I and I I I reduced the inf uence of outlier subvolumes

by including more representative pore-network structures. Case I I I reached high

prediction accuracy with relatively few training data points, although it required

the longest training time because of the larger input size.

The Darcy-scale verif cation showed that subvolume size af ects not only local

CNN prediction accuracy, but also the f nal pressure f eld, velocity f eld, and upscaled

permeability. Case I preserved strong local permeability variations and produced

unstable local velocity f uctuations, including local backf ow. Case I I I produced

smoother pressure and velocity f elds because small-scale heterogeneity was aver-

aged over larger subvolumes. The CNN–Darcy upscaled permeability values were

10.9 D, 14.2 D, and 12.2 D for Cases I , I I , and I I I , respectively, compared with the

coref ooding value of 8.9 D. Although Case I appears closest to the experimental
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value, it is not the most reliable case because it has the lowest CNN prediction ac-

curacy and unstable Darcy-scale velocity f elds. Case I I overestimates permeability

because many high-permeability subvolumes can reconnect to form preferential f ow

paths. Case I I I gives the most stable and reliable result among the tested cases be-

cause it combines the highest CNN prediction accuracy with a physically smoother

Darcy-scale response.

For the Boise sandstone studied here, the 3003 high-resolution subvolume size,

corresponding to an average of approximately 1240 pore bodies, provided the best

balance between structural representativeness, prediction accuracy, preservation of

meaningful heterogeneity, and upscaling reliability. This result also shows that pore-

body count is a more transferable indicator than voxel size alone, because it is

tied to the topology of the connected pore network rather than to a specif c CT

resolution. Therefore, the optimal subvolume size should not be def ned only by

voxel dimensions, but also by the number of pore bodies and the representativeness

of connected f ow pathways contained in each subvolume.

The limitations of the workf ow are also clear. The optimal subvolume size

identif ed in this chapter was obtained for Boise sandstone under single-phase f ow

conditions, and its generality to other rock types has not yet been established. Rocks

with very small, isolated, or poorly connected pores, such as low-porosity crystalline

rocks, may be dif cult to analyze using the same CT-resolution settings. In addi-

tion, the trained CNN is specif c to the rock type, pore structure, porosity range,

and image-acquisition conditions. For dif erent lithologies, the training procedure

must be repeated, or a broader database of trained networks must be constructed.

Despite these limitations, the CNN–Darcy workf ow provides a physically consis-

tent route for integrating high-resolution pore-scale permeability information with

centimeter-scale low-resolution CT heterogeneity. This workf ow forms the basis

for the multiphysics extension and stochastic f eld-scale modeling developed in the

following chapters.
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Chapter 3

R egistration-Free M u lt ip hysics

U pscal ing and Stochastic R ock

Physics M odel ing

3.1 O verv iew

Chapter 2 developed a CNN-based workf ow that linked permeability labels derived

from HR CT-based LBM simulations to LR CT images and used the predicted per-

meability map for whole-core upscaling Jiang et al. (2023); Guo et al. (2025). That

workf ow required HR and LR images of the same rock volume to be spatially regis-

tered. At the 20-fold voxel-size dif erence used in this chapter, reliable registration is

dif cult because pore-scale landmarks visible in the HR image are not resolved in the

LR image. This chapter removes the registration requirement by using a Downsam-

pling Generative Adversarial Network (DSgan) to generate LR-like inputs directly

from HR CT subvolumes. The generated LR-like images are constrained toward the

grayscale characteristics of the actual 20 µm/voxel LR CT domain while remaining

derived from the same HR subvolumes as the DNS reference labels. Each generated

LR-like input is therefore paired with reference physical properties calculated from

the corresponding HR subvolume without physical HR–LR image registration.

SE-Atten-Res3D is trained on these paired data to predict permeability, poros-

ity, electrical conductivity, bulk modulus, and shear modulus from LR-like CT

subvolumes. The f ve target properties depend on dif erent components of the

pore–solid structure, including pore volume, connected transport paths, and the

load-bearing solid framework. SE-Atten-Res3D combines 3D residual blocks, SE
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channel-attention modules, and multi-stage feature aggregation. The SE modules

compute channel weights from globally pooled features and rescale the intermediate

feature tensors before regression. The trained ensemble is applied to the whole-core

LR CT volume to generate f ve property maps, which are then used in Darcy-f ow

and FEM calculations of the whole-core ef ective properties.

The f nal part of the chapter formulates an S-RPM from the porosity–property

scatter in the predicted core-scale maps. Deterministic porosity–property relation-

ships describe the mean trend but do not represent the residual property varia-

tion observed among cells with similar porosity. This residual variation ref ects

microstructural dif erences that are not described by porosity alone, including pore

connectivity, pore-throat constrictions, and the geometry of the load-bearing solid

framework. The S-RPM represents this residual variation with a porosity-dependent

amplitude and a spatially correlated stochastic f eld calibrated from the 640,000

predicted cell-wise porosity–property pairs. The stochastic term is calibrated from

the residuals between the SE-Atten-Res3D predictions and the f tted deterministic

porosity–property relationships. For each property, the f tted deterministic relation-

ship is combined with a porosity-dependent residual amplitude and a standardized

spatial random f eld. Given a porosity f eld and a prescribed spatial-correlation

model, the S-RPM reconstructs three-dimensional property f elds that retain the

calibrated porosity–property spread. The reconstructed S-RPM maps are compared

with the SE-Atten-Res3D maps in terms of their porosity–property distributions,

spatial variations, and whole-core ef ective properties. The S-RPM therefore pro-

vides a porosity-based stochastic representation for larger domains in which contin-

uous CT images are unavailable.

The remainder of this chapter describes Sample J7 and the multiscale CT data,

the DNS reference calculations, DSgan and SE-Atten-Res3D, whole-core property

mapping and upscaling, and the S-RPM formulation. The S-RPM reconstruction is

evaluated by comparing its porosity–property distributions and whole-core ef ective

properties with those obtained from the SE-Atten-Res3D maps.

3.2 Sam p le J7 and M u lt iscale C T I m ag in g

A sandstone core sample was obtained from the Frio Formation at a depth of ap-

proximately 1,887 m in Texas, USA, where CO2-EOR operations are conducted.

This sample is referred to as “Sample J7” in this dissertation. Compared with the

Boise sandstone samples used in Chapter 2 Jiang et al. (2023); Guo et al. (2025),
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Sample J7 shows greater spatial variation in sedimentary texture and pore structure.

Sample J7 is a quartz-rich, clay-bearing sandstone composed of 70.6% quartz, 16.1%

feldspar, 11.7% clay, and 1.6% other minor minerals. The observed heterogeneity

includes variations in pore connectivity, local mineral distribution, and load-bearing

grain contacts, which can produce spatial variations in permeability, electrical con-

ductivity, and elastic moduli. Sample J7 was selected to evaluate the proposed

workf ow on a reservoir-core sandstone with clear microstructural heterogeneity.

CT imaging was performed on the whole core and an extracted sub-core at

two voxel sizes. The whole core was f rst scanned at 20 µm/voxel to cover the

centimeter-scale core domain. Before the LR scan, numbered circular reference

marks were placed on the core surface to identify the approximate region selected

for HR imaging. The resulting LR image provides the input domain for whole-

core property mapping, but it does not resolve the pore-scale geometry required

for DNS. After the LR scan, a millimeter-scale sub-core was extracted from the

marked region and scanned at 1 µm/voxel (actual voxel size: 0.999 µm/voxel) to

resolve pore-scale geometry within a smaller f eld of view. The HR image resolves

narrow pore throats, connected pores, grain contacts, and solid grains that def ne

the computational domains for the DNS-based f ow, electrical, and elastic-property

calculations. At 20 µm/voxel, partial-volume ef ects blur pore–solid boundaries and

narrow pore throats, so the LR image cannot be used directly as the computational

domain for pore-scale DNS.

The 20-fold dif erence in voxel size and the dif erence in f eld of view make precise

registration of the HR and LR images dif cult. Sub-core extraction can also damage

the original core, and fragile reservoir sandstones may fracture during cutting. The

registration-free procedure described in the following section therefore generates

LR-like inputs computationally from the HR subvolumes rather than relying on

physically registered HR–LR image pairs.

3.3 M ethod

3.3.1 Overv iew of the P rop osed U pscal in g Fram ework

The objective of the proposed workf ow is to estimate multiple physical properties

from LR CT images and to calculate whole-core ef ective properties. The workf ow

consists of three main parts. First, a Downsampling Generative Adversarial Network

(DSgan) is used to generate LR-like images from HR CT images, allowing paired
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Figure 3.1: M ultiscale CT images of Sample J7. (a, c) Three-dimensional volume
rendering and a representative two-dimensional cross-sectional slice of the whole-
core LR image acquired at 20 µm/voxel. (b, d) Three-dimensional volume rendering
and a representative two-dimensional cross-sectional slice of the extracted sub-core
HR image acquired at 1 µm/voxel. The numbered marks on the core surface indicate
the approximate region selected for sub-core extraction. Scale bars are 1.0 cm in (c)
and 0.05 cm in (d).
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datasets to be constructed without physical HR–LR image registration. Second, SE-

Atten-Res3D is trained as a multi-output regression model to predict f ve physical

properties: permeability k, porosity , electrical conductivity e, bulk modulus K ,

and shear modulus G. Third, the trained model is applied to the whole-core LR

CT image to generate three-dimensional property maps, which are then used to

calculate whole-core ef ective properties. The upscaled permeability is calculated

using a Darcy-f ow solver in the M ATLAB Reservoir Simulation Toolbox (M RST),

whereas the upscaled electrical conductivity and elastic moduli are calculated using

the f nite-element method (FEM ).

The detailed workf ow is shown in Figure 3.2 and consists of the following steps:

1. The whole sandstone core, approximately 4.0 cm in length and 2.0 cm in ra-

dius, is scanned at 20 µm/voxel to cover the whole-core volume. Raw grayscale

LR subvolumes are extracted from the LR CT image.

2. A sub-core sample, approximately 0.20 cm in length and 0.10 cm in radius, is

extracted from the whole core and scanned at 1 µm/voxel. Raw grayscale HR

subvolumes are extracted from the HR CT image.

3. The HR CT image is processed by noise reduction and segmentation to con-

struct a binary pore–solid model. Binary HR subvolumes are extracted from

the segmented image.

4. Physical-property reference labels are obtained from the binary HR subvol-

umes. Permeability k is calculated by the lattice Boltzmann method (LBM ),

electrical conductivity e, bulk modulus K , and shear modulus G are calcu-

lated by FEM , and porosity is obtained directly from the segmented pore

volume.

5. Subsets of raw grayscale LR and HR subvolumes are used as unpaired datasets

to train DSgan.

6. The trained DSgan generator converts raw grayscale HR subvolumes into LR-

like grayscale subvolumes.

7. The paired dataset for SE-Atten-Res3D is constructed by linking each gener-

ated LR-like subvolume with the physical-property labels calculated from the

corresponding binary HR subvolume.
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8. SE-Atten-Res3D is trained using the paired dataset. The model takes an LR-

like CT subvolume as input and predicts k, , e, K , and G simultaneously.

9. The trained SE-Atten-Res3D ensemble is applied to the raw grayscale LR

subvolumes extracted from the whole-core LR CT image to predict three-

dimensional maps of the f ve physical properties.

10. The predicted property maps are used for whole-core upscaling. The perme-

ability map is used in a Darcy-f ow calculation in M RST to estimate kupscaled ,

whereas the electrical-conductivity and elastic-property maps are used in FEM

calculations to estimate e
upscaled , K upscaled , and Gupscaled .

3.3.2 Train in g D ataset P reparation

The training data were prepared in two stages. First, unpaired grayscale datasets

were prepared to train DSgan. Second, paired LR-like inputs and HR-derived

physical-property labels were constructed to train SE-Atten-Res3D.

For DSgan training, raw grayscale subvolumes were extracted from both the

whole-core LR CT image and the HR CT image. The whole-core LR CT image was

divided into an 80⇥ 80⇥ 100 array of non-overlapping subvolumes, yielding 640,000

raw LR subvolumes of 153 voxels each (Figure 3.3(a)). Because the LR voxel size

was 20 µm, each LR subvolume represented a cubic physical domain of (300 µm)3 .

The raw HR CT image was sampled using 3003-voxel subvolumes (Figure 3.3(b)).

Because the HR voxel size was 1 µm, each HR subvolume also represented a physical

domain of (300 µm)3. Adjacent 3003-voxel HR windows overlapped by 50 voxels.

This extraction yielded 12,000 raw HR subvolumes. From the raw LR and raw HR

subvolume sets, 1,000 subvolumes were randomly selected from each domain and

used as the unpaired training datasets for DSgan.

The binary HR subvolumes used for physical-property calculation were prepared

from the segmented HR CT image. The raw HR image was f rst processed using a

non-local means f lter to reduce image noise while preserving phase boundaries. The

f ltered HR image was then segmented using a grayscale histogram-based threshold

to separate the pore and solid phases. A binary pore–solid model with dimensions

of 1400 ⇥ 1350 ⇥ 1900 voxels was cropped from the cylindrical region of the seg-

mented HR image. This binary model was divided into 3003-voxel subvolumes using

the same spatial positions and the same 50-voxel overlap as the corresponding raw
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Figure 3.2: W orkf ow of the proposed multiscale upscaling method. (a) W hole-core
LR CT scanning, sub-core extraction and HR CT scanning, and preparation of
unpaired RLR and RHR subvolumes for DSgan training. (b) Segmentation of the
HR CT image, extraction of binary HR subvolumes, and calculation of the reference
labels: k by LBM ; e, K , and G by FEM ; and from the segmented pore volume.
(c) Conversion of RHR subvolumes into CLR subvolumes by DSgan, construction of
paired CLR–label data, training and whole-core application of SE-Atten-Res3D, and
calculation of kupscaled , e

upscaled , K upscaled , and Gupscaled . Subscripts 1, . . . , n index the
paired HR subvolumes and their corresponding labels.
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HR subvolumes. The binary HR subvolumes were used for the physical-property

calculations described in Section 3.3.3.

After DSgan training, the trained generator wasapplied to all 12,000 raw grayscale

HR subvolumes. Each 3003-voxel raw HR subvolume was converted into a 153-voxel

LR-like grayscale subvolume representing the same (300 µm)3 physical domain. Be-

cause the generated LR-like input and the corresponding binary HR subvolume

originate from the same spatial position in the HR image, the physical-property

labels calculated from the binary HR subvolume can be paired directly with the

generated LR-like input without manual HR–LR image registration.

The f nal SE-Atten-Res3D dataset consisted of 12,000 pairs. Each pair contained

one 153-voxel LR-like input and f ve HR-derived physical-property labels: k, , e,

K , and G. For model training and evaluation, 90% of the pairs were used for training

and the remaining 10% were used for testing.

3.3.3 N um er ical Sim u lat ions for P hysical P rop ert ies

For each 3003-voxel HR subvolume, k, e, K , and G were calculated by DNS, whereas

was obtained directly from the segmented pore volume. The binarized CT images

were used directly as voxel-based Cartesian computational grids. Each cubic voxel

was treated as one computational element and assigned to either the pore phase

(0) or the solid phase (1). The calculation methods for permeability, electrical

conductivity, and elastic moduli are described below.

1. Perm eab i l i ty ( k) : The LBM was used to calculate single-phase f uid f ow

within the pore space of each HR subvolume. A constant pressure gradient

was applied across the domain, no-slip boundary conditions were imposed on

the solid surfaces, and the simulation was continued until steady state was

reached. The detailed LBM settings and numerical parameters are given in

Chapter 2 and our previous studies Jiang et al. (2023); Guo et al. (2025). The

absolute permeability k was calculated using Darcy’s law:

k =
µhui

r P
, (3.1)

where µ is the dynamic viscosity of the f uid, hui is the volume-averaged ve-

locity, and r P is the applied pressure gradient.

2. E lectr ical conductiv i ty ( e) : The ef ective electrical conductivity was de-

termined using a voxel-based FEM Garboczi (1998) based on the variational
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Figure 3.3: Subvolume extraction from the LR and HR CT images. (a) A cuboidal
region in the whole-core LR CT image acquired at 20 µm/voxel was divided into
non-overlapping 153-voxel subvolumes. (b) A region in the HR CT image acquired
at 1 µm/voxel was sampled using 3003-voxel windows with a 50-voxel overlap be-
tween adjacent windows. Both subvolume sizes correspond to a physical domain
of (300 µm)3. The grids and boxes are illustrated on representative cross-sectional
slices.
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principle of minimum energy dissipation. For a single cubic voxel, the local

electrical energy dissipation W elec is written as

W elec =

Z 1

0

Z 1

0

Z 1

0

 
1

2
ep pqeq dx dy dz, (3.2)

where x, y, and z are the local coordinates within the voxel, ep is the p-th

component of the local electric f eld, and pq is the local conductivity tensor

assigned to the voxel.

The water-saturated pore phase was assigned an isotropic conductivity of

water = 0.3 S/m Hilhorst (2000), whereas the solid phase was assigned solid =

1.0⇥10 10 S/m Telford et al. (1990). In both phases, the electrical-conductivity

tensor was assumed to be isotropic, with identical diagonal components and

zero of -diagonal components.

A uniform macroscopic electric f eld E was applied to the subvolume under

periodic boundary conditions (PBC). The nodal voltages were solved using

the conjugate-gradient (CG) algorithm to minimize the total electrical energy

until convergence. After convergence, the ef ective electrical conductivity e

was calculated from macroscopic Ohm’s law:

e =
hJi

E
, (3.3)

where hJi is the volume-averaged current density.

3. E last ic p rop er t ies ( bu lk m odu lus K and shear m odu lus G) : The ef-

fective elastic moduli were calculated using a voxel-based three-dimensional

linear-elastic FEM solver Garboczi (1998) based on minimization of the elastic

strain energy. M echanical equilibrium was obtained by minimizing the total

elastic strain energy W elas. Using Voigt notation (↵, = 1, . . . , 6) Nye (1985),

the elastic strain energy in a single voxel is written as

W elas =

Z 1

0

Z 1

0

Z 1

0

 
1

2
✏↵C↵ ✏ dx dy dz, (3.4)

where ✏↵ is the ↵-th component of the local strain and C↵ is the local stif ness

tensor. For an isotropic phase, C↵ was specif ed from the bulk modulus K

and shear modulus G Norris (2006).

The pore-water phase was assigned a bulk modulus of K w = 2.18 GPa and
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a shear modulus of Gw = 0 GPa M avko et al. (2020). The elastic moduli of

the solid phase were estimated from the mineralogical composition of Sample

J7 using the Voigt–Reuss–Hill averaging scheme Hill (1963). The resulting

solid-phase moduli were K s = 40.1 GPa and G s = 33.2 GPa.

A prescribed macroscopic strain tensor was applied to each subvolume under

PBC. The normal strain components were set to ✏x x = ✏yy = ✏zz = 0.01,

and the of -diagonal tensor strain components were set to ✏xy = ✏xz = ✏yz =

0.005. For this prescribed strain state, the f nite-element problem was solved

by minimizing the elastic energy using the CG method.

The ef ective bulk modulus K and shear modulus G were calculated from the

volume-averaged stress and the prescribed macroscopic strain using Hooke’s

law:

K =
h⌧xx i + h⌧yy i + h⌧zz i

3 (✏x x + ✏yy + ✏zz )
, (3.5)

G =
1

3

✓
h⌧xz i

2✏xz
+

h⌧yz i

2✏yz
+

h⌧xy i

2✏xy

◆

, (3.6)

where h⌧i j i is the volume-averaged stress component.

These calculations provided the reference labels k, , e, K , and G for all HR

subvolumes. The labels were paired with LR-like grayscale inputs generated by

DSgan as described in the following subsection.

3.3.4 D Sgan-B ased G eneration of LR -L ike CT Subvolum es

The objective of DSgan is to convert raw HR CT subvolumes into LR-like CT

subvolumes. The model consists of a generator G, a f xed trilinear interpolator I ,

and a discriminator D (Figure 3.4). A raw HR CT subvolume is denoted by RH R 2

R1⇥ 300⇥300⇥300 , and a raw LR CT subvolume is denoted by RLR 2 R1⇥ 15⇥ 15⇥ 15 . The

generator converts RH R into a converted LR-like subvolume, CLR 2 R1⇥ 15⇥ 15⇥ 15:

CLR = G(RH R). (3.7)

The adversarial objective trains the generator so that the score map D (CLR)

approaches the LR-domain target map of ones:

L G,adv = E
⇥
(D (G(RH R)) 1)2⇤. (3.8)
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For an input subvolume X , D (X ) denotes a one-channel score map of size 8 ⇥ 8 ⇥

8. The symbol 1 denotes a target map with the same dimensions as D (X ). The

expectation E denotes averaging over the training samples and all locations in the

score map.

The discriminator distinguishes raw LR subvolumes RLR from converted LR-

like subvolumes CLR . During discriminator training, the target score is 1 for RLR

and 0 for CLR . Using the least-squares GAN objective M ao et al. (2017), the

discriminator loss is

L D =
1

2
E

⇥
(D (RLR ) 1)

2
+ D (G(RH R))2

⇤
. (3.9)

Because the HR and LR training datasets are unpaired, the adversarial loss con-

strains the distribution of CLR toward the raw LR domain but does not require

each CLR subvolume to preserve the structure of its input RH R subvolume. A

cycle-consistency loss was therefore included to constrain the correspondence be-

tween RH R and CLR Zhu et al. (2017). The f xed interpolator I resamples CLR

onto the 3003 HR grid and produces a cycle-reconstructed HR subvolume CH R :

CH R = I (CLR ) = I (G(RH R)). (3.10)

The cycle-consistency loss is def ned as the L 1 dif erence between CH R and the

original RH R input:

L cyc = E [kCH R RH Rk1] = E [kI (G(RH R)) RH Rk1] . (3.11)

The discriminator and generator were updated using separate objectives. The

discriminator was updated by minimizing Eq. 3.9, whereas the generator was up-

dated by minimizing

L G,total = L G,adv + L cyc. (3.12)

Figure 3.5(a) shows the generator architecture. The generator uses ref ection

padding Zhu et al. (2017), three-dimensional convolutional layers Tran et al. (2015),

instance normalization Ulyanov et al. (2016), ReLU activations Nair and Hinton

(2010), and residual blocks He et al. (2016). Ref ection padding was applied before

the f rst and f nal convolutional layers. The f rst convolutional layer converts the

single-channel RH R input into a multi-channel feature tensor. Three strided three-

dimensional convolutional layers then reduce the spatial dimensions from 300 ⇥
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300 ⇥ 300 to 25 ⇥ 25 ⇥ 25. Twelve residual blocks are applied at this stage. After

the residual blocks, three convolutional layers transform the feature tensor from

25 ⇥ 25 ⇥ 25 to 15 ⇥ 15 ⇥ 15. Ref ection padding and the f nal convolutional layer

then produce the single-channel CLR output.

Figure 3.5(c) shows the f xed trilinear interpolator. The interpolator resamples

the 153 CLR grid onto the 3003 HR grid using coordinate mapping, neighborhood

identif cation, and trilinear weighting. In coordinate mapping, each HR-grid voxel

location is mapped to a continuous position in the CLR grid Jaderberg et al. (2015);

Paszke et al. (2019). The eight CLR voxels surrounding the mapped position are

then identif ed. The corresponding CH R voxel value is calculated as the distance-

weighted average of these eight CLR voxel values Lehmann et al. (2002). This

procedure produces the 3003 CH R volume used in the voxel-wise cycle-consistency

calculation.

Figure 3.5(b) shows the discriminator architecture. The discriminator processes

each 153 input using three-dimensional convolutional layers Tran et al. (2015), in-

stance normalization Ulyanov et al. (2016), and LeakyReLU activations M aas et al.

(2013). The f rst convolutional layer uses a stride of 2 and reduces the spatial

dimensions from 153 to 83 . Instance normalization is not applied after this f rst

convolutional layer. The subsequent convolutional layers use a stride of 1 and retain

the 83 spatial dimensions while changing the number of feature channels. The f nal

convolution produces a one-channel 83 score map without a sigmoid activation.

To reduce training oscillation, the discriminator was updated using a buf er of

previously generated CLR volumes rather than only the most recent generator out-

puts Shrivastava et al. (2017). The buf er stored 50 previously generated CLR

volumes. The cycle-consistency weight was set to = 6. The generator and dis-

criminator were optimized using Adam K inga et al. (2015) with an initial learning

rate of 0.0002 Zhu et al. (2017). The learning rate was kept constant for the f rst

200 epochs and was linearly reduced to zero over the following 100 epochs. The un-

paired DSgan training dataset consisted of 1,000 raw LR subvolumes and 1,000 raw

HR subvolumes. After training, the generator converted each RH R subvolume into

a CLR subvolume with grayscale characteristics of the raw LR CT domain. Each

CLR subvolume was then paired with the f ve physical-property labels calculated

from the binary HR subvolume at the corresponding location.
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Figure 3.4: Schematic of DSgan training. The generator G converts an RHR sub-
volume of 3003 voxels at 1 µm/voxel into a CLR subvolume of 153 voxels. The
discriminator D evaluates CLR subvolumes together with unpaired RLR subvol-
umes acquired at 20 µm/voxel. The f xed trilinear interpolator I resamples CLR
onto the 3003 HR grid to obtain CHR for the cycle-consistency loss. The displayed
images are representative two-dimensional slices of the three-dimensional subvol-
umes.

3.3.5 M u lt i-P rop erty P red ict ion U sing SE -A tten-R es3D

Predicting physical properties from DSgan-generated LR-like subvolumes requires a

model that can extract image features related to pore and solid geometry from LR

CT images. A shared three-dimensional CNN does not explicitly recalibrate feature

channels before predicting properties governed by dif erent components of the pore–

solid structure. In multi-task learning, interference among task-related features is

discussed as feature interference or negative transfer Hou and Cao (2022); W ang

et al. (2019); Tang et al. (2026). SE-Atten-Res3D therefore uses channel recalibra-

tion before the f nal regression layers. The model combines three-dimensional resid-

ual blocks He et al. (2016), Squeeze-and-Excitation (SE) channel-attention modules

Hu et al. (2018), and multi-stage feature aggregation Hariharan et al. (2015) (Fig-

ure 3.6) .

Before being input into the network, each CT subvolume was normalized inde-

pendently. Let V in denote the input tensor of raw CT values. The normalized input

tensor V norm was calculated as

V norm =
V in µ in

in

, (3.13)

where µ in and in are the mean and standard deviation of the voxel values within

the 153 input subvolume.
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Figure 3.5: Detailed components of DSgan. (a) Generator G: ref ection padding,
three-dimensional convolution, instance normalization, ReLU activation, and 12
residual blocks transform RHR from 3003 voxels to CLR at 153 voxels. (b) D iscrim-
inator D : three-dimensional convolutional layers process RLR or CLR subvolumes
of 153 voxels and produce a one-channel 83 score map. (c) Fixed trilinear interpo-
lator I : coordinate mapping, neighborhood identif cation, and trilinear weighting
resample CLR from the 153 grid onto the 3003 HR grid to obtain CHR. Numbers
above the layer blocks indicate the spatial dimensions; i , j , and k denote kernel
dimensions, s denotes stride, and p denotes padding.
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An SE channel-attention block is embedded in each residual unit. For an in-

termediate feature tensor F 2 RC⇥ D ⇥ H ⇥W , where C is the number of channels and

D , H , and W are the spatial dimensions, the SE block f rst computes a channel

descriptor by global average pooling:

s = GAP(F) 2 RC . (3.14)

The channel weights are then calculated from s using two fully connected layers:

w = Sigmoid [W 2 ReLU (W 1s)] 2 RC , (3.15)

where W 1 2 R (C /r )⇥ C and W 2 2 RC ⇥ (C/r ) are the weights of the two fully connected

layers and r = 4 is the reduction ratio. The ReLU activation Nair and Hinton (2010)

is applied between the two fully connected layers, and the sigmoid function maps

the weights to the range (0, 1) . The feature tensor is then rescaled channel-wise:

F̃ = w F, (3.16)

where denotes channel-wise multiplication.

Image features related to the target properties occur at dif erent spatial scales.

SE-Atten-Res3D therefore extracts features through four residual stages with 32,

64, 128, and 256 channels. The output of each stage is reduced by global average

pooling, and the four pooled vectors are concatenated:

Fagg = [GAP(S1) k GAP(S2) k GAP(S3) k GAP(S4)] , (3.17)

where Sm is the output tensor of the m-th residual stage and k denotes vector

concatenation. Because the four stage outputs contain 32, 64, 128, and 256 channels,

Fagg contains 480 components.

The aggregated vector was passed through a shared fully connected block. The

block consists of a fully connected layer with 256 nodes, ReLU activation, and

dropout, followed by a fully connected layer with 128 nodes, ReLU activation, and

dropout. Dropout was applied after each ReLU activation with a probability of

p = 0.4 Srivastava et al. (2014). A f nal linear layer with f ve output nodes produced

the standardized target values of k, , e, K , and G.

Ten SE-Atten-Res3D models were trained independently using the same archi-

tecture, training dataset, loss function, optimizer, and hyperparameters but dif erent
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random seeds Lakshminarayanan et al. (2017). Each seed controlled weight initial-

ization, mini-batch ordering, and dropout masks. The ten training runs therefore

produced reproducible but dif erent trained models. Each input subvolume was

passed through the ten trained models, producing ten predictions for each physical

property. For each property, these ten predictions were averaged and the average

was used as the f nal prediction.

3.3.6 W hole-Core P rop erty M app ing and U pscal in g

After SE-Atten-Res3D training, the ensemble wasapplied to the 640,000 non-overlapping

LR subvolumes extracted from the whole-core LR CT image. These subvolumes

formed an 80 ⇥ 80 ⇥ 100 Cartesian grid. Each grid cell was assigned the predicted

local values of k, , e, K , and G for the corresponding subvolume. The whole-core

ef ective properties calculated from these maps were kupscaled , e
upscaled , K upscaled , and

Gupscaled .

For permeability and electrical-conductivity upscaling, directional property val-

ues were required along the x, y, and z axes of the Cartesian grid. Each LR subvol-

ume was therefore evaluated in three orientations, including the original orientation

and two rotated orientations, using the trained SE-Atten-Res3D ensemble. The

resulting directional values were assigned to the diagonal components of the local

permeability and electrical-conductivity tensors:

k(x) = diag (kx (x) , ky (x), kz (x)) , e(x) = diag e
x (x), e

y(x), e
z (x) . (3.18)

Only diagonal components were used because the rotation-based prediction provides

directional ef ective values along the Cartesian grid axes, whereas the of -diagonal

components were not estimated.

For permeability upscaling, the predicted permeability tensor f eld k(x) was used

in a Darcy-f ow calculation. The single-phase Darcy-f ow equation was solved using

M RST with a two-point f nite-volume formulation Lie (2019a):

r · u = 0, u =
1

µ
k(x)r p, (3.19)

where u is the Darcy velocity, p is pressure, k(x) is the local permeability tensor,

and µ is f uid viscosity. Fixed pressures were applied to the inlet and outlet faces

normal to the f ow direction, and no-f ow boundary conditions were applied to the

remaining faces. After the pressure f eld was solved, kupscaled in the f ow direction was
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Figure 3.6: Architecture of SE-Atten-Res3D. The network contains four residual
stages with SE channel-attention modules and channel numbers of 32, 64, 128,
and 256. The output of each stage is reduced by global average pooling, and the
four pooled vectors are concatenated into a 480-component feature vector. The
aggregated vector is passed through shared fully connected and dropout layers to
predict k, , e, K , and G. The inset shows the residual block with the SE module.
C denotes the number of channels, and D , H , and W denote the spatial dimensions.
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calculated from the total volumetric f ux through the outlet face and the imposed

pressure dif erence using Darcy’s law.

For electrical-conductivity upscaling, the FEM formulation described in Sec-

tion 3.3.3 was applied to the whole-core electrical-conductivity tensor f eld. Each

grid cell was assigned the local tensor e(x) def ned in Eq. 3.18. A macroscopic

electric f eld was applied to the whole-core domain under PBC, and the electric-

potential f eld was obtained by minimizing the total electrical energy using the CG

method. After convergence, e
upscaled in the applied-f eld direction was calculated

from the volume-averaged current density using Eq. 3.3.

For elastic upscaling, the FEM formulation described in Section 3.3.3 was applied

to the predicted whole-core elastic-property maps. Each grid cell was assigned the

local bulk modulus K (x) and shear modulus G(x), and the local stif ness tensor was

constructed from these values. The same prescribed macroscopic strain tensor and

PBC used for the HR subvolume calculations were applied to the whole-core grid.

The f nite-element problem was solved by minimizing the elastic strain energy using

the CG method. After convergence, K upscaled and Gupscaled were calculated from the

volume-averaged stress and the prescribed macroscopic strain using Eqs. 3.5 and 3.6,

respectively.

3.3.7 Stochastic R ock P hysics M odel

The S-RPM was formulated from the porosity–property relationships obtained from

the SE-Atten-Res3D whole-core prediction maps. The calibration dataset consisted

of 640,000 cell-wise porosity–property pairs, ( , k), ( , e), ( , K ), and ( , G). The

observed porosity range in this dataset was 0.128388   0.329788.

For each physical property q, the S-RPM is written as

Yq(x) = µq ( (x)) + Uq(x), q 2 { k, e, K , G} , (3.20)

where Yq is the modeled property variable, µq( ) is the f tted deterministic porosity–

property relationship, and Uq(x) is the stochastic residual around that relationship.

Permeability and electrical conductivity were modeled in base-10 logarithmic space,

whereas the elastic moduli were modeled in linear space:

Yk = log10 kmD , Y e = log10
e, YK = K , YG = G. (3.21)

The deterministic permeability relationship was based on the Kozeny–Carman
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form Carman (1937); Costa (2006). In logarithmic form, the S-RPM permeability

model is

log10 kmD (x) = ak + bk log10

 
(x)3

(1 (x))2 + Uk (x). (3.22)

The electrical-conductivity relationship was based on Archie’s law Archie et al.

(2003); W insauer et al. (1952):

log10
e(x) = log10 (a e w ) + b e log10 (x) + U e (x), (3.23)

where w = 0.3 S/m is the pore-f uid conductivity.

For the elastic properties, the reference porosity dependence was def ned using

the critical-porosity model Nur et al. (1995) combined with Gassmann’s equation

Gassmann (2007); M avko et al. (2020). The dry-frame moduli are

K dry ( ) = K s

✓

1
c

◆

, Gdry( ) = Gs

✓

1
c

◆

, (3.24)

where c = 0.4, K s = 40.1 GPa, and Gs = 33.2 GPa. The saturated moduli are

K sat( ) = K dry ( ) +
[1 K dry ( )/K s]

2

K w
+

1

K s

K dry( )

K 2
s

, Gsat( ) = Gdry ( ), (3.25)

where K w = 2.18 GPa.

The S-RPM elastic-property models are then written as

K (x) = aK K sat ( (x)) + bK + UK (x), (3.26)

and

G(x) = aG Gsat ( (x)) + bG + UG (x). (3.27)

For all four properties, the stochastic residual is represented as

Uq(x) = Sq ( (x)) P (x), Sq( ) = cq + dq , q 2 { k, e, K , G} , (3.28)

where Sq( ) gives the porosity-dependent standard deviation of the residual for

property q, and P (x) is a dimensionless spatial random f eld with zero mean and

unit variance. The same P (x) is used for all four properties, whereas Sq( ) is

calibrated separately for each property.

The coef cients aq and bq were f rst obtained by f tting the corresponding deter-
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ministic porosity–property relationship to the 640,000 cell-wise pairs. After f tting

the deterministic relationship, the residual for cell i was calculated as

Uq, i = Yq,i µq( i ), (3.29)

where i denotes the cell index.

The porosity range was divided into 19 equal-width bins. Only bins containing

more than 10 cells were retained for the residual standard-deviation f tting. For each

retained bin b, the standard deviation of the corresponding residuals was calculated

and denoted by sq,b. Each bin therefore provided one calibration point ( mid,b, sq,b) ,

where mid,b is the midpoint of the porosity interval. A least-squares line was f tted

to these calibration points:

sq,b ⇡ cq + dq m id,b. (3.30)

The f tted intercept cq and slope dq def ne the porosity-dependent residual amplitude

Sq( ).

The f tted coef cients used in the S-RPM are listed in Table 3.1.

Table 3.1: Fitted coef cients used in the S-RPM . The coef cients aq and bq def ne the
deterministic porosity–property relationship, whereas cq and dq def ne the porosity
dependence of the residual standard deviation.

Property Property variable aq bq cq dq

k log10 km D 4.4764 0.9208 0.1602 -0.3914
e log10

e 1.6121 2.2035 0.0669 -0.1682

K K 0.7664 3.8844 0.1903 -0.0421

G G 0.8250 2.2072 0.1588 1.3642

The spatial distribution of the stochastic residual was assigned using the random

f eld P (x) generated by the Spectral Randomization M ethod. The f eld is approxi-

mated as

P (x) ⇡

s
2 2

P

N m odes

N m od esX

m = 1

cos(km · x + ' m ) , (3.31)

where N m odes = 1000 is the number of cosine modes. The phase ' m was sampled

independently from a uniform distribution on [0, 2⇡ ]. For independent uniformly

distributed phases, each unscaled cosine mode has zero mean and variance 1/2. The

prefactor in Eq. 3.31 therefore scales the variance of the random f eld to 2
P . I n this

study, 2
P = 1, so Sq( ) directly represents the standard deviation of the stochastic

residual at porosity .

The wave vector km controls the direction and spatial wavelength of each cosine
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mode. I ts components along the three cell-index coordinate directions were sampled

as

km ,j =

p
2

`j
✏m ,j , ✏m ,j ⇠ N (0, 1) , j 2 { 1, 2, 3} , (3.32)

where `j is the correlation-length parameter along direction j , expressed in grid-cell

units. The corresponding wavelength of a mode is

m ,j =
2⇡

|km ,j |
. (3.33)

Increasing `j reduces the typical magnitude of km ,j and therefore produces slower

spatial variation in P (x) along that direction. Decreasing `j produces shorter-

wavelength variations. Because the stochastic residual is given by Uq(x) = Sq( )P (x),

the correlation-length parameters control the spatial size of contiguous positive and

negative residual regions.

For the core-scale reconstruction in this chapter, the correlation-length vector

was set to

` = [2, 1, 1] cells, (3.34)

which produced spatial variations comparable in scale to those observed in the SE-

Atten-Res3D prediction maps. The property f elds reconstructed by the S-RPM were

subsequently upscaled using the same Darcy-f ow and FEM procedures described in

Section 3.3.6.

3.4 R esu l ts and D iscussion

3.4.1 D N S-D er ived P hysical P rop er ties of H R Subvolum es

The procedures described in Section 3.3.3 were applied to the segmented HR sub-

volumes to obtain the reference physical-property labels. For each HR subvolume,

f ve reference labels were obtained: , k, e, K , and G.

Figure 3.7 shows a representative DNS result for one HR subvolume. The

selected subvolume has = 24.702% , k = 1015.952 mD, e = 0.022087 S/m,

K = 18.118 GPa, and G = 12.438 GPa. Figure 3.7 shows the segmented geometry

and the velocity, current-density, and stress f elds for this subvolume. The velocity

f eld is conf ned to the connected pore space and increases locally where the f ow

path narrows. The current-density f eld is concentrated in the connected water-f lled

pore phase. The stress f eld is carried by the connected solid phase. Higher stress
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appears in thin solid bridges separating adjacent pores, where the applied load is

transmitted through a smaller solid cross-sectional area. These f eld patterns provide

a qualitative check on the physical consistency of the DNS calculations.

Figure 3.7: Representative DNS result for an HR subvolume whose f ve reference
labels are close to the corresponding median values of the 12,000-subvolume dataset.
Panel (a) shows the segmented three-dimensional pore–solid geometry. Panel (b)
shows the velocity-magnitude f eld in the connected pore space. Panel (c) shows the
current-density-magnitude f eld in the water-f lled pore phase. Panel (d) shows the
stress-magnitude f eld in the solid phase.

Figure 3.8 shows the relative-frequency histograms of the DNS-derived properties

and porosity, and Table 3.2 summarizes their statistics. Here, P5 and P95 denote

the 5th-and 95th-percentile values, respectively, and the ratio P95/P5 expresses the

spread between these two values as a dimensionless factor. Skewness was used to

describe the asymmetry of each distribution and was calculated as

Skewness =
1

N

NX

i = 1

✓
x i x̄

s

◆3

, (3.35)

where x i is the property value of the i -th subvolume, x̄ is the mean, s is the standard

deviation, and N is the number of subvolumes. A skewness value close to zero

indicates an approximately symmetric distribution, whereas positive and negative
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values indicate tails toward larger and smaller values, respectively.

Table 3.2: Statistics of HR-derived physical-property labels for 12,000 HR subvol-
umes. P5 and P95 denote the 5th and 95th percentiles, respectively.

Property Unit M ean M edian P95/P5 Skewness

Porosity % 24.638 24.611 1.646 -0.078

Permeabil ity k mD 1110.887 1028.660 6.876 0.888

Conductivity e S/m 0.023 0.022 3.217 0.416

Bulk modulus K GPa 18.091 17.927 1.584 0.437

Shear modulus G GPa 12.615 12.494 1.976 0.255

The porosity values range from 12.010% to 36.221% , showing that the HR sub-

volumes include a broad range of local pore-volume fractions. The small dif erence

between the mean and median, together with the skewness close to zero, indicates

that the porosity distribution is nearly symmetric.

The transport properties show larger P95/P5 ratios than porosity. For permeabil-

ity, P95/P5 = 6.876, meaning that the 95th-percentile permeability is approximately

seven times the 5th-percentile value. Together with the positive skewness, this indi-

cates a tail toward high-permeability subvolumes. E lectrical conductivity also shows

a positive skewness, although its P95/P5 ratio is smaller than that of permeability.

The larger spread of k than e can be interpreted from their dif erent depen-

dence on pore-throat radius. For laminar f ow through an ideal cylindrical throat,

the Hagen–Poiseuille relation gives a f ow rate proportional to the fourth power of

throat radius. In contrast, electrical current through a water-f lled cylindrical path

is proportional to cross-sectional area and therefore to the square of radius. Local

dif erences in throat radius or constriction can therefore af ect permeability more

strongly than electrical conductivity. Both properties require connected pore path-

ways, but their sensitivity to throat size dif ers because of these radius dependences.

The elastic moduli were obtained from the volume-averaged stress–strain rela-

tion under prescribed strain conditions and are primarily related to the connected

solid framework in each HR subvolume. The P95/P5 ratio is smaller for K than for

G, indicating that K varies less than G among the HR subvolumes. This dif erence

is consistent with their deformation modes. K describes resistance to volumetric

compression, whereas G describes resistance to shape change. Because shear defor-

mation depends on the geometry and orientation of solid contacts, G shows a larger

relative spread than K .
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Figure 3.8: Relative-frequency histograms of the f ve reference labels obtained for
12,000 HR subvolumes: porosity, permeability, electrical conductivity, bulk modu-
lus, and shear modulus. The permeability axis is logarithmic. The blue solid and
black dashed vertical lines indicate the mean and median values, respectively.
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3.4.2 Val id ation of D Sgan-B ased D ow nsam p l in g

The DSgan-based downsampling procedure described in Section 3.3.4 was evaluated

using qualitative image comparison and quantitative CT-value histogram compar-

ison between CLR and RLR. For comparison, a Gaussian-LR volume (GLR) was

created from RHR by applying a three-dimensional Gaussian f lter followed by down-

sampling to the LR grid.

Figure 3.9 compares representative RHR, GLR, CLR, and RLR images. The

displayed RHR, GLR, and CLR panels are derived from the same source subvolume,

whereas RLR is an unpaired example from the actual LR CT domain. CLR retains

visually identif able grain and pore patterns from RHR while showing reduced sharp

contrast and coarser grayscale transitions similar to those observed in RLR. GLR

retains the smoothed source pattern but does not reproduce the local grayscale

variations observed in RLR. In this comparison, CLR is closer to RLR than GLR

in grayscale texture.

For the quantitative comparison, normalized CT-value histograms were con-

structed for CLR and RLR (Figure 3.10). The CLR histogram was calculated from

all 12,000 CLR subvolumes, whereas the RLR histogram was calculated from the

actual 20 µm/voxel LR CT data. The agreement was evaluated using the histogram

overlap coef cient, which measures the shared area between two normalized his-

tograms. The overlap coef cient was 0.9158, indicating that 91.6% of the normalized

histogram area was shared by CLR and RLR.

The qualitative comparison and histogram overlap coef cient show that CLR

has a CT-value distribution close to RLR while retaining visually identif able grain

and pore patterns from RHR.

3.4.3 E valuation of M u lt i-P rop erty P red iction

The SE-Atten-Res3D ensemble was evaluated using the paired LR-like inputs and

HR-derived reference labels prepared in the previous sections. The dataset contained

12,000 paired subvolumes, of which 10,800 were used for training and 1,200 were used

for testing.

Figure 3.11 and its continuation compare the HR-derived reference values with

the SE-Atten-Res3D ensemble predictions. In both the training and test panels,

the predictions follow the diagonal trend over the sampled range of each property.

The test points are more widely distributed around the diagonal than the training

points, but the diagonal relation is maintained for all f ve properties. The training R 2
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Figure 3.9: Qualitative comparison of DSgan-based downsampling. Panel (a) shows
representative two-dimensional slicesof RHR, GLR, CLR, and RLR. Panel (b) shows
volume renderings of the source RHR subvolume and the corresponding CLR and
GLR subvolumes.
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Figure 3.10: Normalized CT-value histograms used for quantitative validation of
DSgan-based downsampling. The blue histogram represents RLR values from the
raw 20 µm/voxel LR CT data, and the green histogram represents CLR values from
all 12,000 DSgan-converted LR-like subvolumes.
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values range from 0.98 to 0.99. The test values range from 0.80 to 0.86: R 2
k = 0.80,

R 2
e = 0.81, R 2

K = 0.86, R 2
G = 0.81, and R 2 = 0.85. These results show that

the LR-like inputs contain image information related to the HR-derived reference

properties.

The dif erences in test R 2 can be interpreted from the image features required

for each property. K and show the highest test values, with R 2
K = 0.86 and

R 2 = 0.85. Porosity is directly related to void fraction, and K is related to the

amount of load-bearing solid phase; these volume-fraction-related features remain

partly represented in the coarsened input. Permeability and electrical conductivity

show R 2
k = 0.80 and R 2

e = 0.81. These transport properties depend on connected

pore pathways, tortuosity, and local pore-throat constrictions. In the 153-voxel

LR-like input, narrow pore throats and local constrictions are represented only as

coarse grayscale variations. The shear modulus shows R 2
G = 0.81. Because shear

deformation depends on the geometry and orientation of solid contacts, G is more

dif cult to predict than and K from the coarsened input.

The SE-Atten-Res3D ensemble achieved R 2 0.80 for all f ve properties on

the test set. This performance supports application of the trained ensemble to the

whole-core LR CT image in the following subsection.

3.4.4 Core-Scale P rop er ty M app ing and Porosi ty–P rop er ty

R elations

The trained SE-Atten-Res3D ensemble was applied to all LR subvolumes in the

whole-core LR CT volume to generate core-scale maps of the f ve physical properties.

The spatial distributions of the predicted properties are shown in Figure 3.12. The

f ve maps are displayed on the same subvolume grid.

Regions with higher predicted porosity generally show higher k and e and lower

K and G, whereas lower-porosity regions show the opposite pattern. The red-circled

regions correspond to local low-porosity zones and show lower k and e together with

higher K and G. A larger low-porosity region is visible near the upper-right part

of the displayed volume. In this region, both k and e decrease, whereas K and G

increase. The spatial contrast is more pronounced in G than in K , consistent with

the greater sensitivity of shear deformation to the geometry and continuity of solid

contacts. The dashed rectangle marks a crack-like zone with higher , k, and e

and lower K and G.

To examine the f rst-order porosity dependence of the predicted properties, the
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Figure 3.11: Comparison between HR-derived reference values and SE-Atten-Res3D
ensemble predictions from the corresponding 153-voxel LR-like inputs for k, e, and
K . The left panels show the training samples, and the right panels show the test
samples. The red line denotes the diagonal relation (y = x).
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Figure 3.11: Continued comparison between HR-derived reference values and SE-
Atten-Res3D ensemble predictions for G and . The red line denotes the diagonal
relation (y = x).

102



porosity–property relationships were compared with conventional rock-physics rela-

tionships. The permeability–porosity relationship was compared with the Kozeny–

Carman model Carman (1937); Costa (2006),

k = CK C

3

(1 )2
, (3.36)

where CK C is an empirical permeability coef cient. The f tted CK C values were

36324.94 mD for the DNS-derived labels and 39064.04 mD for the whole-core pre-

dictions. Both datasets show increasing permeability with porosity, consistent with

an increase in pore volume and connected f ow paths.

The electrical-conductivity–porosity relationship was compared with Archie’s

law Archie et al. (2003); W insauer et al. (1952),

e =
w

a
m , (3.37)

where w is the pore-f uid conductivity, a is a dimensionless empirical coef cient,

and m is the cementation exponent. For the DNS-derived labels, the f tted values

were 1/a = 1.3475 and m = 2.0848; for the whole-core predictions, they were

1/a = 1.6121 and m = 2.2035. The predicted conductivity increases with porosity,

consistent with ionic conduction through connected f uid-f lled pore space.

For the elastic properties, the porosity dependence was compared with the

critical-porosity model Nur et al. (1995) combined with Gassmann’sequation Gassmann

(2007); M avko et al. (2020). The dry-frame moduli were expressed as

K dry = K s

✓

1
c

◆

, Gdry = Gs

✓

1
c

◆

, (3.38)

where c is the critical porosity and K s and Gs are the bulk and shear moduli of the

solid matrix. The saturated bulk modulus was then calculated using Gassmann’s

equation, and the saturated shear modulus was set equal to the dry shear modulus:

K sat = K dry +
(1 K dry/K s)

2

K w
+

1

K s

K dry

K 2
s

, Gsat = Gdry , (3.39)

where K w is the bulk modulus of the pore water. The same parameters as those used

in the DNS calculations were adopted: c = 0.4 Nur et al. (1995), K s = 40.1 GPa,

Gs = 33.2 GPa, and K w = 2.18 GPa M avko et al. (2020). The predicted bulk
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and shear moduli decrease with increasing porosity, following the f rst-order trends

described by the critical-porosity/Gassmann relationships. This decrease ref ects

the reduction in the load-bearing solid fraction as pore volume increases.

The predicted whole-core properties follow the porosity-dependent trends de-

scribed by the reference rock-physics relationships. Higher porosity is associated

with higher permeability and electrical conductivity and with lower bulk and shear

moduli. At the same time, cells with similar porosity retain a f nite spread in k,
e, K , and G. This residual variation forms the basis of the S-RPM reconstruction

examined in the following subsection.

3.4.5 S-R P M R econstruct ion of Core-Scale P rop erty M aps

The SE-Atten-Res3D predictions show that subvolumes with similar porosity can

have dif erent values of k, e, K , and G. The S-RPM described in Section 3.3.7 was

used to reconstruct this residual variation from the predicted porosity f eld.

Figure 3.14 shows the porosity–property distributions reconstructed by the S-

RPM together with the f tted deterministic relationships. The reconstructed values

follow the same porosity dependence and show a similar overall spread to the SE-

Atten-Res3D predictions for all four properties.

Figure 3.15 shows the three-dimensional property maps reconstructed by the

S-RPM . The reconstructed maps retain the broad porosity-controlled spatial pat-

tern observed in the SE-Atten-Res3D maps. Regions with higher porosity generally

show higher k and e and lower K and G, whereas lower-porosity regions show the

opposite pattern.

These comparisons show that the S-RPM reconstructs the porosity–property

trends, residual spread, and broad spatial variations represented in the SE-Atten-

Res3D predictions. The whole-core ef ective responses calculated from the SE-Atten-

Res3D and S-RPM maps are compared in the following subsection.

3.4.6 Core-Scale U pscal in g

The SE-Atten-Res3D and S-RPM property maps were used separately to calculate

the whole-core ef ective values of k, e, K , and G using the Darcy-f ow and FEM

solvers described in Section 3.3.6.

Figures 3.16 and 3.17 show the velocity, pressure, current-density, and stress

f elds calculated from the SE-Atten-Res3D and S-RPM maps, respectively. Corre-

sponding panels show similar spatial patterns of high and low f eld values.
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Figure 3.12: Spatial distributions of the predicted physical properties for Sample
J7: (a) permeability, (b) electrical conductivity, (c) bulk modulus, (d) shear mod-
ulus, and (e) porosity. Red circles mark local low-porosity regions, and the dashed
rectangle marks the crack-like zone discussed in the text.
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Figure 3.13: Porosity–property relationships for the DNS-derived labels and the
SE-Atten-Res3D whole-core predictions. The left panels show DNS-derived values,
and the right panels show predicted values for the 640,000 subvolumes in the whole-
core LR CT volume. The relationships shown are (a) porosity–permeability, (b)
porosity–electrical conductivity, and (c) porosity–bulk modulus. Solid curves indi-
cate reference trends based on the Kozeny–Carman relationship, Archie’s law, and
the critical-porosity/Gassmann framework.
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Figure 3.13: Porosity–shear modulus relationship for the DNS-derived labels and
the SE-Atten-Res3D whole-core predictions. The solid curves indicate the reference
trend based on the critical-porosity model.

Table 3.3 compares the two map-based upscaling results, the arithmetic mean

of the local SE-Atten-Res3D predictions, and two deterministic RPM estimates ob-

tained from representative porosity values. Using the SE-Atten-Res3D upscaled val-

ues as the reference, the S-RPM values dif er by 0.10% for k, 0.09% for e, 0.004%

for K , and 0.28% for G. The S-RPM maps therefore reproduce the four whole-core

ef ective properties obtained from the SE-Atten-Res3D maps within 0.3% .

Relative to the SE-Atten-Res3D upscaled values, the arithmetic means are 3.0%

higher for k and 1.3% higher for e, whereas they are 1.8% lower for K and 2.2%

lower for G. The dif erence arises because arithmetic means weight all cells equally

and do not represent transport-path connectivity or heterogeneous stress–strain

f elds. For the transport properties, locally high values contribute to the whole-core

response only when they form connected transport paths. For the elastic proper-

ties, the ef ective response depends on how local stif ness variations are connected

through the load-bearing solid framework.

The deterministic RPM estimateswere calculated using two representative poros-

ity values: = 0.25, the mean porosity of the center-core region, and = 0.33,

measured for the whole-core sample. The center-core RPM estimates dif er from

the SE-Atten-Res3D upscaled values by 5.4–19.0% among the four properties. The

whole-core-porosity RPM estimates are 156.4% higher for k and 74.4% higher for e,

whereas they are 37.2% lower for K and 53.2% lower for G. These dif erences show

that a single representative porosity does not contain the local property variation

and spatial arrangement required to reproduce the map-based whole-core ef ective

properties.
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Figure 3.14: Porosity–property distributions reconstructed by the Stochastic Rock
Physics M odel (S-RPM ). Red open circles represent the 640,000 S-RPM recon-
structed values for (a) permeability, (b) electrical conductivity, (c) bulk modulus,
and (d) shear modulus. Solid black lines denote the f tted deterministic relationships:
(a) Kozeny–Carman, (b) Archie’s law, and (c, d) critical-porosity/Gassmann-based
elastic models.

Table 3.3: Comparison of whole-core ef ective properties obtained from the SE-
Atten-Res3D and S-RPM maps, arithmetic means of local SE-Atten-Res3D predic-
tions, and deterministic single-porosity RPM estimates.
M ethod k (mD) e (S/m) K (GPa) G (GPa)

SE-Atten-Res3D upscaled 1234.4844 0.024264 17.6524 12.2459
S-RPM upscaled 1233.2709 0.024286 17.6517 12.2803
Arithmetic mean (SE-Atten-Res3D) 1271.5671 0.024573 17.3368 11.9818
RPM ( = 0.25, center core) 1000.3335 0.021707 18.6690 12.9065
RPM ( = 0.33, whole core) 3165.2565 0.042313 11.0871 5.7270
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Figure 3.15: Three-dimensional property maps reconstructed by the Stochastic Rock
Physics M odel (S-RPM ): (a) permeability, (b) electrical conductivity, (c) bulk mod-
ulus, and (d) shear modulus.
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Figure 3.16: Spatial distributions of the physical f elds calculated from the SE-Atten-
Res3D property maps. (a) Velocity and (b) pressure f elds obtained from the Darcy
solver for permeability upscaling. (c) Current-density f eld obtained from the FEM
solver for electrical-conductivity upscaling. (d) Stress f eld obtained from the FEM
solver for elastic-modulus upscaling.
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Figure 3.17: Spatial distributions of the physical f elds calculated from the S-RPM
property maps. (a) Velocity and (b) pressure f elds obtained from the Darcy solver
for permeability upscaling. (c) Current-density f eld obtained from the FEM solver
for electrical-conductivity upscaling. (d) Stress f eld obtained from the FEM solver
for elastic-modulus upscaling. Corresponding panels use the same color scales as
Figure 3.16.
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3.5 Sum m ary

This chapter developed a multiscale workf ow combining DSgan, SE-Atten-Res3D,

and the S-RPM to transfer DNS-derived pore-scale physical information to core-

scale property prediction and whole-core ef ective-property calculation for Sample

J7. DSgan constructs registration-free paired datasets, SE-Atten-Res3D predicts f ve

core-scale property maps from LR-like CT inputs, and the S-RPM represents the

predicted porosity–property scatter using a porosity-conditioned stochastic residual.

The main f ndings are summarized as follows:

1. R eg istrat ion-free paired dataset construction using D Sgan : DSgan

converted 3003-voxel HR subvolumes into 153-voxel LR-like subvolumes, al-

lowing each input to be paired directly with physical-property labels calcu-

lated from the corresponding HR subvolume without physical HR–LR image

registration. The generated CLR images showed a CT-value distribution close

to the actual 20 µm/voxel LR CT data, with a histogram overlap coef cient of

0.9158, and showed LR-like grayscale texture more clearly than the Gaussian-

smoothed downsampling baseline.

2. Sim u ltaneous m u lt i-p rop er ty p red ict ion and core-scale m app ing : The

SE-Atten-Res3D ensemble predicted permeability k, porosity , electrical con-

ductivity e, bulk modulus K , and shear modulus G from 153-voxel LR-like

CT inputs, with test-set R 2 values of 0.80–0.86. The predicted whole-core

maps were used in Darcy-f ow and FEM calculations. The resulting ef ective

properties dif ered from the arithmetic means of the local predictions, show-

ing that the whole-core response depends on the spatial arrangement of local

properties.

3. Porosi ty-cond i t ioned stochastic m odel in g using the S-R PM : The S-

RPM represents property variation at a given porosity using a residual am-

plitude calibrated from the SE-Atten-Res3D porosity–property pairs and a

spatially correlated random f eld. The reconstructed property maps retained

the porosity–property trends and residual spread of the SE-Atten-Res3D pre-

dictions. Their whole-core ef ective properties dif ered by less than 0.3% from

those obtained directly from the SE-Atten-Res3D maps.

The workf ow has two limitations in its present form. First, the SE-Atten-Res3D

model and S-RPM coef cients were calibrated using Sample J7. Their applicability
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to other rock types, including carbonates and shales, requires separate validation.

Second, the physical-property calculations assume single-phase f ow and fully sat-

urated conditions. M ultiphase f ow, partial saturation, and capillary pressure can

alter transport and elastic responses. Future work should test the workf ow un-

der multiphase and partially saturated conditions and evaluate its transferability to

other geological formations.
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Chapter 4

F ield-Scale CO 2 Storage

Sim u lation U sing a Stochastic

R ock Physics M odel

4.1 O verv iew

Chapter 2 developed a deep-learning workf ow for upscaling permeability from pore-

scale f ow simulations to centimeter-scale core CT images. Chapter 3 extended the

workf ow to the simultaneous prediction of multiple rock properties and formulated a

stochastic relationship for each property from its conditional distribution at a given

porosity. This chapter applies the S-RPM formulated for permeability to a f eld-

scale CO2 storage simulation of the Johansen aquifer. The deterministic KC model,

the J7-based S-RPM , and amplif ed S-RPM cases are compared under identical

reservoir-simulation conditions.

The porosity f eld is taken from the NPD5 Johansen dataset Eigestad et al.

(2009). For the KC-based cases, absolute permeability is generated from the NPD5

porosity f eld using deterministic and stochastic KC relationships. The determinis-

tic KC model assigns a single permeability value to each porosity and def nes the

RPM baseline. For the S-RPM formulated for permeability, a spatially correlated

Gaussian term is added to log10 k around the deterministic KC mean. The porosity-

dependent standard deviation k ( ) is f tted to the permeability variation observed

at a given porosity in the J7 DNS dataset. In the sensitivity analysis, scale mul-

tiplies k ( ) and controls the width of the permeability distribution around the

deterministic KC mean. Increasing scale increases the contrast between high- and
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low-permeability cells. The correlation length ` controls the distance over which

high or low permeability values remain spatially correlated, and increasing ` en-

larges the corresponding regions. These two parameters are varied to evaluate how

the magnitude and spatial scale of permeability variation af ect plume migration

and the partitioning of Vtrap , Vres, and Vmob .

The deterministic and stochastic KC relationships are applied to the NPD5

porosity f eld, and the resulting three-dimensional permeability f elds are averaged

along each vertical column to construct the VE top-surface model. The spatially cor-

related Gaussian f elds are generated using the spectral randomization method. Each

permeability f eld is then used in the same Johansen injection and post-injection sim-

ulation. The grid, porosity, f uid properties, well conditions, boundary conditions,

and time schedule are f xed across the cases, so dif erences in the calculated plume

behavior arise from the permeability f elds. Two S-RPM settings are examined. The

J7-based S-RPM case uses the f tted function k ( ) with scale = 1 and ` = [2, 1, 1]

cells. The amplif ed cases vary scale and ` to examine how the magnitude and

spatial scale of permeability variation af ect the CO2 volume partition.

The simulations use the NPD5 Johansen aquifer model distributed with the

M RST co2l ab module E igestad et al. (2009); Nilsen et al. (2015). CO2 is injected

through a single well for 100 years, followed by 400 years of post-injection migration.

The incompressible VE model solves the pressure equation on the top-surface grid

and represents the CO2 plume by its current height h and historical maximum

height hmax in each vertical column. The CO2 inventory is divided into the plume-

retreat immobilized volume Vtrap , the residual volume within the current plume

region Vres, and the mobile volume within the current plume region Vm ob . The

plume-retreat immobilized volume is computed from the dif erence between hmax

and h. Accordingly, Vtrap is the residual CO2 left behind in the region where the

plume has retreated. The same VE f uid and trapping formulation is used in all

cases, allowing the ef ects of the permeability f elds on these three volumes to be

compared directly. A ll stochastic f elds are generated using the f xed random seed

42. Each ( scale, `) pair is therefore represented by one permeability realization.

The J7-based S-RPM produces nearly the same plume and volume histories as

the deterministic KC model because the f tted permeability variation is small and

is further reduced by VE column averaging. Changing scale and ` changes the per-

meability contrast and spatial organization, which modif es the plume path and the

partitioning between plume-retreat immobilized and mobile CO2. The response to

` is non-monotonic. At ` = 1 and 3 cells, the plume reaches both the left-side
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plume branch and the right-side fault-adjacent branch after crossing many short-

range permeability regions. At ` = 10 cells, increasing scale keeps the current plume

concentrated near the left-side branch close to the injector and reduces spreading

toward the right-side fault-adjacent branch. The overlap between h and hm ax there-

fore increases, and the plume-retreat thickness hm ax h decreases. At ` = 30 cells,

broad high-and low-permeability regions intersect both branches over a larger area,

and the plume again reaches both sides of the model. These results show how

the magnitude and spatial scale of permeability variation control the CO2 volume

partition in the present VE model. The permeability-dependent plume response is

compared with the Johansen simulations of E igestad et al. , in which dif erent perme-

ability representations modif ed the CO2 front and swept region. This comparison

is used as an external numerical check that the present simulations reproduce the

permeability-dependent plume response reported for the Johansen FormationEiges-

tad et al. (2009).

4.2 Perm eab i l i ty Form u lat ion for th e R P M and

S-R P M

4.2.1 D eterm in istic and Stochast ic K C M odels

For a granular porous medium, the classical KC relation is Carman (1937)

k =
d2

p

180⌧2

3

(1 )2
, (4.1)

where dp is a characteristic grain diameter, ⌧ is tortuosity, is porosity, and k is

absolute permeability. To represent the J7 data, both the intercept and the exponent

of the KC relationship are f tted. The f tted relationship is written in logarithmic

form as

log10 kmD = a + blog10

 
3

(1 )2
, (4.2)

where kmD is permeability expressed in millidarcy. Least-squares f tting to the J7

dataset gives

a = 4.4764, b = 0.9208. (4.3)

Applying Eq. (4.2) to the local porosity of each active cell def nes the deterministic

RPM , in which one permeability value is assigned to each porosity.
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The deterministic logarithmic mean is def ned as

µk ( ) = a + blog10

 
3

(1 )2
. (4.4)

The deterministic permeability f eld is written as

log10 km D (x) = µk (x) , (4.5)

where x denotes the spatial position of a reservoir cell. This f eld def nes the deter-

ministic KC case used in the reservoir simulations.

The S-RPM formulated for permeability represents the variation in k at a given

porosity by adding a stochastic term to the deterministic KC mean. The resulting

log-permeability relationship is

log10 kmD (x) = µk (x) + k (x) G(x), (4.6)

where G(x) is a spatially correlated Gaussian random f eld with zero mean and unit

variance. The porosity-dependent standard deviation is

k ( ) = max (s0 + s1 , 0.01) , s0 = 0.1602, s1 = 0.3914. (4.7)

A lower bound of 0.01 is applied to maintain a positive standard deviation over the

f tted porosity range. The deterministic KC relation def nes the conditional mean,

whereas k ( )G(x) represents the permeability variation around that mean.

The coef cients in Eqs. (4.3) and (4.7) were f tted to the J7 DNS dataset. The

dataset contains 640,000 porosity–permeability pairs on a 100 ⇥ 80 ⇥ 80 Cartesian

grid. Across the f tted dataset, the standard deviation of log10 k µk ( ) is 0.0619.

This value corresponds to a multiplicative variation of approximately 15% in per-

meability at one standard deviation.

For the sensitivity analysis, the stochastic term is scaled by scale:

log10 km D (x) = µk (x) + scale k (x) G `(x). (4.8)

Here, G `(x) denotes a spatially correlated Gaussian random f eld with correlation

length `. The J7-based S-RPM case uses scale = 1. Setting scale = 0 recovers the

deterministic KC model. Values of scale > 1 broaden the permeability distribution

around the KC mean and are used to quantify the resulting change in the simulated
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CO2 inventory.

4.2.2 Spat ial C orrelat ion and V E Perm eab i l i ty A ssem b ly

The spatial covariance of G `(x) is

Cov [G `(x), G `(x
0)] = exp

⇢

⇡

 
(x1 x0

1)
2

`2
1

+
(x2 x0

2)
2

`2
2

+
(x3 x0

3)
2

`2
3

, (4.9)

where x = (i , j , k) denotes the grid-cell index and `1, `2 , and `3 are correlation

lengths expressed in numbers of cells. The Gaussian f eld is generated using the

spectral randomization method. For the Gaussian covariance in Eq. (4.9), a zero-

mean, unit-variance f eld is approximated by a f nite sum of random cosine modes:

G `(x) ⇡

r
2

N m odes

N m od esX

m = 1

cos(km · x + ' m ) , (4.10)

where ' m ⇠ U(0, 2⇡ ) and each component of the wave vector is sampled indepen-

dently as

km ,j =

p
2

`j
"m ,j , "m ,j ⇠ N (0, 1) , j = 1, 2, 3. (4.11)

The simulations use N m odes = 1000, for which the generated f eld variance remains

within approximately 5% of unity in the reported cases. The J7-based S-RPM

case retains the numerical setting ` = [2, 1, 1] used for the original random-f eld

generation. The sensitivity cases use isotropic correlation lengths `1 = `2 = `3 = `,

with ` 2 { 1, 3, 10, 30} cells, and vary scale independently.

The permeability tensor assigned to each cell is

K (x) = diag (k(x), k(x), 0.1k(x)) . (4.12)

The ratio kv/kh = 0.1 is used in all reservoir simulations. The three-dimensional

rock properties are averaged arithmetically along each vertical column using M RST’s

aver ageRock routine to construct the VE top-surface model.
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4.3 Vert ical-E qu i l ib r ium R eservoir Sim u lat ion M odel

4.3.1 G overn ing E quation s and N um er ical Solu tion

The reservoir-scale problem is modeled as immiscible two-phase f ow of brine and

CO2 in a porous medium. For phase ↵ 2 { w, c} , where w denotes brine and c

denotes CO2 , mass conservation is

@( ⇢↵S↵)

@t
+ r · (⇢↵u↵) = q↵, (4.13)

where the Darcy velocity is

u↵ =
kr ↵(S↵)

µ↵
K (r p↵ ⇢↵g) . (4.14)

Here, S↵ is saturation, ⇢↵ is density, µ↵ is viscosity, kr ↵ is relative permeability, p↵

is pressure, q↵ is the source term, K is the absolute permeability tensor, and g is the

gravitational acceleration vector. The phase saturations satisfy Sw + Sc = 1.

Pore-scale capillary pressure is neglected in the present VE model. The Johansen

aquifer is laterally extensive relative to its thickness, and CO2 is less dense than

brine. The VE formulation assumes instantaneous vertical segregation of CO2 and

brine within each column. The current plume thickness is represented by h(xk , t) ,

measured downward from the caprock, where xk denotes position on the top-surface

grid. The historical maximum,

hm ax (xk , t) = max
0 ⌧ t

h(xk , ⌧) , (4.15)

records the maximum plume thickness reached at each top-surface cell. Vertical

integration of the CO2 mass balance gives

@

@t

⇥
(̄xk)S̄c(h, hm ax )

⇤
+ r k · uk,c(h) = qc(xk , t) , (4.16)

where ¯is the vertically averaged porosity, S̄c(h, hm ax ) is the column-averaged CO2

saturation, and uk,c is the lateral VE CO2 f ux. The column-averaged porosity and

horizontal permeability are

(̄xk) =
1

H (xk)

Z H (xk )

0

(xk , z) dz, K̄ k(xk) =
1

H (xk)

Z H (xk )

0

K k(xk , z) dz, (4.17)
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where H (xk) is the local aquifer thickness. This arithmetic column averaging reduces

short-range vertical permeability variation before the VE f ow calculation.

The lateral VE f ux is driven by the top-surface pressure gradient and buoyancy.

The lateral CO2 f ux is

uk,c = c(h)K̄ k

⇥
r kpt + (⇢c ⇢w )gr kh

⇤
, (4.18)

where pt is the top-surface pressure, g = |g|, and c(h) is the vertically integrated

CO2 mobility. The primary VE variables are the top-surface pressure pt , the current

plume thickness h, and the historical maximum thickness hmax .

Both phases are treated as incompressible. The CO2 and brine densities and

viscosities are constant. Pressure acts as a Lagrange multiplier that enforces the

divergence constraint on the total velocity in the incompressible two-phase system.

At each global time step, the VE pressure equation is solved on the top-surface grid.

The top-surface pressure equation is written as

r k ·
⇥
K̄ k(xk) tot(h) r kpt ⇢eff(h)gr kzt g? (h)

⇤
= q(xk , t) , (4.19)

where zt is the caprock depth, g = |g|, tot(h) = c(h) + w (h) is the total mobility,

and ⇢eff(h) is the mobility-weighted density. The term involving r kzt represents the

top-surface gravity contribution associated with caprock slope. The term g? (h) is

the hydrostatic interface contribution associated with the CO2–brine density dif-

ference. The vertically integrated phase mobilities used in the sharp-interface VE

model are

c(h) =
kr c,m h

µc
, w (h) =

kr w ,m [H h sr c(hm ax h)]

µw
, (4.20)

where sr c is the residual CO2 saturation and kr w ,m and kr c,m are endpoint relative

permeabilities.

Summing the phase mass balances under incompressibility and Sw + Sc = 1

yields an elliptic pressure equation. The transient part of the problem remains

in the hyperbolic height equation, Eq. (4.16). Pressure and transport are solved

sequentially. The pressure equation is solved by the mixed-hybrid mimetic f nite-

dif erence method implemented in M RST. The height equation is then advanced

by an explicit upwind VE transport solver with internal CFL sub-stepping. The

reported simulations use the accelerated VE transport kernel when available.
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4.3.2 CO 2 Volum e A ccountin g

The reported CO2 volumes are computed from the VE state variables h and hm ax .

The pore volume per unit column height is def ned as

pv(xk) = (̄xk)A(xk), (4.21)

where pv is the pore volume per unit column height and A is the top-surface cell

area. The summation is taken over all active VE columns. The three reported

volumes represent the plume-retreat immobilized CO2 , the residual CO2 within the

current plume region, and the mobile CO2 within the current plume region:

Vtrap = sr c

X

xk

⇥
hmax (xk , t) h(xk , t)

⇤
pv(xk) , (4.22)

Vres = sr c

X

xk

h(xk , t)pv(xk), (4.23)

Vmob = (1 sw sr c)
X

xk

h(xk , t)pv(xk). (4.24)

Here, sr c is the residual CO2 saturation and sw is the residual water saturation. The

total in-place CO2 volume under reservoir conditions is

V tot
CO 2

= Vtrap + Vres + Vm ob =
X

xk

pv(xk)
⇥
sr chm ax (xk , t) + (1 sw sr c)h(xk , t)

⇤
.

(4.25)

During injection, h = hm ax in the invaded columns, giving Vtrap = 0. After

injection stops, parts of the plume retreat, h < hm ax , and the dif erence hm ax

h contributes to Vtrap . Accordingly, Vtrap denotes the plume-retreat immobilized

volume. All reported volumes are expressed under reservoir conditions.

4.4 Johansen A qu ifer Sim u lat ion Setup

The simulations use the NPD5 Johansen corner-point model distributed with the

M RST co2l ab module E igestad et al. (2009); Nilsen et al. (2015). The full three-

dimensional grid has dimensions 100⇥ 100⇥ 11, corresponding to 110,000 grid cells,

of which 29,128 are active. The VE top-surface grid contains one top-surface cell for

each active vertical column. Porosity is read from the NPD5 porosity dataset and

mapped to the active cells. The deterministic KC, J7-based S-RPM , and amplif ed
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S-RPM permeability f elds are generated from the NPD5 porosity f eld using the

relationships in Section 4.2. Thus, the three representative KC-based cases dif er

in their absolute-permeability f elds while sharing the remaining model inputs. Ta-

ble 4.1 summarizes the horizontal-permeability statistics of the three representative

KC-based f elds.

Table 4.1: Horizontal permeability statisticsover the 29,128 active three-dimensional
cells for the three representative KC-based permeability f elds.

Case M inimum (mD) M edian (mD) M aximum (mD)

Deterministic KC 74.9 769.9 1,856
J7-based S-RPM 51.7 776.4 2,576
Amplif ed S-RPM
( scale = 5, ` = [10, 10, 10])

⇡ 10 ⇡ 780 ⇡ 15,000

The simulations use the following constant f uid properties. The CO2 viscosity

is 0.05664 cP, the brine viscosity is 0.30860 cP, the CO2 density is 686.54 kg m 3 ,

and the brine density is 975.86 kg m 3 . The residual CO2 saturation is sr c = 0.20,

the residual water saturation is sw = 0.10, and the endpoint relative permeabilities

are kr w ,m = 0.2142 and kr c,m = 0.85. A single injector is completed in cell (i , j , k) =

(51, 51, 6). The injection rate is

Q inj = 1.4 ⇥ 104 m3 day 1 , (4.26)

which corresponds to approximately 5.11 ⇥ 106 m3 yr 1. Injection continues for 100

years, giving a cumulative injected volume of approximately 5.11 ⇥ 108 m3 under

the model conditions. A 400-year post-injection period gives a total simulation time

of 500 years. The outer time step is 2 years during injection and 5 years during

post-injection migration.

Hydrostatic pressure is imposed on the open lateral boundaries during injection.

The boundary pressure is given by

p
@⌦op en

= ⇢w |g|zface, (4.27)

where zface is the depth of the boundary face. This condition allows brine to leave the

domain as CO2 is injected. At 100 years, the injector and open pressure boundaries

are deactivated. The post-injection calculation is driven by gravity under closed

lateral boundaries.

The initial plume height and historical maximum plume height are zero every-
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where. The gravitational acceleration is 9.8066 m s 2 . The random seed is f xed at

42. Each run produces 131 saved states: 50 injection-phase states and 80 migration-

phase states, plus the initial state.

4.5 D eterm in ist ic, C al ib rated , and A m p l i f ed Stochas-

t ic C ases

4.5.1 R ep resentative K C-B ased Cases

The deterministic KC case is obtained by setting G(x) ⌘ 0 in Eq. (4.6). The

horizontal permeability distribution has a median of 770 mD, with P10 = 460 mD

and P90 = 1145 mD. The permeability ranges from 74.9 to 1856 mD.

At 500 years, the deterministic KC case gives

Vtrap = 1.183⇥ 108 m3, Vres = 8.73 ⇥ 107 m3 , Vmob = 3.06⇥ 108 m3. (4.28)

The cumulative injected volume is 5.11 ⇥ 108 m3 , and the f nal mass-balance error

is less than 0.2% . This result is used as the baseline for the S-RPM cases.

The J7-based S-RPM case uses scale = 1 and ` = [2, 1, 1] cells. The gener-

ated f eld has mean(G) = 0.0003 and std(G) = 0.9832. The standard deviation

of the pointwise logarithmic ratio log10(kS-R PM /kK C ) is 0.073, corresponding to an

approximately 18% local permeability variation at one standard deviation.

Figures 4.1 and 4.2 compare the deterministic KC and J7-based S-RPM perme-

ability f elds. The J7-based S-RPM adds short-range variation around the deter-

ministic f eld, while the two log10 k distributions remain close at the plotted scale.

Figure 4.1: VE-averaged horizontal permeability log10 kx for the deterministic KC
model, the J7-based S-RPM , and their pointwise log-ratio. The stochastic variation
is small relative to the porosity-controlled KC trend.
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Figure 4.2: Histograms of log10 kx over the full three-dimensional grid and of the
pointwise log-ratio log10(kS-R PM /kK C ) for the J7-based S-RPM .

The f nal values of Vtrap , Vres, and Vm ob agree with the deterministic KC case to

three signif cant f gures. The reasons for this agreement are discussed in Section 4.7.

The representative amplif ed case uses scale = 5 and ` = [10, 10, 10] cells. The

standard deviation of log10 k µk ( ) becomes 0.358, corresponding to a factor of

approximately 2.3 in permeability at one standard deviation. This parameter set is

used as a representative amplif ed case before the full sensitivity analysis.

Table 4.2 compares the f nal volume components. Relative to the deterministic

KC case, Vtrap decreases by 32% , from 118.3 ⇥ 106 to 80.5 ⇥ 106 m3 , while Vres and

Vmob increase. Vm ob increases from 305.7 ⇥ 106 to 335.1 ⇥ 106 m3 , and Vres increases

from 87.3 ⇥ 106 to 95.8 ⇥ 106 m3 .

Table 4.2: Final CO2 volume components at 500 years for the deterministic KC case
and the representative amplif ed S-RPM case.
Inventory component (106 m3) Deterministic KC Representative amplif ed S-RPM

Vtrap 118.3 80.5
Vres 87.3 95.8
Vmob 305.7 335.1

The volume histories are shown in Fig. 4.3, and the f nal plume maps are shown

in Fig. 4.4. The representative amplif ed permeability map contains connected high-

permeability regions near the injector-side plume path. The corresponding plume

remains concentrated near these regions at 500 years, resulting in lower Vtrap and

higher Vres and Vmob than the deterministic KC case.tugi
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Figure 4.3: CO2 volume histories for the deterministic KC, J7-based S-RPM , and
representative amplif ed S-RPM cases. The J7-based S-RPM gives the same volume
histories as the deterministic KC case at the plotted scale, whereas the representative
amplif ed S-RPM case gives a lower Vtrap and a larger Vm ob at 500 years.

Figure 4.4: Current plume height h at 500 years for the deterministic KC, J7-based
S-RPM , and representative amplif ed S-RPM cases. The representative amplif ed
S-RPM case retains a localized current plume near the injector-side branch.

E igestad et al. showed that dif erent permeability representations modify the

CO2 front and swept region in the Johansen Formation. Figure 4.5 compares their

permeability-representation cases with the present stochastic KC simulations at ` =

10 cells. In the present model, changing scale modif es the spatial arrangement of

permeability and changes the current plume geometry. This comparison provides

an external numerical check of the permeability-dependent plume response in the

present simulations.
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Figure 4.5: Permeability-dependent CO2 plume patterns in the Johansen Formation.
(a) Saturation distributions from Eigestad et al. for heterogeneous permeability,
homogeneous 500 mD, and homogeneous 1000 mD cases. (b) Present VE simulations
using the stochastic KC model at ` = 10 cells with dif erent values of scale. Each
row represents a permeability-sensitivity case within its own simulation model.

4.5.2 Porosity–Perm eab i l i ty D isp ersion R elative to D N S Cal-

ib rat ion

Figure 4.6 compares the porosity–permeability distributions of the deterministic KC,

J7-based S-RPM , and representative amplif ed S-RPM f elds. The deterministic KC

f eld lies on the f tted mean relationship. The J7-based S-RPM forms a band around

the KC mean that follows the width of the J7 data. The representative amplif ed

case extends beyond the J7-based uncertainty bands. Table 4.3 quantif es the width

of each distribution using the standard deviation of log10 k µk ( ).
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Figure 4.6: Porosity–permeability distributions for the deterministic KC, J7-based
S-RPM , and representative amplif ed S-RPM f elds. The J7 DNS reference data and
the f tted mean and uncertainty bands are overlaid. The representative amplif ed
case is used as a sensitivity case because its distribution extends beyond the J7-
based uncertainty bands.

Table 4.3: Standard deviation of log10 k µk ( ) for the J7 DNS data and the
generated permeability f elds.

Population Standard deviation of log10 k µk ( )

Deterministic RPM 0.0000
J7 DNS dataset 0.0619
J7-based S-RPM 0.0729
Representative amplif ed S-RPM 0.3583

The standard deviation is 0.0619 for the J7 DNS data and 0.0729 for the gener-

ated J7-based S-RPM f eld. Increasing scale broadens the permeability distribution

beyond the J7-based uncertainty bands shown in Fig. 4.6. The amplif ed cases are

used to quantify how this broader permeability distribution changes the VE plume

and volume inventory.

4.6 Sensi t iv i ty to Stochastic A m p l i tu de and C or-

relat ion Length

The sensitivity analysis uses

scale 2 { 0, 1, 2, 5, 10} , ` 2 { 1, 3, 10, 30} cells. (4.29)

These combinations give 20 simulations. For scale = 0, the stochastic term vanishes

and all four values of ` reproduce the deterministic KC f eld. All sensitivity sim-
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ulations use the same grid, porosity, f uid properties, injection schedule, boundary

conditions, and random seed.

Figure 4.7 shows the VE-averaged horizontal permeability maps for all 20 cases.

Rows correspond to scale = 0, 1, 2, 5, 10. Columns correspond to ` = 1, 3, 10, 30

cells, and the scale = 0 row is identical across columns. The spatial extent of high-

and low-permeability regions increases from ` = 1 to ` = 30 cells.

Figure 4.7: VE-averaged horizontal permeability log10 kx maps for the full sensitivity
grid. Rows correspond to scale = 0, 1, 2, 5, 10, and columns correspond to ` =
1, 3, 10, 30 cells. A common color scale is used for all panels.

Tables 4.4–4.6 list the f nal CO2 volumes at 500 years. Among the three inventory

components, Vtrap shows the largest range across the parameter grid. At ` = 1

and ` = 3, increasing scale increases Vtrap . At ` = 10 cells, Vtrap decreases to

80.45⇥ 106 m3 at scale = 5 and increases to 87.95⇥ 106 m3 at scale = 10. At ` = 30
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cells, Vtrap increases from 118.32 ⇥ 106 to 174.87 ⇥ 106 m3 as scale increases from 0

to 10.

Table 4.4: Plume-retreat trapped CO2 volume Vtrap at 500 years (106 m3).

scale\` 1 3 10 30

0 118.32 118.32 118.32 118.32
1 121.09 121.69 103.59 125.93
2 125.47 125.78 92.66 134.03
5 146.40 140.89 80.45 158.04

10 173.97 160.48 87.95 174.87

Table 4.5: M obile CO2 volume at 500 years (106 m3).

scale\` 1 3 10 30

0 305.68 305.68 305.68 305.68
1 303.53 303.06 317.14 299.76
2 300.12 299.88 325.64 293.47
5 283.84 288.13 335.14 274.79

10 262.40 272.89 329.30 261.70

Table 4.6: Residual CO2 volume at 500 years (106 m3).

scale\` 1 3 10 30

0 87.34 87.34 87.34 87.34
1 86.72 86.59 90.61 85.65
2 85.75 85.68 93.04 83.85
5 81.10 82.32 95.75 78.51

10 74.97 77.97 94.09 74.77

Figures 4.8–4.10 summarize the dependence of the f nal volume components on

scale and `. Figure 4.11 shows the corresponding current plume height h at 500

years.

Figure 4.8: Final values of Vtrap , Vm ob , and Vres at 500 years over the scale–` grid.
Values inside the panels are in 106 m3 .
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Figure 4.9: Final CO2 volume components at 500 years as functions of scale. Each
curve corresponds to one correlation length.

Figure 4.10: Final CO2 volume components as functions of correlation length, with
one curve for each scale. The minimum in Vtrap occurs near ` = 10 cells for the
non-zero stochastic amplitudes.
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Figure 4.11: Current plume height h at 500 years for the full sensitivity grid. Rows
correspond to scale = 0, 1, 2, 5, 10, and columns correspond to ` = 1, 3, 10, 30 cells.
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Figure 4.12: Historical maximum plume height hm ax at 500 years for the full sen-
sitivity grid. Rows correspond to scale = 0, 1, 2, 5, 10, and columns correspond to
` = 1, 3, 10, 30 cells.
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Figure 4.13: M agnitude of the VE total f ux at 500 years for the full sensitivity grid.
Rows correspond to scale = 0, 1, 2, 5, 10, and columns correspond to ` = 1, 3, 10, 30
cells.

Figures 4.11 and 4.12 distinguish the current plume footprint from the historical

swept footprint. The current plume height h represents the CO2 plume present at

500 years, whereas the historical maximum height hm ax records the region reached

before that time. Since Vtrap is proportional to hmax h in Eq. (4.22), a smaller

hm ax h indicates a larger overlap between the current plume and the historical

footprint. For ` = 1 and 3 cells, the current plume and the historical footprint extend

through both the left-side plume branch and the right-side fault-adjacent branch.

The f ow-speed map shows distributed f ow over these branches. This produces a

broad swept footprint and a larger plume-retreat contribution to Vtrap . For ` = 10

cells, increasing scale concentrates the current plume near the left-side branch close

to the injector and reduces spreading toward the right-side fault-adjacent branch.

The historical footprint is also spatially limited compared with the ` = 1, 3, and 30
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cases. The overlap between h and hmax is therefore large, which reduces hm ax h and

gives the minimum Vtrap in the sensitivity sweep. For ` = 30 cells, broad high- and

low-permeability regions intersect both plume branches. The current plume and the

historical footprint again extend through both sides of the model, and the plume-

retreat contribution to Vtrap increases. The non-monotonic response with respect

to ` therefore arises from the spatial relation among permeability organization, the

fault-adjacent branch, and the overlap between h and hm ax . F igure 4.14 shows that

the width of the porosity–permeability distribution increases primarily with scale.

The covariance model prescribes the nominal variance of the Gaussian f eld, while `

changes the spatial scale of high- and low-permeability regions. Cases with similar

permeability histograms can produce dif erent plume geometries when the spatial

arrangement of permeability dif ers.

Figure 4.14: Porosity–permeability scatter plots for the full sensitivity grid. The
scatter amplitude increases with scale, while the marginal distribution is nearly
independent of `.
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Figure 4.15: Trapped-volume time histories grouped by correlation length and col-
ored by scale. D if erences in Vtrap emerge during injection and remain through the
400-year migration period.

The sensitivity results are interpreted by comparing the permeability maps, the

current plume height h, the historical maximum height hmax , and the f ow-speed

f eld. The sensitivity sweep gives the minimum Vtrap at ` = 10 cells for the non-zero

stochastic amplitudes.

For ` = 1 and 3 cells, high- and low-permeability regions occur over short dis-

tances. The current plume and the historical footprint spread through both the

left- and right-side structural pathways. This produces a broader swept region and

a larger plume-retreat wake, consistent with the increase in Vtrap as scale increases.

For ` = 10 cells, increasing scale keeps the current plume concentrated near

the left-side pathway around the injector and reduces spreading toward the right-

side fault pathway. The current plume therefore overlaps strongly with hm ax , and

the wake thickness hm ax h becomes small. This explains why Vtrap decreases to

80.45⇥ 106 m3 at scale = 5, while both Vres and Vmob increase to 95.75⇥ 106 m3 and

335.14 ⇥ 106 m3 , respectively.

For ` = 30 cells, the high- and low-permeability regions are broad and intersect

the structural migration pathways over a larger area. The plume again spreads

through both sides of the model, producing a broader historical footprint and a

larger plume-retreat wake. The response therefore returns toward the behavior of

the ` = 1 and 3 cases in terms of Vtrap . The result remains a single realization

generated with seed 42.

4.7 D iscussion

The J7-based S-RPM and deterministic KC cases give the same f nal volume com-

ponents to three signif cant f gures. This agreement follows from three features of
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the calculation. First, the J7 data def ne a small permeability variation around the

KC mean; the generated S-RPM f eld has a pointwise log-ratio standard deviation of

0.073, corresponding to an approximately 18% local permeability variation. Second,

the VE formulation averages permeability along each vertical column, reducing the

contribution of short-range vertical variation to the top-surface permeability f eld.

Third, the J7-based f eld has a short horizontal correlation length relative to the

plume footprint, so spatial integration over the plume area reduces its contribution

to Vtrap , Vres, and Vmob .

The amplif ed cases show that the ef ect of permeability variation depends on

both scale and `. Increasing scale broadens the permeability distribution, whereas `

controls the spatial arrangement of high- and low-permeability regions. Cases with

similar porosity–permeability distributions can therefore produce dif erent plume

geometries and dif erent volume partitions. The ` = 10 cases illustrate this ef ect:

the current plume remains concentrated near the left-side branch close to the injec-

tor, and the overlap between h and hm ax reduces the plume-retreat contribution to

Vtrap . I n contrast, the ` = 1, 3, and 30 cases spread through both plume branches

and produce larger plume-retreat residual volumes.

The comparison with Eigestad et al. provides an external numerical check for the

reservoir-scale implementation. Their Johansen simulations showed that changes in

permeability representation modify the CO2 front and swept region. The present

amplif ed S-RPM cases reproduce the same class of permeability-dependent plume

response, although the comparison is morphological rather than a one-to-one volume

benchmark.

The interpretation is conditioned by the VE formulation and the single-realization

stochastic design. The VE model assumes instantaneous vertical segregation and

represents the plume by top-surface variables h and hmax . CO2 and brine are treated

as incompressible phases, and the volume accounting is based on residual saturation

and plume-height history. Each ( scale, `) pair is represented by one permeability re-

alization generated with seed 42. Large-̀ cases are therefore sensitive to the position

of broad high- and low-permeability regions relative to the injector and the fault-

adjacent branch. The amplif ed cases extend beyond the J7 permeability variation

and are used to evaluate parameter sensitivity.
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4.8 Sum m ary

This chapter applied the S-RPM formulated for permeability to f eld-scale CO2

storage simulations of the Johansen aquifer. The deterministic RPM was def ned

as the f tted KC mean relationship between porosity and permeability. The S-RPM

added a porosity-dependent standard deviation f tted to the J7 data and a spatially

correlated Gaussian f eld to the KC mean. The Gaussian f elds were generated using

the spectral randomization method, and the resulting permeability f elds were used

in the M RST incompressible VE model.

The J7-based S-RPM reproduced the width of the permeability distribution

around the KC mean, with standard deviations of 0.0729 for the generated f eld

and 0.0619 for the J7 data. The f nal volume components agreed with the deter-

ministic KC case to three signif cant f gures. This agreement results from the small

J7-based permeability variation, VE column averaging, and spatial integration over

the plume area.

The amplif ed simulations showed that increasing scale and changing ` modify

the plume path and the partitioning among Vtrap , Vres, and Vm ob . The sensitiv-

ity sweep over scale 2 { 0, 1, 2, 5, 10} and ` 2 { 1, 3, 10, 30} cells produced a non-

monotonic dependence of Vtrap on `. For ` = 1 and 3 cells, Vtrap increased with

scale. At ` = 10 cells, increasing scale kept the current plume near the injector-side

pathway, reduced the wake thickness hm ax h, decreased Vtrap by 32% , and increased

both Vres and Vmob at scale = 5. At ` = 30 cells, broad high- and low-permeability

regions intersected the structural migration pathways over a larger area, and Vtrap in-

creased for seed 42. The permeability-dependent plume response was also compared

with the Johansen simulations of E igestad et al. Their permeability-representation

study showed that changing permeability modif es the CO2 front and swept region.

The present amplif ed S-RPM simulations reproduce the same class of permeability-

dependent plume response, providing an external numerical check of the reservoir-

scale implementation.

The chapter quantif es how permeability variation represented by the S-RPM

af ects f eld-scale plume migration and CO2 volume partitioning. For the J7-based

permeability variation and the present VE averaging, the deterministic KC and

S-RPM volume inventories agree to three signif cant f gures. W ithin the tested

parameter grid, the ` = 10 cases reduce plume-retreat immobilization and increase

both residual and mobile CO2 inventories by keeping the current plume near the

injector-side pathway. The workf ow transfers the permeability variation obtained
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from J7 digital-rock data to reservoir-scale permeability f elds and evaluates its ef ect

on the Johansen VE simulation.
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Chapter 5

Conclusions

5.1 M ain F ind in gs and C ontr ib u t ions

This dissertation developed a multiscale upscaling workf ow that uses physical-

property values calculated from high-resolution CT images to predict three-dimensional

property maps from low-resolution CT images covering whole rock cores. The

porosity–property relationships and the variation of each property at the same poros-

ity were then incorporated into the S-RPM , allowing three-dimensional property

maps to be generated from porosity data at scales where continuous CT images

are unavailable. The permeability component of the S-RPM was further used to

examine how permeability variation af ects CO2 migration and storage at the f eld

scale.

Chapter 2 f rst developed and validated a CNN–Darcy workf ow for upscaling

permeability from low-resolution CT images. Each permeability value calculated

by LBM from a segmented high-resolution CT subvolume was paired with the cor-

responding raw low-resolution CT subvolume to train the CNN. The trained CNN

predicted a permeability map for the whole core, and a Darcy-f ow calculation was

then used to obtain the upscaled core permeability. The workf ow was then evalu-

ated using an 8.7 cm Boise sandstone core to examine its applicability to a larger

rock sample. As part of this larger-core study, the ef ects of subvolume size and

the number of training samples were examined using 1003, 2003 , and 3003-voxel

high-resolution subvolumes. Among the three cases, the 3003-voxel case gave the

highest prediction accuracy and the smoothest pressure and velocity f elds. For the

tested Boise sandstone, the 3003-voxel subvolumes contained approximately 1240

pore bodies on average and showed more consistent pore connectivity than the

1003-voxel subvolumes, which contained approximately 74 pore bodies. Thus, for
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this Boise sandstone, subvolumes containing a larger connected pore network gave

better predictions even though they provided fewer training samples.

Chapter 3 extended the workf ow from permeability prediction to the simultane-

ous prediction of permeability, porosity, electrical conductivity, bulk modulus, and

shear modulus. Because the 1 µm and 20 µm CT images were dif cult to match reli-

ably at the same physical location, DSgan converted each 3003-voxel high-resolution

subvolume into a 153-voxel low-resolution-like image. For each high-resolution sub-

volume, the DSgan-generated low-resolution-like subvolume was paired with the

permeability, porosity, electrical conductivity, bulk modulus, and shear modulus cal-

culated from the same source subvolume. This produced a paired training dataset

without physically registering the high- and low-resolution CT images. Using these

paired data, SE-Atten-Res3D achieved test-set R 2 values of 0.80–0.86 for all f ve

properties and predicted their three-dimensional distributions throughout the whole

core. Darcy and FEM calculations were then applied to these local property maps

to obtain whole-core upscaled values for permeability, electrical conductivity, bulk

modulus, and shear modulus.

The S-RPM used the predicted porosity map together with the variation of each

property at the same porosity to reconstruct three-dimensional maps of permeabil-

ity, electrical conductivity, bulk modulus, and shear modulus. These reconstructed

maps retained both the average porosity–property relationships and the spread of

property values at the same porosity observed in the DL predictions. The whole-core

upscaled values calculated from the S-RPM maps dif ered by less than 0.3% from

those calculated from the DL-predicted maps for all four properties.

Chapter 4 used the permeability component of the S-RPM to investigate whether

the permeability variation obtained from J7 would af ect CO2 migration and storage

in the Johansen vertical-equilibrium model. Two simulations were compared under

the same reservoir and injection conditions: one used the deterministic Kozeny–

Carman (KC) permeability f eld, and the other used a permeability f eld generated

by the S-RPM calibrated using the J7 porosity–permeability data. The plume mi-

gration patterns and the values of Vtrap , Vres, and Vmob were similar in the two

cases because the permeability variation represented by the J7 data was small. In

addition, the vertical-equilibrium model used one vertically averaged permeability

value for each column, further reducing the inf uence of small local permeability

dif erences.

A sensitivity analysis was then performed by varying two S-RPM parameters:

scale, which controls the amplitude of permeability variation, and `, which controls
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the spatial correlation length of the permeability f eld. Dif erent combinations of

scale and ` were used to examine how the amplitude and spatial correlation length

of permeability variation af ect CO2 migration and the values of Vtrap , Vres, and Vm ob .

In this analysis, Vtrap represents CO2 remaining in regions previously occupied by

the plume after the plume retreats, Vres represents CO2 held at residual saturation

within the current plume region, and Vmob represents CO2 that remains mobile.

Relative to the deterministic case, the case with scale = 5 and ` = 10 cells reduced

Vtrap from 118.3 to 80.5 million m3 , increased Vres from 87.3 to 95.8 million m3, and

increased Vm ob from 305.7 to 335.1 million m3 . These results show that both the

magnitude of permeability variation and the spatial continuity of high- and low-

permeability regions can change the CO2 plume path and the three CO2 volumes,

Vtrap , Vres, and Vmob .

Across the three technical chapters, high-resolution CT-based calculations pro-

vided physical-property data, and DL combined these data with low-resolution CT

images to predict whole-core property maps. The S-RPM then used the porosity–

property variation identif ed at the core scale to generate property f elds, and its

permeability component was applied in f eld-scale CO2 storage simulations to eval-

uate plume migration and storage behavior.

5.2 L im itat ions and Fu tu re W ork

Future work can be organized into two directions: improving the pore-to-core work-

f ow and extending its application from the core scale to the f eld scale.

For pore-to-core upscaling, the workf ow was evaluated using centimeter-scale

Boise and J7 sandstone cores. A useful next step would be to examine whether the

same workf ow remains ef ective for CT images covering larger rock samples. DSgan

was evaluated for a 20-fold dif erence in voxel size, from 1 to 20 µm/voxel, and its

applicability across larger resolution gaps could also be examined. Applying the

workf ow to carbonates and other rocks with dif erent pore structures would help

clarify how broadly the method can be used. These additional rock types could also

be used to examine how the suitable subvolume size changes with pore size and pore

connectivity. Further optimization of the ResNet34 and SE-Atten-Res3D architec-

tures may improve prediction accuracy. The current framework predicts single-phase

absolute permeability and, for water-saturated rock, electrical conductivity and ef-

fective bulk and shear moduli. Future work could extend the framework to relative

permeability, capillary pressure, wettability ef ects, and electrical and elastic prop-
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erties at dif erent f uid saturations.

For core-to-f eld upscaling, the Johansen simulations using the S-RPM calibrated

with J7 data and the deterministic KC model produced similar results because the

permeability variation in J7 was small. A useful next step would be to calibrate the

S-RPM using digital-rock data from rocks with larger permeability variation and

examine how this variation changes CO2 plume migration and storage at the f eld

scale. In addition, a f eld-scale reservoir such as Johansen contains multiple layers

and regions separated by faults. Dif erent rock types in these regions have dif erent

porosity–permeability relationships. Accordingly, a f eld-scale S-RPM needs to rep-

resent multiple porosity–permeability relationships. Future work could extend the

S-RPM by determining separate porosity–permeability relationships for each rock

type or layer from core measurements and well-log data. These relationships could

then be assigned to the corresponding reservoir regions based on mapped layer and

fault information. Future work could also combine full three-dimensional multi-

phase simulations with geochemical reaction models to represent vertical layering

and faults directly and to account for capillary pressure, dissolution trapping, and

mineral trapping.

Overall, this dissertation provides an upscaling workf ow that connects pore-scale

physical-property calculations to core-scale property prediction and, for permeabil-

ity, to f eld-scale reservoir evaluation.
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A ppend ix A

N eu ral network arch itectu res

The neural network architectures used in this study are presented here. In the

following f gures, ReLU refers to the rectif ed linear unit activation function Nair

and Hinton (2010). A block containing f ve numbers indicates a convolutional layer:

the f rst three numbers represent the kernel size in the three spatial dimensions,

the fourth number represents the stride size, and the f fth number represents the

number of f lters. M P denotes a max-pooling layer, with the kernel size shown inside

the block. BN denotes batch normalization Iof e and Szegedy (2015). GAP denotes

global average pooling. FC denotes f lter concatenation in the inception modules.

In the dense blocks, DP denotes a dropout layer applied after the dense layer. The

size of each dense layer is shown at the top of the corresponding dense block.

Figure A.1: Conv8 network architecture.
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Figure A.2: VGG16 network architecture.

Figure A.3: VGG19 network architecture.
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Figure A.4: GoogLeNet-V1 network architecture.
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Figure A.5: GoogLeNet-V3 network architecture.
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Figure A.6: ResNet34 network architecture.
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