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Abstract19

Carbon capture and storage (CCS) is one of the few strategies for reducing CO2 emis-20

sions by injecting it into deep geologic formations. The injection of CO2 into heteroge-21

neous rock formations triggers a set of complex coupled flow and transport processes that22

are not trivial to describe and predict. Advanced numerical simulation is often used as23

a standard tool to predict the spatial-temporal evolution of the CO2 plume and the in-24

duced pressure changes. However, numerical simulation is computationally demanding25

and can limit the use of standard field management workflows, such as risk assessment26

workflows, and hinder real-time analysis and decision-making for risk mitigation. Stan-27

dard deep learning models provide powerful alternative prediction tools. However, they28

also have important limitations, including lack of interpretability, extensive data needs,29

and physical inconsistency.30

To overcome these limitations, a Fluid Flow-based Deep Learning (FFDL) archi-31

tecture is presented for spatial-temporal prediction of the injected CO2 in storage for-32

mations. The architecture of FFDL consists of a physics-based encoder to construct phys-33

ically meaningful latent variables, and a residual-based processor to predict the evolu-34

tion of the state variables. The FFDL model uses physical operators that serve as non-35

linear activation functions and impose hard constraints to respect the general structure36

of the fluid flow equations. A comprehensive investigation of FFDL, based on a field-scale37

saline aquifer, is used to demonstrate its superior performance compared to standard deep38

learning models. The results show that FFDL exhibits strong generalization capability39

and provides more reliable and physically consistent predictions of CO2 plume migra-40

tion. The flexibility of FFDL makes it suitable for various applications, including decision-41

making, optimization, and inverse modeling.42

1 Introduction43

Carbon capture and storage (CCS) is an important component in reducing the CO244

emissions by capturing from point sources and injecting it into deep geologic formations.45

Although geologic CO2 storage has significant potential, it is still in the early stages. Con-46

cerns about CO2 migration or leakage into shallow aquifers call for robust monitoring47

and risk management technologies (Zheng et al., 2022, 2021; Celia et al., 2015). While48

current monitoring methods can track the movement of the injected CO2 plume, accu-49

rately quantifying its volume and migration path remains a challenge for monitoring and50

verification purposes (Bui et al., 2018). Moreover, predicting the dynamics of pressure51

buildup and CO2 migration is essential for guiding decision-making (Zheng et al., 2021)52

and for assessing real-time risks throughout the life cycle of a project (Ajayi et al., 2019).53

Reliable prediction of the CO2 plume migration often requires spatial and tempo-54

ral analysis, potentially involving detailed simulation models. The injection of CO2 into55

subsurface formations triggers a complex multi-component, multiphase flow system. The56

complex relationships involving miscibility, capillary pressure, and relative permeabil-57

ity, as well as coupled physics lead to nonlinear coupled systems of partial differential58

equations (PDEs) that are not trivial to solve (Bandilla et al., 2015). Furthermore, field-59

scale geologic CO2 storage (GCS) projects span extensive spatial and temporal scales,60

including both injection and post-injection periods (Ajayi et al., 2019; X. Jiang, 2011).61

Therefore, numerical simulation for GCS at the field scale can become computationally62

prohibitive, particularly for complex tasks such as optimization and uncertainty quan-63

tification. Another significant challenge is estimating the time-varying storage capacity64

of the geologic formations, which is influenced by geologic conditions, injectivity and field65

development plans (Gorecki et al., 2015). Accurate quantification of uncertainty and po-66

tential risks typically involves multiple simulation runs, which can impede the implemen-67

tation of real-time analysis and risk assessments in GCS projects. Consequently, there68

is a growing need for innovative approaches that can provide accurate and efficient real-69
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time monitoring and forecasting of CO2 plume migration and pressure buildup during70

GCS operations.71

In recent years, deep learning (DL)-based approaches have emerged as promising72

alternatives to traditional numerical simulations for predicting the spatial-temporal evo-73

lution of fluid dynamics in the subsurface. Specifically, convolutional neural networks74

(CNNs) that have demonstrated a strong capability for processing image data have found75

widespread application in predicting the spatial and temporal evolution of subsurface76

flow systems. Zhu and Zabaras (2018) proposed a fully convolutional encoder-decoder77

architecture to approximate the mapping from permeability to pressure and velocity maps78

for a 2-dimensional steady-state Darcy flow problem. Mo, Zhu, et al. (2019) extended79

the work in Zhu and Zabaras (2018) to predict the responses from a dynamic multiphase80

flow problem at different time steps. Y. Wang and Lin (2020) designed a custom archi-81

tecture tailored for single- and two-phase flow systems, incorporating sparsely connected82

layers to account for the inherent sparse input-output interaction.83

Among the family of CNNs, U-Net (Ronneberger et al., 2015) was originally de-84

signed for biomedical image segmentation and has emerged as a mainstream model for85

prediction tasks in the subsurface domain (Wen, Tang, & Benson, 2021; Z. Jiang et al.,86

2021; H. Tang et al., 2021; Yan, Harp, Chen, & Pawar, 2022). U-Net excels in captur-87

ing complex patterns by retaining multi-scale details of input images through skip con-88

nections. This feature of U-Net facilitates the integration of high-resolution details, re-89

duces the search space of model parameters, and mitigates the gradient vanishing issue90

often encountered in deep architectures. Yan, Harp, Chen, and Pawar (2022) proposed91

a physics-constrained smoother to enhance the pressure prediction generated by U-Net.92

Their approach incorporates the time step as an additional input, allowing the U-Net93

model to predict pressure or saturation at different time steps. This method does not94

explicitly capture the dynamics of the flow system. Instead, it approximates a static map-95

ping conditioned on the time step. Alternatively, spatial-temporal predictions can also96

be achieved using auto-regressive architecture (Mo, Zabaras, et al., 2019; Z. Jiang et al.,97

2021), recurrent architecture (M. Tang et al., 2020) or by jointly predicting all time frames98

(Wen, Hay, & Benson, 2021; Wen et al., 2022, 2023). M. Tang et al. (2020) introduced99

a combined model called Recurrent R-U-Net that integrates Residual U-Net (R-U-Net)100

(Wen, Tang, & Benson, 2021) with convolutional long short-term memory (ConvLSTM)101

network (Shi et al., 2015) to capture the evolution of saturation and pressure in the 2D102

two-phase waterflooding problem. This combined architecture was later extended to ad-103

dress 3D flow problems in waterflooding (M. Tang et al., 2021) and CO2 sequestration104

(M. Tang et al., 2022). Different from the recurrent architecture, Wen et al. (2023) pro-105

posed a nested framework of DL models for 4D spatial-temporal prediction of pressure106

and saturation in a joint way by utilizing Fourier Neural Operator (FNO) (Li et al., 2020).107

Their methodology involves dividing a large reservoir into multiple scales (levels), with108

each level employing an FNO model to predict either pressure or saturation. By com-109

bining the FNOs of each level sequentially, the states of the entire reservoir can be pre-110

dicted. Unlike the recurrent nature of ConvLSTM, the FNO approach predicts all time111

steps simultaneously, enabling parallelized prediction across the time domain. However,112

the FNO’s 4D architecture results in a significantly larger number of trainable param-113

eters, with approximately 80 to 150 million parameters for each level, making it com-114

putationally demanding and potentially resource-intensive when extending it to more115

complex problems.116

Despite the demonstrated effectiveness of DL models, the approaches mentioned117

above have limitations and are tailored to specific scenarios. Notably, in GCS projects118

that can span decades for injection and potentially much longer for the post-injection119

period, the predictive model’s capability and flexibility to forecast over arbitrary time120

frames are crucial. However, existing DL models are constrained to predicting within fixed121

periods and encounter challenges in long-term predictions (which require extrapolating122
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power). Deep learning models have limited extrapolation power and do not provide re-123

liable predictions beyond the data distribution defined by the training set (Willard et124

al., 2022), leading to the out-of-distribution (OOD) generalization problem. As reflected125

in Mo, Zhu, et al. (2019), the prediction over the OOD time steps becomes an extrap-126

olation task that can challenge deep learning models, as the saturation predictions dur-127

ing the extrapolation may become physically inconsistent. This is particularly impor-128

tant for GCS projects that require long-term prediction horizons. Another important129

feature is the flexibility of the model in terms of providing predictions over different de-130

velopment scenarios. For instance, the models should be able to capture the response131

of the storage formations to time-varying controls, which is important in optimizing the132

performance of the field by dynamically managing the injection strategies based on the133

in-situ reservoir conditions and monitoring data (Pawar et al., 2015).134

To enhance predictive capabilities and overcome limitations, an emerging and ac-135

tive research field focuses on integrating physical principles and domain knowledge into136

neural networks (NNs) (Willard et al., 2022; Faroughi et al., 2023). A flexible approach137

is to incorporate governing equations into the loss function to constrain the neural net-138

works during training, known as Physics-informed Neural Networks (PINNs) (Raissi et139

al., 2019). The PINN framework offers a flexible implementation across various phys-140

ical systems and has found successful applications in the subsurface domains (N. Wang141

et al., 2020; Shokouhi et al., 2021; Yan, Harp, Chen, Hoteit, & Pawar, 2022). However,142

physics-informed approaches often struggle with adhering to boundary conditions, as they143

implement physical constraints in a ”soft” manner. Furthermore, the inherent complex-144

ity of multiphase flow in heterogeneous porous media presents challenges in implement-145

ing the closed-form residuals of nonlinear PDEs as loss functions (Yan, Harp, Chen, Hoteit,146

& Pawar, 2022). The training of deep learning models using physics-informed loss func-147

tions without labeled data can be affected by the complexity and nonlinearity of the in-148

tegrated physics. The presence of complex governing equations can lead to highly non-149

linear and non-convex loss functions, complicating the training process (Fuks & Tchelepi,150

2020). These issues may challenge the use of data-free approaches in more complex prob-151

lems, including high-dimensional and highly nonlinear systems (Cuomo et al., 2022; Muther152

et al., 2023).153

Another fit-for-purpose alternative involves hard-encoding the underlying physics154

into the architecture of neural networks, endowing the resulting models with an induc-155

tive bias tailored to specific physical problems (Faroughi et al., 2023; Karniadakis et al.,156

2021). In contrast to physics-informed approaches, physics-encoded architectures impose157

hard constraints. By capturing the underlying physical dependencies among variables,158

these architectures demonstrate their connections to Ordinary Differential Equations (ODEs)159

(E, 2017; E et al., 2017; Lu et al., 2018) and PDEs (Long et al., 2018, 2019; Ruthotto160

& Haber, 2020; Rao et al., 2021). Long et al. (2018, 2019) proposed PDE-Net to learn161

PDEs from data. In their work, the CNN is combined with Residual Network (ResNet)162

(He et al., 2016) to approximate the evolution of PDE with the forward Euler as the tem-163

poral discretization. Rao et al. (2021) introduced the product block to emulate the gov-164

erning terms in PDEs. Their study utilizes convolutional layers to learn spatial depen-165

dencies and employs a recurrent form of ResNet for approximating temporal evolution.166

The resulting DL model has shown good performance in extrapolation tasks. More re-167

cently, Dulny et al. (2022) proposed NeuralPDE to combine Neural Ordinary Differen-168

tial Equations (NeuralODEs) (Chen et al., 2018) with the Method of Lines (MOL) us-169

ing CNNs to approximate the spatial component in PDEs. They state that CNNs can170

approximate the MOL, a numerical method of solving time-dependent PDEs by repre-171

senting them as systems of ODEs through spatial discretization. Nonetheless, these stud-172

ies tend to simplify the governing equations and approximate the dynamics in an explicit173

form.174
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In this study, we propose a novel physics-encoded DL model, named Fluid Flow-175

based Deep Learning (FFDL), for predicting the spatial-temporal evolution of the pres-176

sure and saturation in geologic CO2 storage. To bridge the gaps in the existing models,177

the FFDL model is designed to handle time-varying well controls and to provide long-178

term predictions. The architecture of FFDL primarily comprises a physics-based encoder179

for constructing physically meaningful latent variables, a residual-based processor for the180

recurrent prediction of latent variables, a control encoder for constructing a latent rep-181

resentation of sink or source term, and a decoder for approximating the mapping from182

latent variables to outputs, namely pressure and saturation. The physics-based encoder,183

along with the control encoder, can construct different governing terms in the PDEs for184

multiphase flow, including accumulation, advection, and sink/source terms. Similar to185

the work in (Long et al., 2019; Rao et al., 2021; Dulny et al., 2022), the convolutional186

layers are employed to capture the spatial dependencies. However, our model extends187

beyond these by 1) introducing physics-based operators as the activation functions, 2)188

constructing latent representations of the governing terms to better approximate the dy-189

namics, and 3) updating the latent governing terms in a coupled and implicit form. We190

also present a modified Recurrent R-U-Net, based on the work in M. Tang et al. (2022),191

as a baseline model due to its similar architecture and capability for extension to time-192

varying control and arbitrary time steps. The predictive performance of FFDL is inves-193

tigated using a field-scale model of GCS in a saline aquifer. Our results show that FFDL194

outperforms the Recurrent R-U-Net on test sets featuring unseen permeability, well con-195

trols, and time frames.196

The remaining sections of this paper are organized as follows. Section 2 presents197

the problem statement for the spatial-temporal prediction task and introduces the ar-198

chitectures of the proposed physics-based encoder and residual-based processor. In Sec-199

tion 3, we provide a brief overview of the experimental setups and describe the modi-200

fications made to Recurrent R-U-Net. The experimental results and discussions are pre-201

sented in Section 4. Finally, Section 5 offers conclusions on this work and highlights the202

advantages of the proposed model.203

2 Methodology204

2.1 Problem Statement205

This study addresses a spatial-temporal prediction task governed by a set of cou-206

pled PDEs within a 3D reservoir composed of grid blocks D ⊂ R3. The prediction task207

can be formulated as X = F(x t,m ,U), given the inputs x t as the dynamic states at208

time step t, m as parameters, and U as future controls. The output sequence X = {x t+1,x t+2, . . .}209

represents the dynamic variables over the subsequent time steps, and the operator F de-210

notes the mapping from inputs to outputs. For each coordinate ω ∈ D, the dynamic211

variable x t(ω) at time step t consists of pressure pt(ω) ∈ R and saturation of non-wetting212

phase S t
n(ω) ∈ R. The input parameters m(ω) ∈ Rdm characterize the model param-213

eters, such as permeability, porosity, grid volume, and elevation, at point ω. The con-214

trol sequence U = {u t+1,u t+2, . . .} denotes well controls over future time steps. At any215

given step t, the control variable u t can be the bottom-hole pressure (BHP) or flow rate.216

The value of each grid cell u t(ω) ∈ Rdu corresponds to the control value (e.g., injec-217

tion rate) at a well location ω and is zero if the cell does not contain a well. Superscripts218

dx, dm, and du indicate the dimensions of dynamic states, input parameters, and con-219

trol variables at a point ω, respectively. The goal of this work is to approximate the op-220

erator F with the proposed deep learning model Fθ, where θ represents the trainable pa-221

rameters. In this paper, variables denoted in bold represent high-dimensional tensors,222

while those not in bold refer to scalars. For brevity, we primarily focus on the dimen-223

sionality of high-dimensional tensors at individual spatial points ω, rather than the en-224

tire spatial domain.225
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In this approach, we avoid the direct learning of the pressure and saturation dy-226

namics. Instead, we convert these variables into physically meaningful latent variables227

and learn the dynamics in latent space. The latent representation z t = {z t
acc, z

t
adv, z

t
src}228

consists of three components representing the accumulation, advection, and sink/source229

terms of the governing PDEs in the latent space, respectively. As depicted in Figure 1,230

the proposed deep learning model mainly consists of the encoder, processor, control en-231

coder, and decoder modules. Initially, the encoder predicts the first two latent variables232

over the next time step, z t+1
acc and z t+1

adv , using x t and m as inputs. Concurrently, the con-233

trol encoder produces the latent variables z t+1
src given the control variables u t+1. The pro-234

cessor receives three latent variables as input and generates the updated latent variables235

z t+1
acc and z t+1

adv as outputs. These outputs are then sent to 1) the decoder for the predic-236

tion of the dynamic variables x t+1, and to 2) the processor itself for the estimation of237

the new latent variables z t+2
acc and z t+2

adv . The decoder takes the updated latent variables238

z t+1
acc and z t+1

adv , as well as the static variable m , as inputs. By including m , the decoder239

is designed to decouple the effects of parameters from the latent variables, functioning240

as the inverse of the encoder. In a recurrent manner, the processor utilizes the previous241

latent variables as initial estimations and updates them for the next time step by inte-242

grating z t+1
src as external inputs. To articulate the model’s function, the process X = F(x t,m ,U)243

can be modularized as follows:244

{z t+1
acc , z

t+1
adv} = FθInputToLatent

(x t,m),

{z t+n
src } = {FθControlToLatent

(u t+n)}, n = 1, 2, . . . ,

{z t+n
acc , z

t+n
adv } = {FθLatentToLatent

(z t+n
acc , z

t+n
adv , z

t+n
src )}, n = 1, 2, . . . ,

{x t+n} = {FθLatentToOutput(z
t+n
acc , z

t+n
adv ,m)}, n = 1, 2, . . . ,

(1)

where, the operators FθInputToLatent
, FθControlToLatent

, FθLatentToLatent
, and FθLatentToOutput

rep-245

resent the encoder, control encoder, processor, and decoder modules, respectively.246

2.2 Physics-Encoded Deep Learning Model247

One of the main contributions of this work is the design of the encoder and pro-248

cessor modules, as depicted in Figure 2. In contrast, the control encoder and decoder249

are implemented using standard convolutional layers with simpler configurations. This250

subsection delineates 1) the physical operators used in the encoder, and 2) the detailed251

architectures of the encoder and processor. A comprehensive description of the govern-252

ing equations for geologic CO2 storage is provided in Appendix A. The explanation of253

the control encoder and decoder is provided in Appendix B.254

In our model, the encoder is designed to capture the relationship between the la-255

tent representations of the governing terms (i.e., accumulation and advection) and var-256

ious input variables (e.g., pressure, saturation, permeability, etc.) using physical oper-257

ators. Recent works designed neural operators to either 1) construct the latent variables258

in the spectral domain (Li et al., 2020; Wen et al., 2022; Xiong et al., 2023) or 2) intro-259

duce high-frequency features to the DL model (H. Wu et al., 2023). Although these ad-260

vanced architectures effectively address the issue of spectral bias (Tancik et al., 2020; Ra-261

haman et al., 2019), the constructed latent variables lack interpretability, resulting in262

a black-box architecture. In contrast, we adopt the concept of physical operators to map263

the input variables to physically meaningful latent variables that represent accumula-264

tion and advection terms. This design is inspired by the Operator-Based Linearization265

(OBL) approach (Voskov, 2017), which represents the governing terms as combinations266

of operators and linearizes them within the parameter space (pressure, saturation, and267

component) to facilitate the application of numerical solvers.268

Two primary motivations underpin the transition from input variables to physics-269

based latent representations. First, the governing equations of the system involve im-270

plicit and nonlinear dependencies on pressure and saturation, challenging the derivation271

of explicit update forms. Previous studies have utilized ResNet (or skip connections) for272
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direct updates of variables in explicit form. These methods often rely on simplifications273

of PDEs (J. Nagoor Kani & Elsheikh, 2019; Y. Wang & Lin, 2020) or are tailored to spe-274

cific problem characteristics (Rao et al., 2021). In contrast to direct updates of dynamic275

variables, our method focuses on the dynamics within the latent space by mapping them276

onto physics-based latent variables. This design circumvents the assumptions required277

by previous works, offering a more thorough treatment of the underlying physics. Sec-278

ond, predicting the dynamics within the latent space offers our model flexibility and gen-279

eralizability. The physics-based encoder can flexibly adapt to various physical terms, such280

as capillary and gravity terms, through the design of physics-based operators. Moreover,281

the physical operators enable our model to effectively generalize across diverse input vari-282

ables and learn the physical relationship between diverse inputs and outputs. Consequently,283

this design potentially extends the applicability of our model to various tasks and sce-284

narios.285

2.2.1 Physical Operators286

For geologic CO2 sequestration sites, such as saline aquifers, the system consists287

of two primary phases: a water-rich phase and a CO2-rich phase. In this work, we sim-288

plify the CO2-brine system to an immiscible two-fluid-phase system with no internal com-289

ponent gradient. As a result, the mass balance equation can be written in terms of phase-290

based balance equations:291

∂

∂t
(ϕSξρξ) +∇ · (ρξvξ) = ρξ q̃ξ, ξ ∈ {w, n}, (2)

where ϕ is the porosity; Sξ and ρξ are the saturation and density of phase ξ, respectively;292

vξ is the volumetric flux vector for phase ξ; q̃ξ is external sources or sinks of volumet-293

ric rate per unit volume of phase ξ. The phase ξ is n for the non-wetting phase (super-294

critical CO2) and w for the wetting phase (brine).295

We rewrite the Eq. 2 as a combination of operators in an algebraic form for the296

whole reservoir in three-dimensional space D:297

r ξ(x ,m ,u) =
(
z acc,ξ(x )− z acc,ξ(x

t−1)
)
− z adv,ξ(x ,m) + z src,ξ(x ,u) = 0, (3)

where r ξ is the residual of the governing equation for phase ξ over the entire reservoir;298

z acc,ξ, z adv,ξ, and z src,ξ are the accumulation, advection, and sink/source terms for phase299

ξ, respectively.300

The governing terms are calculated through the physical operators. Detailed deriva-301

tion of the governing equations and operators are provided in Appendix A. Here, we de-302

fine the operators as follows303

z acc,ξ(x ) = cϕ ◦ S ξ ◦ ρξ =
(
1 + cr ◦ (p − pref )

)
◦ S ξ ◦ ρξ, (4)

z adv,ξ(x ,m) = a(m) ◦
∑
l

βξ,l(x ) ◦ b l(x ,m), (5)

z src,ξ(x ,u) = a(m) ◦ ρξ ◦ qξ = a(m) ◦ ρξ ◦V ◦ q̃ξ, (6)

a(m) = ∆t I PV , (7)

βξ,l(x ) = λξ ◦ ρξ, (8)

b l(x ,m) = T l
m ◦∆ψl

ξ = T l
m ◦

(
ψv

ξ −ψu
ξ

)
, (9)

where the symbol ◦ represents the Hadamard product (or element-wise production); cϕ304

is defined as an update multiplier for the initial porosity; cr, pref , and V are rock com-305

pressibility, reference pressure, and grid volume, respectively; qξ is the volumetric flow306

rate for phase ξ; ∆t is a scalar and represents the time interval; I PV is the inverse of the307
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initial pore volume of a grid cell ϕ0V ; λξ is the mobility of phase ξ; T l
m is the geomet-308

ric part of the transmissibility of interface l between two grids u and v; ∆ψl
ξ is the phase309

potential difference between the two grid cells u and v, of which the phase potentials are310

ψu
ξ and ψv

ξ , respectively. For the design of the encoder, the phase potential is simplified311

by neglecting the capillary pressure and represented as ψξ = p+ρξ ◦D . The variable312

D = gd refers to the gravity term defined as the product of the gravitational acceler-313

ation (g) and the elevation (or depth) of grid cells (d). The parameter m is defined as314

a set of three components {Tm, I PV ,D}.315

2.2.2 Physics-based Encoder316

The encoder consists of three stages in a sequence (See Figure 2 (a)). The first stage317

of the encoder takes the dynamic variables x and parameter m as inputs. The output318

from the first stage is a set of physical features f used in the operators and defined as319

follows:320

f = {cϕ,ρξ,λ,∆p,∆(ρξ ◦D)}. (10)

The dependencies of cϕ and ρξ on pressure and the dependency of λξ on pressure321

and saturation are parameterized using fully-connected (FC) NN, which is named state-322

related operator (Figure 3 (a)). In this work, we parameterize the state-related opera-323

tor using a two-layer fully connected NN with the hidden unit do. The Gaussian Error324

Linear Unit (GELU) (Hendrycks & Gimpel, 2023) serves as the nonlinear activation func-325

tion after each layer. Features ∆p and ∆ (ρξ ◦D) are the differential pressure and grav-326

ity terms used in the potential difference ∆ψ, which are calculated through the spatial-327

related operator (Figure 3 (b)). In a structured grid system, p and D are first padded328

with reflection padding around the edges of tensors, which serves as a closed boundary.329

Given the padded terms, ∆p and ∆ (ρξ ◦D) are computed along the x-, y-, and z-directions.330

The differential operator is implemented by applying the discretization stencil 1
2×[−1, 0, 1]331

along each of the three directions.332

In the second stage, convolutional layers are used to project all the components of333

dynamic variable x , input parameters m , and physical feature f into a high-dimensional334

hidden feature h . Each component of the hidden feature h has a dimensionality of dh335

at the point ω. Hidden features are then passed to the operator blocks defined in Eqs.336

(4 - 9). The operator blocks return the high-dimensional representations of the accumu-337

lation and advection terms. The goal of extending the feature dimensionality before the338

operator blocks is to project the physical relationships in a high-dimensional space. In-339

stead of applying nonlinear functions, the Hadamard product is used to introduce non-340

linearity in the encoder.341

In the third stage, we further map the accumulation and advection terms into a342

high-dimensional latent space with the dimension of dl (dl > dh). Simultaneously, the343

latent variables are downsampled through the convolutional layers, reducing the spatial344

dimension by a factor of 2. The outputs of this stage are the latent variables z t
acc and345

z t
adv. The downsampling is employed to increase the receptive field of the convolutional346

layers while reducing the GPU memory demand.347

While the notation of latent variables does not specify the fluid phase, the latent348

variables are computed separately for the wetting and non-wetting phases and then con-349

catenated. As a result, each latent variable sent to the next layer encompasses the la-350

tent representations for the two phases. As shown in Figure 2 (a), the dynamic input351

x is defined for the previous time step t−1, while the latent variable z corresponds to352

the current time step t. Therefore, the purpose of the encoder is to generate an initial353

estimate of the latent variables for time step t. These latent variables will be further up-354

dated by the processor, taking into account the external effect of the control variable.355
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The encoder FθInputToLatent can then be decomposed into three stages as follows:356

f = FθInputToFeature(x ,m),

h = FθFeatureToHidden
(f ,x ,m),

{z acc, z adv} = FθHiddenToLatent
(h),

(11)

where FθInputToFeature
, FθFeatureToHidden

, and FθHiddenToLatent
refer to the three stages of the357

physics-based encoder, respectively. The dimensions do, dh, and dl in these three stages358

are the hyperparameters defined by users. The selection of these hyperparameters and359

their feasible ranges are provided in Appendix B.360

Neural networks parameterize the state-related operator in the first stage with do361

hidden units and learn the nonlinear dependencies with complicated formulas, such as362

Equation of State (EoS). In contrast to the parameterization of the state-related oper-363

ator, the spatial and physical operator blocks are non-parametric and serve as hard con-364

straints to enforce adherence to the underlying physics.365

2.2.3 Residual-based Processor366

The processor is implemented as a variant of recurrent neural network (RNN) with367

a customized recurrent unit, as illustrated in Figure 2 (b). The inputs to the processor368

are the governing terms in the latent space z t to represent the accumulation z t
acc, ad-369

vection z t
adv, and sink/source z t

src for wetting and non-wetting phases. The latent rep-370

resentation of the sink/source term comes from the control encoder FθControlToLatent
. Each371

customized recurrent unit, also referred to as a processor block, consists of Nrl residual372

layers that iteratively update the latent variables z t
acc, z

t
adv, and z t

src, where Nrl, de-373

notes the number of residual layers. To make the proposed model more memory-efficient374

and to increase the receptive field of the convolutional kernel, we further reduce the spa-375

tial dimension of the latent variables z t
acc, z

t
adv, and z t

src ∈ RD×dl by a factor of 2 and376

simultaneously project them onto the feature space with a higher dimensionality of dr377

(dr > dl). The resulting latent features are used to calculate the residual term δz t, which378

is then projected back to the original dimension D × dl and added to the latent vari-379

able z t.380

The residual layer updates the latent variables based on the concept of the resid-381

ual for governing equations. For a numerical solver, the Newton-Raphson method is com-382

monly applied, which is written as:383

J (xk)(xk+1 − xk) = −r(xk), (12)

where J is the Jacobian matrix at the inner iteration step k of the nonlinear solver; r(xk)384

denotes the residual of the governing equations for iteration k.385

In this study, the design of the processor is inspired by the Newton-Raphson method.386

Instead of iteratively updating the dynamic variable xk, we update the latent variables387

and parameterize the update procedure using neural networks. First, we rewrite the Eq.388

(12) as follows:389

δxk = xk+1 − xk = −
(
J k

)−1

rk

≈ F(rk,xk) ≈ FθResidualToDiff
(rk, z k).

(13)

The dependency of input difference δxk on terms xk and rk is parameterized by390

the operator FθResidualToDiff
. To further facilitate the update, we introduce another op-391

erator FθDiffToDiff
to convert the difference δxk to the latent space, which is shown as fol-392

lows:393

δz k = z k+1 − z k ≈ FθDiffToDiff
(δxk), (14)
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where FθDiffToDiff
approximates the mapping between the input difference δxk and the394

latent difference δz k. Finally, δz k can be written as:395

δz k = FθDiffToDiff
(FθResidualToDiff

(rk, z k)). (15)

For brevity, we neglect the superscript k in the following derivation of the proces-396

sor unit. For each residual layer within the processor unit, we first calculate the resid-397

ual term r as follows:398

r t = z t
acc − z t−1

acc + z t
adv + z t

src. (16)

The above equation is similar to Eq. (3), with the distinction that each term in Eq.399

(3) corresponds to a specific phase. The latent variables in the above equation encom-400

pass representations for both phases. In the first residual layer of each processor block,401

the terms z t
acc and z t−1

acc in Eq. 16 are identical. In other words, the accumulation term402

z t−1
acc sent from the previous processor will serve as both the previous state z t−1

acc and the403

current state z t
acc. Consequently, the previous state z t−1

acc remains fixed, while the cur-404

rent state z t
acc is updated in subsequent residual layers.405

After calculating the latent residual r t, each of the latent variables (i.e., z t
acc, z

t
adv.406

and z t
src) is multiplied by r t, and their products are sent to the operator FθResidualToDiff

407

as inputs, expressed as follows:408

r t
z = FθResidualToDiff

(

z t
acc

z t
adv

z t
src

 ◦

r t

r t

r t

). (17)

In this step, the output r t
z refers to the term −

(
J k

)−1

rk in the latent space. Then,409

the latent residual term δz t can be derived as follows:410

d t
z = FθLatentToDiff

(z t), (18)

411

δz t = FθDiffToDiff
(d t

z ◦ r t
z), (19)

where the operator FθLatentToDiff
is to transform the latent variable into a new term to412

introduce nonlinearity. Then, the operator FθDiffToDiff
takes the product d t

z ◦r t
z as in-413

put and returns the latent residual term δz t. Therefore, in each residual layer, the la-414

tent variable zt is updated as415

z t = z t + δz t. (20)

In this study, the design of the residual layer is heuristic, as the updating proce-416

dure is performed in a high-dimensional latent space and is parameterized by neural net-417

works. The high-dimensional representation enables the latent variable to capture com-418

prehensive information about the input variables. The processor unit in this study is re-419

ferred to as a residual-based processor, as it is composed of residual layers and draws in-420

spiration from the concept of residuals in the governing equations.421

3 Experimental Setup422

In this study, we conduct a comprehensive evaluation of the proposed physics-encoded423

DL model through three distinct experiments. First, we assess the predictive capabil-424

ity of the model using unseen permeability inputs in Section 4.1 and compare our model425

with the Recurrent R-U-Net over the public dataset proposed by M. Tang et al. (2021).426

Second, we investigate the model’s performance in the presence of unseen pairs of con-427

trol variables and permeability inputs (Section 4.2). This assessment requires the model428

to generalize and handle complex and diverse scenarios. Lastly, we explore the model’s429
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extrapolation capability by applying it to the prediction over the post-injection period430

while the training set only covers the injection period (Section 4.3). This extrapolation431

task poses a significant challenge due to the distinctive dynamics involved. In addition432

to these three experiments, we investigate the effect of the physics-based encoder on the433

latent representations of the governing terms by replacing the physics-based encoder with434

a traditional convolutional encoder (Section 4.4).435

In addition to the comparison based on publicly available datasets (M. Tang et al.,436

2021), we also applied our model to a set of simulated datasets generated by a synthetic437

3D simulation model of deep saline aquifer (Appendix C). The training datasets include438

simulation models for both single-well and two-well scenarios, introducing sufficient di-439

versity in the dataset. However, we test our model on the two-well scenario only, as it440

is more complex than the one-well scenario. The simulation model consists of CO2 in-441

jection over 15 years, followed by a post-injection period of 85 years. For our third ex-442

periment, we specifically utilize the initial 15 years of the post-injection as our test set.443

This selection is based on the observation that the pressure and plume dynamics reach444

a quasi-steady state beyond this time frame and do not show observable changes over445

time. The simulated dataset consists of 30 steps, where each step represents one year.446

During the injection, the well controls are randomly perturbed for each year while be-447

ing constrained to have a total injection amount over 15 years. For detailed information448

regarding the simulation model and data generation, please refer to Appendix C.449

In the examples with the public dataset, the models are trained to predict the whole450

simulation time with 10 steps by taking the initial state and permeability as inputs, fol-451

lowing the setup in M. Tang et al. (2021). In the other experiments conducted in this452

study, however, the training process involves feeding the models with dynamic states from453

any time step and predicting only the subsequent 8 years rather than the entire 15 years.454

Exposing the model to dynamic inputs of different time frames can enable models to pre-455

vent overfitting and accurately learn the dynamics. Consequently, each training sample,456

comprising 16 time frames (15 years plus an initial state), is divided into eight data sam-457

ples, each spanning 8 time frames. During testing, the DL models predict the entire 15458

years over injection (or 30 years over both injection and post-injection periods) without459

taking any ground truth dynamic state as input.460

In the experiment on the public dataset, we propose a modified version of Recur-461

rent R-U-Net by making three key modifications to the architecture of the original model462

proposed by M. Tang et al. (2021). These modifications were aimed at improving the463

model’s performance and aligning it with the setup of our model to ensure fair and mean-464

ingful comparisons. First, we replaced Batch Normalization (BatchNorm) (Ioffe & Szegedy,465

2015) in the original model with Group Normalization (GroupNorm) (Y. Wu & He, 2018).466

This change was motivated by the observation that GroupNorm offers better general-467

izability and transferability compared to BatchNorm (Kolesnikov et al., 2020). Second,468

we introduced a dummy control input to the modified Recurrent R-U-Net and our model469

for the public dataset. The control variable in the public dataset is fixed over time and470

not included as input in the original Recurrent R-U-Net. This change is to make the use471

of modified Recurrent R-U-Net and our model consistent throughout this work. The dummy472

control variable for each time step is a 3D tensor, with values of 0 for grid blocks with473

no well, 1 for producers, and -1 for injectors. Lastly, we redefined the static variable m474

by 1) adding I PV and D as part of the input, and 2) replacing permeability K with the475

term Tm.476

The pressure and injection rate are normalized using Min-Max normalization. Sat-477

uration is not normalized since it typically ranges between 0 and 1. To normalize the in-478

verse grid volume I PV , we scale it by multiplying a reference grid volume of 50×50×479

2.5 m3. Using a uniform layer thickness, the depth D varies from 0 to 19, representing480

the depths of grid blocks from the first to the 20th layer. The term Tm contains zero481

values to represent the closed boundary and exhibits a right-skewed distribution with482
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a mean significantly higher than the median. Consequently, we apply the inverse hyper-483

bolic sine transformation to transform Tm before feeding it into a deep learning model.484

The training in this study employs the Adam optimizer. In our proposed model485

and the modified Recurrent R-U-Net, we apply the relative ℓ2-loss (Wen et al., 2022) as486

the loss function, which is defined as follows:487

L({S ,p}t1:t2 , {Ŝ , p̂}t1:t2) =
∥S t1:t2 − Ŝ t1:t2∥2

∥S t1:t2∥2
+

∥pt1:t2 − p̂t1:t2∥2
∥pt1:t2∥2

, (21)

where {Ŝ , p̂}t1:t2 represents the predicted saturation and pressure over time steps from488

t1 to t2. In this work, the variance of the norms ∥S t1:t2∥2 or ∥pt1:t2∥2 are considerably489

high due to the dynamic range of time frames, which can vary widely. Using the mean490

squared error (MSE) loss function encourages inaccurate predictions at the start of in-491

jection. This is mainly because the saturation of the non-wetting phase in the initial time492

frames is inconsequential. Deep learning models that fail to predict the saturation of these493

time frames will still generate low values of MSE loss. The choice of relative error as the494

loss function will mitigate this issue. The details of the training process and configura-495

tion are provided in Appendix B.496

4 Results and Discussion497

4.1 Testing on Unseen Permeability498

In this experiment, we first compare three models on the public dataset (M. Tang499

et al., 2021): the original Recurrent R-U-Net (the baseline model), the modified Recur-500

rent R-U-Net, and our proposed model. The dataset consists of 2923 samples spanning501

1000 days and is generated by a numerical simulation model of a two-phase oil reservoir502

for a waterflooding problem. In this experiment, models are trained to predict oil sat-503

uration using different amounts of training samples: 200, 500, 1000, 1500, 2000, and 2500.504

A separate set of 50 samples is used for model validation, while the remaining 373 sam-505

ples form the test set.506

Figure 4 (a) shows that our model consistently achieves lower test losses across all507

sizes of training samples compared to the other two models. Notably, our model trained508

on 1000 samples demonstrates a comparable root mean square error (RMSE) of satu-509

ration prediction to the baseline model trained on 2500 samples. Figure 4 (b) demon-510

strates the distribution of saturation RMSE for each time step, where the baseline model511

exhibits higher mean and variance in test losses across time steps compared to our model.512

To further evaluate the saturation predictions, Figure 5 visualizes the 3D saturation pre-513

diction at the 10th time step. The baseline model trained with 200 samples shows a sig-514

nificant mismatch in the saturation front. Both modified Recurrent R-U-Net and our model515

accurately capture the saturation front for both the 200 and 2500 training sample cases516

with lower RMSE values. In the subsequent experiments, we will continue using the mod-517

ified Recurrent R-U-Net for comparison and exclude the original version. The original518

Recurrent R-U-Net has a different setup of input and does not support time-varying con-519

trol variables.520

Next, we proceed to evaluate our model in the simulation model of subsurface CO2521

storage reservoir. Our proposed model and modified Recurrent R-U-Net are trained us-522

ing 700 simulated samples to predict pressure and CO2 saturation over a 15-year injec-523

tion. The 700 simulated samples are then divided into 5600 training data samples, each524

of which spans eight years. The validation and test sets consist of 100 and 200 simulated525

samples, respectively. The training and test sets have the same injection controls but dif-526

ferent permeability. For brevity, we will refer to the modified Recurrent R-U-Net as RUNET527

in the following experiments. As shown in Figure 6, our proposed model consistently ex-528

hibits lower mean and variance of RMSE compared to RUNET. It is worth noting that529
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the saturation error exhibits increasing trends over time due to the spreading of the sat-530

uration front. In contrast, the pressure error is more stationary, attributed to the pres-531

ence of an aquifer region surrounding the storage reservoir, which facilitates pressure dis-532

sipation and maintains it within a certain range.533

Figures 7 and 8 provide 3D visualizations of saturation and pressure distributions,534

respectively. The errors in both saturation and pressure tend to occur in areas where there535

are significant changes (or gradients). Specifically, for saturation, the errors are promi-536

nent near the front of the CO2 plume, where the saturation values experience rapid tran-537

sitions. On the other hand, for pressure, the errors are more noticeable in the vicinity538

of the wells. The 3D pressure map changes significantly over time due to variations in539

injection control. As reflected in Figures 7 and 8, our model outperforms the RUNET540

in capturing these two distinct patterns.541

4.2 Testing on Unseen Control and Permeability542

In this experiment, we further evaluate the performances of two models (our model543

and RUNET) on the test set where both control and permeability are unseen during train-544

ing. The training, validation, and test sets still consist of 700, 100, and 200 simulated545

samples, respectively. As depicted in Figure 9, the distribution of injection rates differs546

between the training and test sets, even though both datasets have the same constraint547

of total injection rate. Notably, the allocation of injection rates in the test set exhibits548

more significant variations compared to the training set, demonstrating a less balanced549

allocation of injection rates. The allocation of the injection rate for the test set falls out-550

side the distribution covered by the training set. For control optimization problems, the551

control variable can evolve towards its extremity during the process of optimization (Qin552

et al., 2023). The out-of-distribution injection rate resembles the challenges caused by553

the extremity of the control variable in the optimization task and challenges the model’s554

robustness in handling diverse control scenarios (Qin et al., 2024).555

Figure 10 illustrates that the prediction performances of the two models are com-556

parable in predicting pore pressure, while our model is more accurate in predicting sat-557

uration than RUNET. Given the variations in control variables in the test set, predict-558

ing saturation and pressure becomes more challenging for both models compared to the559

previous experiment. Figures 11 and 12 provide visualizations of saturation and pore pres-560

sure predictions for both models. In Figure 11, it can be observed that the saturation561

prediction from RUNET shows significant errors around the top layer, leading to phys-562

ically inconsistent results. In contrast, our model exhibits only slight discrepancies near563

the saturation front in the top layer, indicating its improved accuracy and ability to main-564

tain consistency with the underlying physics. As shown in Figure 12, the pressure pre-565

diction from RUNET exhibits errors that are evenly distributed around the wells, while566

the prediction error from our model is more concentrated. This distinct behavior between567

the two models may be attributed to differences in their architectures and will be fur-568

ther investigated in our future work.569

4.3 Extrapolation over Post-Injection570

In the previous experiments, the deep learning models were trained and tested over571

a 15-year injection. During testing, DL models predicted the future states over the same572

period based on different sets of inputs. In this experiment, we extend the application573

of these trained models to predict 30 years, including both injection and post-injection.574

Specifically, models trained in previous experiments (Sections 4.1 and 4.2) are directly575

applied to predict the last 15 years, from the 16th to the 30th year, with the initial state576

to be predicted saturation and pressure in the 15th year. During post-injection, injec-577

tion rates are set to zero.578
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In Figure 13, the prediction performances of two models are evaluated for both in-579

jection and post-injection periods. It can be observed that our model consistently ex-580

hibits significantly lower prediction errors for saturation than RUNET. Furthermore, our581

model’s prediction errors remain relatively stable during post-injection, whereas errors582

from RUNET keep increasing for the saturation prediction. On the other hand, the pore583

pressure of the entire reservoir becomes more uniform and converges to the boundary584

pressure during post-injection. Therefore, pressure prediction becomes less challenging585

for the two models, as both exhibit decreasing prediction errors after the 15th year when586

the post-injection starts. Despite the comparable performance of pressure prediction for587

both models during the injection period (Figure 13 (d)), our model consistently outper-588

forms RUNET in terms of lower mean and variance of prediction errors during post-injection.589

This indicates the superior robustness and accuracy of our model in handling the dis-590

tinct dynamics of the post-injection period.591

Figure 14 visualizes three examples of the saturation predictions for two models592

in the 15th and 30th years. It can be observed from all three examples that, during the593

post-injection period, CO2 is dominantly driven by the buoyant force and gets accumu-594

lated at the top layer, which is overburdened by cap rock. A common failure of RUNET595

is its physically inconsistent prediction during extrapolation. As shown in the first two596

examples, the predicted CO2 plume from RUNET in the 30th year shows disconnected597

patterns and deviates significantly from the ground truth. In the last two examples, the598

prediction from RUNET exhibits a relatively low RMSE in the 15th year, which is close599

to the error of our model. However, RUNET still fails to capture the CO2 migration dur-600

ing post-injection and even shrinks the CO2 plume toward the end of the prediction. On601

the other hand, our model can accurately extrapolate the CO2 plume during extrapo-602

lation. Over three models, our model accurately predicts the saturation front compared603

with a slight increase in RMSE.604

Figure 15 visualizes the pressure prediction of the 17th layer of the reservoir for605

two models during post-injection. It can be observed that the pressure dissipates dur-606

ing post-injection and reaches the aquifer boundary, which serves as a constant bound-607

ary condition due to its extensive volume. In contrast to RUNET, our model demonstrates608

an accurate prediction of the pressure dissipation and eventual convergence to the aquifer609

pressure. These findings underscore the superior performance of our model in captur-610

ing long-term behavior and accurately predicting the saturation evolution beyond the611

injection period.612

It is important to note that predicting the post-injection period is an extrapola-613

tion task, as it falls outside the time range covered by the training set. Extrapolation614

tasks can pose challenges for deep learning models, as the statistical input-output rela-615

tionship during extrapolation may deviate from what was learned from the training set.616

In the case of CO2 migration, the dominant driving force changes between the injection617

and post-injection periods, which can result in a different statistical input-output rela-618

tionship. This change in driving force can undermine the prediction performance of deep619

learning models. Therefore, accurate prediction during post-injection requires the mod-620

els to capture the underlying physics of the system, rather than solely relying on the learned621

statistical relationship from the training set.622

4.4 Investigation of Latent Representation623

To further investigate the effect of introducing the physics-based encoder on the624

prediction performance, we introduce an additional DL model. This model shares the625

identical modules as the proposed physics-encoded DL model, with the exception that626

the physics-based encoder is replaced with convolutional encoders. This alteration fa-627

cilitates a more focused investigation of the effect. The convolutional encoder comprises628

two separate encoders to produce the latent representations of accumulation and advec-629
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tion terms, respectively. Each encoder shares a similar architecture as the encoder in the630

RUNET. In the case of the accumulation term, the input exclusively encompasses the631

initial states of dynamic variables (i.e., pressure and saturation). As for the advection632

term, dynamic and static variables are concatenated together and fed into the encoder633

as input. Subsequently, the latent variables representing the accumulation and advec-634

tion terms are then sent to the processor blocks, the same as the pathway of the physics-635

based encoder.636

Figure 16 illustrates the comparison between two models: one equipped with the637

physics-based encoder (referred to as ”Ours”) and the other with convolutional encoders638

(referred to as ”ConvEnc”). Both models are trained and tested using the same setup639

as the second experiment (Sec. 4.2). The results show that both models demonstrate sim-640

ilar RMSE values for pressure and saturation during injection. However, our model con-641

sistently outperforms ConvEnc during the post-injection period. On the other hand, as642

shown in Figure 17, ConvEnc significantly outperforms RUNET in predicting pressure643

and saturation, encompassing both injection and post-injection periods. Given that all644

three models possess a similar number of trainable parameters (over 3 million), these re-645

sults exhibit the superior performances of the physics-based encoder and the residual-646

based processor in contrast to the convolutional encoder and ConvLSTM, respectively.647

Since the governing terms follow certain PDE constraints, it is essential to construct648

a compact latent space. The latent representations of accumulation and advection terms649

are expected to exhibit similar patterns with the true governing terms to contain phys-650

ically consistent features. Therefore, we further investigate the latent representations of651

two governing terms derived from our model and ConvEnc and discuss their physical mean-652

ings. Figure 18 illustrates an example of the latent representations of accumulation (Fig-653

ure 18 (a)) and advection terms (Figure 18 (b)) over the first 15 years for both our model654

and ConvEnc. The collected latent representations are the outputs of the last proces-655

sor layer. To reduce the redundancy in latent representations, we first employ Princi-656

pal Component Analysis (PCA) on dl latent variables (dl = 32) for each time step sep-657

arately. Here, only the first four principal components (PCs) are visualized in Figure 18658

for brevity. Moreover, Figures 18 (a) and 18 (b) present the actual values of the wetting-659

phase accumulation and advection in the vertical direction in the 13th year as references.660

As shown in Figure 18 (a), the true accumulation term is dominantly affected by661

saturation (Figure 18 (d)), with only slight variations outside the CO2 plume as affected662

by pressure (Figure 18 (c)). This slight variation is because the density of liquid-phase663

water is insensitive to pressure changes and that reservoir porosity is set to be homo-664

geneous in this work. The components from our model exhibit similar patterns with pres-665

sure contour and saturation front, as reflected in the first and third components. The666

components from ConvEnc also reflect these two features, as shown in the first PC. How-667

ever, as depicted in the second PCs, the latent accumulation terms in ConvEnc exhibit668

high-frequency patterns similar to permeability. This arises from the updating process669

within the processor blocks, where the latent accumulation and advection mutually in-670

fluence each other. These high-frequency patterns are distinct from the accumulation671

terms depicted in Figure 18 (a). The residual-based processor model passes the latent672

accumulation to the next time step to approximate the dynamics of the mass balance673

governing equation. Latent representations that are not aligned with the true govern-674

ing terms could hinder the learning process and lead to inefficient learning of the dynam-675

ics.676

Figure 18 (b) illustrates the PCs of latent representations of the advection term677

for both models. Notably, the latent advection terms generated by our model closely align678

with the true values and exhibit high-fidelity patterns. In contrast, ConvEnc produces679

overly smoothed latent advection patterns. This distinction between the two models may680

stem from the inclusion of the physics-based encoder. Specifically, in our model, the over-681

all receptive field for permeability spans only three grid blocks. This design choice pre-682
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vents over-smoothness during the calculation of the latent advection term, thus preserv-683

ing intricate details. On the other hand, ConvEnc’s receptive field follows the default684

setup of RUNET and spans 12 blocks, resulting in an inconsistent inductive bias with685

the advection term. While ConvEnc can learn high-fidelity patterns from the data, it686

requires more data to constrain its behavior, hindering efficient learning. Furthermore,687

components within ConvEnc’s latent advection term exhibit temporal inconsistency, with688

notable shifts in patterns observed in the third PCs. This behavior presumably corre-689

lates with the unexpected updating caused by physically inconsistent latent variables.690

Despite our model’s superiority over ConvEnc, we do not dive into introducing any met-691

rics to evaluate the physical consistency of latent variables. This aspect extends beyond692

the scope of this work and could potentially be explored in future endeavors.693

5 Conclusion694

In this work, we propose novel DL architectures that incorporate the physics of the695

system for accurate spatial-temporal prediction of pressure and saturation in geologic696

CO2 storage. Traditional deep learning models, which solely rely on learning statistical697

input-output relationships, face challenges in extrapolation, require large amounts of train-698

ing data, and can produce physically inconsistent predictions. Additionally, these mod-699

els struggle to adapt to general input-output setups involving diverse types of inputs and700

outputs. To address these limitations, we introduce a general approach that efficiently701

learns the underlying physics by encoding physics into the encoder and processor. We702

demonstrate the ability to learn the underlying physics, handle permeability variations703

and time-varying controls, and make predictions over both the injection and post-injection704

periods. As one of the main contributions, the physics-based encoder generates physi-705

cally meaningful latent variables through physical operators and high-dimensional pro-706

jection. The physical operators constrain the dependencies of latent variables on inputs707

and reduce the search space for the model’s parameter. The operators within the residual-708

based processor update the high-dimensional latent variables in a coupled manner. The709

updating process within high-dimensional latent space enables the integration of non-710

linear and coupled PDEs, bypassing the need for assumption and simplification that are711

necessary for direct updating pressure and saturation.712

The experimental results validate the effectiveness of our proposed model in ad-713

dressing the aforementioned limitations faced by traditional deep learning models. Our714

model exhibits data efficiency, as demonstrated on a public dataset (Section 4.1), and715

consistently outperforms traditional deep learning models when handling various types716

of inputs (Sections 4.1 and 4.2). The physical operators enable our model to approxi-717

mate the underlying physics and learn the complex input-output relationship efficiently.718

Furthermore, our model exhibits superior performance compared to RUNET in the ex-719

trapolation to the post-injection period (Section 4.3), where RUNET fails to extrapo-720

late the saturation front and generates physically inconsistent predictions. The recur-721

rent architecture, along with regular time intervals for each recurrent unit, allows our722

model and RUNET to effectively predict over arbitrary lengths of time steps. However,723

in contrast to RUNET which lacks interpretability and remains a black box, our model724

comprises modular components that serve specific roles in the evolution of dynamics.725

The generalizability and applicability of our model extend beyond geologic CO2726

storage and the specific scenarios studied in this work. Notably, the public dataset used727

in Section 4.1 focuses on a waterflooding problem with producers and injectors controlled728

by BHP. Therefore, the proposed architecture is not limited to geologic CO2 storage or729

a specific type of well control. Instead, it can be adapted and applied to other geoscience730

and engineering domains where accurate spatial-temporal predictions are crucial, such731

as waterflooding and geothermal applications. The model’s generalizability of handling732

different reservoir settings and time-varying controls makes it a valuable tool for decision-733

making and inverse modeling across a wide range of applications. Moreover, the gener-734
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alizability of the DL model could potentially address the challenge of limited available735

datasets in scientific domains, where data acquisition is often expensive and relatively736

scarce compared to domains like computer vision and natural language processing. The737

available datasets online typically differ in input setups, and traditional deep learning738

models are only applicable to a certain instance. Deep learning models with flexible and739

general-purpose architectures, such as ours, can make efficient use of the available data740

and alleviate the limitations imposed by data scarcity. This is particularly crucial for the741

development and practical application of powerful yet typically large deep learning mod-742

els in real-world scenarios.743

Although our model primarily focuses on variations in control and permeability,744

this work provides a general and flexible approach that can be extended to various in-745

puts in future studies (e.g., heterogeneous porosity, different well locations, and differ-746

ent reservoir sizes). Another promising future work is to integrate physics-informed loss747

functions into our model to enable data-free training or zero-shot learning. PINN demon-748

strates proficiency in learning simpler tasks but faces limitations with complex tasks (Krishnapriyan749

et al., 2021). For the geologic CO2 storage, the nonlinearity and complexity of PDEs could750

hinder the training of PINN. One potential solution to address this limitation is to first751

pretrain the model with labels and subsequently fine-tune it using a physics-informed752

loss function.753
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Figure 1: Overview of the proposed Fluid Flow-based Deep Learning (FFDL) model for
predicting spatial-temporal pressure and saturation in geologic CO2 storage. The process
is applied to the entire reservoir with four modules: the physics-based encoder and control
encoder to project input into physically meaningful latent variables; the residual-based
processor to evolve the latent variables given well controls; and the decoder to project
latent variables back to pressure and saturation.

–18–



manuscript submitted to Water Resources Research

𝝀𝜉 ∘ 𝝆𝜉
 

𝒛𝑎𝑑𝑣
𝑡

𝒂 ∘ 𝜷𝜉 ∘ 𝒃

𝒛𝑎𝑐𝑐
𝑡

𝑻𝑚 ∘ Δ𝝍𝜉

𝒎𝒑 
𝑡−1 𝑺𝑛

𝑡−1

a. Physics-based Encoder b. Residual-based Processor

Stage 1

Stage 2

Stage 3

𝑑𝑥 × 𝑑𝑦 × 𝑑𝑧 × 1

𝑑𝑥 × 𝑑𝑦 × 𝑑𝑧 × 𝑑ℎ

𝑑𝑥 × 𝑑𝑦 × 𝑑𝑧 × 1

𝑑𝑥

2
×

𝑑𝑦

2
×

𝑑𝑧

2
× 𝑑𝑙

𝑑𝑥

4
×

𝑑𝑦

4
×

𝑑𝑧

4
× 𝑑𝑟

Dynamic Variable, ∈ ℝ

Static Variable, ∈ ℝ

Control Variable, ∈ ℝ 

Physical Feature, ∈ ℝ 

Hidden Feature, ∈ ℝ𝑑ℎ

Latent Feature, ∈ ℝ𝑑𝑙

Residual Feature, ∈ ℝ𝑑𝑟

Operator Block Convolutional Layer

Forward Passing

𝒄𝜙∘ 𝑺𝜉∘ 𝝆𝜉

𝒛 
𝑡 𝒛𝑎𝑐𝑐

𝑡 , 𝒛𝑎𝑑𝑣
𝑡 , 𝒛𝑠𝑟𝑐

𝑡=

𝒛 
𝑡

Residual 
Layer

Residual 
Layer

Residual 
Layer

𝒛 
𝑡

…

Latent residual

𝒛 
𝑡

𝒛 
𝑡 ∘ 𝒓 

𝑡

𝒓𝑧
𝑡

𝒛 
𝑡+

𝒓 
𝑡

𝒅𝑧
𝑡

𝛿𝒛 
𝑡

+/−

𝒖 
𝑡 𝒛𝑠𝑟𝑐

𝑡
𝒓 

𝑡 = 𝒛𝑎𝑐𝑐
𝑡 − 𝒛𝑎𝑐𝑐

𝑡−1 + 𝒛𝑎𝑑𝑣
𝑡 + 𝒛𝑠𝑟𝑐

𝑡

𝑁𝑟𝑙  residual layers 

𝒅𝑧
𝑡 ∘ 𝒓𝑧

𝑡

Figure 2: Overview of the physics-based encoder (left) and the residual-based proces-
sor (right). Each circle represents a variable corresponding to a single voxel in the 3D
representation of the reservoir. The encoder consists of three stages: 1) mapping the in-
puts (dynamic and static) to physical features, 2) mapping previous features to hidden
features, and 3) calculating physical latent variables. For each time step, the processor
utilizes a series of residual layers to iteratively update the latent variables. The operator
block incorporates non-parametric operators, including Hadamard product, addition, and
subtraction. The forward passing operation involves directly passing the variable to the
next layer without any additional transformations or modifications.
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Figure 3: Illustration of (a) state-related operator and (b) spatial-related operator in the
first stage of the physics-based encoder. The state-related operator is parameterized by a
fully connected neural network. The differential pressure (or fluid potential) is calculated
under a closed boundary, which is approximated by reflection padding.
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Figure 4: Distributions of test losses of saturation for different models. a. Test losses for
different sizes of training samples. b. Test losses of saturation for different time steps.
The different transparencies in (a) represent the various sizes of training samples ranging
from 200 to 2500 from left to right. Each time step in (b) contains the six bars to rep-
resent distributions of RMSE values for the cases of training samples ranging from 200
to 2500 from left to right. “Modified” refers to the modified Recurrent R-U-Net. ”Base”
refers to the baseline R-U-Net. ”Ours” refers to our model.
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Figure 5: Visualization of predictions of oil saturation exceeding 0.15 at the last time
step for three different models trained with varying numbers of training samples: (a)
Model trained with 200 samples; (b) Model trained with 2500 samples.
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Figure 6: Prediction errors of normalized saturation and normalized pressure over the
test set for two models: our proposed model (Ours) and modified Recurrent R-U-Net
(RUNET). The error band and solid line represent a 95% confidence interval and the me-
dian of RMSE, respectively.
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Figure 7: Visualization of saturation prediction over unseen permeability. The 3D visual-
ization in (a) displays the saturation distribution in the 15th year. In (b) and (c), the 2D
saturation distributions represent the x-z planes intersecting Wells I1 and I2, respectively.
These planes are depicted as transparent cross-sections in (a).
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Figure 8: Visualization of pressure prediction over unseen permeability. In (b), the 2D
pressure distributions represent the 17th layer of the reservoir, the layer where injection
wells are located. The pressure values are measured in MPa, and the RMSE is also re-
ported in MPa.
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Figure 9: Visualization of injection control in the training and test sets. The left and
middle figures depict the time-series injection rates for wells I1 and I2, respectively. The
right figure shows the QQ-plot of cumulative injection rates for the two wells, illustrating
the differences in the distribution between the two datasets.
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Figure 10: Prediction errors of normalized saturation and pressure over the test set for
two models: our proposed model (Ours) and modified Recurrent R-U-Net (RUNET). The
error band and solid line represent a 95% confidence interval and the median of RMSE,
respectively.
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Figure 11: Visualization of saturation prediction over unseen control and permeability.
The prediction from RUNET exhibits physical inconsistency and shows a significant mis-
match in the shape of saturation.
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Figure 12: Visualization of pressure prediction over unseen control and permeability. The
pressure values are measured in MPa, and the RMSE is also reported in MPa.
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Figure 13: Prediction errors of normalized saturation and normalized pressure over injec-
tion and post-injection for the examples of (left) unseen permeability and (right) unseen
control and permeability. The first 15 years denote the injection, while the last 15 years
denote the post-injection where injection rates are zeros for two wells.
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Figure 14: Visualization of saturation prediction of three different cases in the 15th and
30th years. Each case has different permeability and injection control as inputs. The per-
meability map is in the unit of log10 (mD).
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Figure 15: Visualization of pressure prediction over the post-injection period.
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Figure 16: Prediction errors of normalized saturation and normalized pressure over in-
jection and post-injection for two predictive models with different encoders: convolutional
and physics-based.
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Figure 17: Distributions of test losses of (a) saturation and (b) pressure for different
models.
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Figure 18: Visualization of the first four principal components of latent representations
of (a) accumulation and (b) advection terms from two deep learning models with physics-
based (left column) and convolutional encoders (right column), respectively. Each row in
(a) and (b) represents the evolution of a principal component over the first 15 years. (c)
and (d) visualize the ground truths of pressure and saturation of the first layer over the
first 15 years. The true accumulation and z-direction advection of the wetting phase are
provided in (a) and (b) for reference.
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Tables755
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Appendix A Governing Equations768

We follow the work in (Voskov, 2017) to derive governing equations and implement769

the finite-volume discretization for the mass balance equation. For a system with nc com-770

ponents and np phases, the transport equations can be written as follows:771

∂

∂t

ϕ np∑
ξ=1

xi,ξρξSξ

+∇ ·
np∑
ξ=1

(xi,ξρξvξ) =

np∑
ξ=1

xi,ξρξ q̃ξ, i = 1, ..., nc, (A1)

where ϕ is porosity; xi,ξ is the mole fraction of component i in phase ξ; ρξ is the den-772

sity of phase ξ; Sξ is the saturation of phase ξ; vξ is the volumetric flux vector (or Darcy773

flux) for phase ξ; q̃ξ is the external sources or sinks of volumetric rate per unit volume774

in phase ξ.775

For a geologic CO2 storage site where CO2 is injected into the deep saline aquifer,776

the phases ξ ∈ {w, n} could be w for the wetting phase (brine) and n for the non-wetting777

phase (supercritical CO2). The multiphase extension of Darcy’s equation is applied to778

describe the flow of each phase and is written as:779

vξ = −K
kr,ξ
µξ

(∇pξ − ρξg∇d) = −λξK(∇pξ − ρξg∇d), ξ ∈ {w, n}, (A2)

where K is the permeability tensor, kr,ξ is the relative permeability, µξ is the phase vis-780

cosity, λξ = kr,ξ/µξ is the phase mobility, pξ is the phase pressure, g is the gravitational781

acceleration, and d represents the depth.782

The capillary pressure is defined as the difference between the pressure of two phases783

and is a function of saturation:784

pc(sw) = pn − pw, (A3)

where pn and pw are the pressures of non-wetting (n) and wetting phases (w).785

By applying the finite-volume discretization and backward Euler approximation786

in time, the mass balance equation can be discretized as:787

V

(ϕ

np∑
ξ=1

xi,ξρξSξ)
(n+1) − (ϕ

np∑
ξ=1

xi,ξρξSξ)
(n)


−∆t

∑
l∈L

 np∑
ξ=1

xli,ξρ
l
ξT

l
ξ∆ψ

l
ξ

+∆t

np∑
ξ=1

xi,ξρξqξ = 0,

(A4)

where V is the volume of the grid cell; T l
ξ is the phase transmissibility between two grid788

cells connected by the interface l; ∆ψl
ξ is the phase potential difference across the inter-789

face l considering pressure, capillary pressure, and gravity; qξ is the volumetric rate of790

phase ξ.791

In this work, we simplify the CO2-brine system to an immiscible two-fluid-phase792

system with no internal component gradient. Then the mass balance equation reduces793

to the phase-base balance equation, written as:794

∂

∂t
(ϕSξρξ) +∇ · (ρξvξ) = ρξ q̃ξ, ξ ∈ {w, n}. (A5)

The discretized mass balance equation in Eq. A4 is then transformed into:795

V
(
(ϕρξSξ)− (ϕρξSξ)

t
)
−∆t

∑
l∈L

ρlξT
l
ξ∆ψ

l
ξ = ∆tρξqξ. (A6)
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For the two grid cells u and v with the interface of l, T l
ξ is defined as follows:796

T l
ξ =

k̄u,vAl

Lu,v
λξ = Tmλξ, (A7)

where k̄u,v is the harmonic average of permeability between the grid cells u and v; Al797

is the area of interface l; Lu,v is the distance between the grid cells u and v.798

The porosity ϕ in can be represented as ϕ0(1 + cr(p − pref )). By denoting 1 +799

cr(p− pref ) as cϕ, Eq. A6 can be written as:800 (
(cϕρξSξ)− (cϕρξSξ)

t
)
− ∆t

V ϕ0

∑
l∈L

ρlξλ
l
ξT

l
m∆ψl

ξ =
∆t

V ϕ0
ρξqξ. (A8)

By presenting the Eq. (A8) in algebraic form and the definition in Eqs. (4 - 9), Eq.801

(A8) can be rewritten as follows:802

r ξ(x ,m ,u t) =(
z acc,ξ(x )− z acc,ξ(x

t)
)
− z adv,ξ(x ,m) + z src,ξ(x ,u) = 0.

(A9)
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Appendix B Implementation Details803

B1 Description of Decoder and Control Encoder804

At each time step t, the control encoder takes the control variable u t as input and805

generates the latent variable z t
src as output. The control encoder consists of two 3D con-806

volutional (Conv3D) layers with linear activation functions and a kernel size of 3 on x-807

, y-, and z-directions. The output from Conv3D layers is downsampled by reducing the808

spatial dimension by a factor of 2 and projected to the latent space with the feature di-809

mension of dl.810

At each time step t, the decoder takes the latent variables z t
acc and z t

adv as well811

as the static variable m as inputs and generates the dynamic states S t
n and pt as out-812

puts (Figure B1). First, the latent variables from the processor layer are projected back813

to the original dimension D through the upsampling layers. Second, the inputs to the814

decoder are projected to the space with the dimension of dd1
for each grid block. The815

projected features are then fused together to be the variable z t through addition and816

concatenation. The role of the input m here is to remove the effect of static variables,817

Tm and I PV , that are coupled in the latent variable z t
adv. Then, the dynamic variable818

x t = {pt,S t
n} is learned from the latent variable z t through two Conv3D layers with819

the dimension of output channels to be dd2
and dd3

, respectively.820

Figure B1: Illustration of the architecture of the decoder.
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B2 Hyperparameters of Deep Learning Models821

The hyperparameters of deep learning models, including our proposed model and822

the modified Recurrent R-U-Net are summarized in Tables B1 and B2. Both two mod-823

els consist of approximately 3 million trainable parameters.824

Table B1: Hyperparameters of each module of the proposed model: Encoder, Processor,
and Decoder. The third column denotes the selected values of hyperparameters. The last
column denotes the feasible range of the hyperparameters.

Module Hyperparameters Value Range

Encoder Physical Operator Dimension, do 40 {10, 20, 30, 40}
Hidden Dimension, dh 16 {8, 12, 16, 20}
Latent Dimension, dl 32 {24, 32, 48}

Processor Dimension of Residual Feature, dr 48 {32, 48, 64}
Number of Residual Layers, Nrl 3 {2, 3, 4}

Decoder Dimension of the 1st Layer, dd1
16 {8, 16, 32}

Dimension of the 2nd Layer, dd2
8 {4, 8, 12, 16}

Dimension of the 3rd Layer, dd3
4 {4, 6, 8}

Table B2: Hyperparameters of modified Recurrent R-U-Net.

Hyperparameter Selected Size

Channels [16, 32, 64]

# of Groups for GroupNorm Layer 4
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B3 Configuration of Training825

The training in this study employs the Adam optimizer as the chosen optimiza-826

tion algorithm, with the decay of the learning rate implemented gradually. Specifically,827

the learning rate decreases progressively over every step size of training samples by be-828

ing multiplied by the decay factor. Further details about the optimization hyperparam-829

eters can be found in Table B3. The number of samples used for training, validation, and830

test sets for all models and experiments are tabulated in Table B4. All experiments are831

implemented using PyTorch (Paszke et al., 2019) and conducted on a single NVIDIA A100832

40GB GPU. Summaries of model efficiency comparison and the input configuration are833

presented in Tables B5 and B6, respectively. As shown in the input configuration, the834

first dimension of three variables denotes the batch size of 1. The second and third di-835

mensions of the control variable are the number of time steps of the prediction horizon836

during training and the number of components (water and CO2), respectively. The sec-837

ond dimension of the dynamic variable denotes the number of dynamic variables includ-838

ing pressure and saturation. The second dimension of static variable represents the num-839

ber of static variables, including the inverse of grid volume, depth, and transmissibility840

of six faces over x-, y-, and z-directions for a structured grid system. The dimension 128×841

128× 20 represents the grid sizes of the reservoir over three directions.842

Table B3: Hyperparameters for the training of our model and RUNET in all experiments.

Hyperparameter Value

Batch Size 2

Learning Rate 1e-4

Step Size 4500

Decay Factor 0.9

Gradient Clipping 40

Table B4: The numbers of samples used for training, validating, and testing all models in
three experiments.

Experiment Training Validate Test

Exp 1 (Public Dataset) 200, 500, 1000, 1500, 2000,
2500

50 373

Exp 1 (Our Dataset) 700 100 200

Exp 2 700 100 200
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Table B5: Comparison of model efficiency. ConvEnc refers to the model sharing the same
architecture as the proposed DL model except the encoder is the convolutional encoder.

Model Parameter
(Million)

Runtime (s/iter)

Ours 3.3951 0.2238

RUNET 3.0371 0.4201

ConvEnc 3.5225 0.4012

Table B6: Input size used for the comparison of model efficiency.

Input Variable Input Size

Control Variable 1× 8× 2× 128× 128× 20

Dynamic Variable 1× 2× 128× 128× 20

Static Variable 1× 8× 128× 128× 20
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Appendix C Numerical Simulation Model and Data Generation843

In this section, we describe the numerical simulation model used to generate the844

training and test data for the described physics-encoded DL model for predicting the spatial-845

temporal evolution of the pressure and saturation for subsurface CO2 storage. Figure846

C1 shows a synthetic 3D two-phase flow simulation model constructed using CMG-GEM847

(Computer Modeling Group (CMG), 2019). The storage reservoir region is encompassed848

by an aquifer region used to allow pressure dissipation and minimize the effects of no-849

flow boundaries. The zero-flux boundary conditions are imposed on the reservoir bound-850

aries. The storage reservoir is at a depth of 1000 meters with a vertical grid dimension851

of 20 grid blocks × 2.5 meters and a horizontal grid dimension of 120 grid blocks × 50852

meters, resulting in a total grid number of 288,000. The aquifer region is situated at the853

same depth and exhibits identical vertical and horizontal resolutions for the middle sec-854

tion as the storage reservoir. The two sides of the horizontal resolutions of the aquifer855

region are coarsened to 4 grid blocks × 500 meters to reduce computational cost. The856

total grid number of the entire simulation model is 327,680. The reservoir region has het-857

erogeneous permeability values ranging from 0.1 to 2000 mD. Table C1 summarizes the858

simulation model settings. The injection spans 15 years, followed by a monitoring pe-859

riod of 85 years without CO2 injection.860

In this paper, we assume an isothermal environment for the CO2 injection and stor-861

age processes. Various trapping mechanisms of CO2 storage, including geologic, resid-862

ual, solubility, and mineral trapping (Blunt, 2010), are considered in the simulation model.863

We use the Brooks-Corey relative permeability model (Brooks, 1965) with n = 2 to cal-864

culate the CO2-water relative permeability. The maximum residual gas saturation (Sgrmax)865

is set to be 0.4. The capillary pressure for the sand-CO2-brine system is referred to Plug866

and Bruining (2007) of the drainage capillary pressure curve for supercritical CO2 at 40867

°C. The gas density is calculated with the Peng-Robinson Equation of State (Peng & Robin-868

son, 1976). The gas viscosity is calculated from the Jossi, Stiel and Thodos correlation869

(Poling et al., 2001). The aqueous phase density and viscosity are calculated from the870

Rowe and Chou correlation (Rowe Jr & Chou, 1970) and the Kestin correlation (Kestin871

et al., 1981), respectively.872

Uncertainties in the geologic properties of storage reservoirs, particularly in CO2873

sequestration sites like saline aquifers, arise due to limited understanding and measure-874

ment of geologic representation at various scales (Ma, 2011). These uncertainties stem875

from factors such as reservoir heterogeneity, anisotropy, and lateral variation resulting876

from uncertain rock composition, texture, pore structure, and rock type, which can in-877

fluence the stress state and strength differences within the rocks (Middleton et al., 2012).878

Consequently, geomechanical properties become uncertain, impacting the capacity and879

costs of CO2 storage in carbon capture and storage systems during pre-injection, injec-880

tion, and post-injection periods (Anderson, 2017). To enhance the robustness of the de-881

veloped deep learning model and effectively address geologic uncertainty, we employ sam-882

pling techniques and ensemble representations. These techniques allow us to incorpo-883

rate varying levels of heterogeneity range and generate multiple realizations of the per-884

meability map. We utilize sequential Gaussian simulation with the Stanford Geostatis-885

tical Modeling Software (Remy et al., 2009) for this purpose. The geometric anisotropy886

is characterized by a spherical variogram model where the maximum (x-direction) and887

medium (y-direction) ellipsoid ranges are set isotropically with three distinct scenarios888

of 20, 60, and 100 units. The minimum ellipsoid range is represented by two distinct sce-889

narios, namely 2 and 5 units. Consequently, a comprehensive set of six scenarios, each890

featuring different ellipsoid ranges, is utilized to generate a total of 100 realizations per891

scenario, thereby resulting in a total of 600 realizations of the 3D permeability maps. Fig-892

ure C2 shows the permeability maps of the first four realizations from each of the six dis-893

tinct scenarios.894
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Given each realization of the permeability map, the simulation data is generated895

based on various cases of well injection schedules. The well location is fixed at 64,64,17896

for the one-well scenario and the well indexes of the two-well scenario are fixed at {55,55,17}897

and {75,75,17}. The total CO2 injection volume, V inj
TCO2

, over 15 years of injection is fixed898

to be 3.5e+09 m3 (∼ 10 mtCO2) for both one-well and two-well scenarios. To ensure899

comprehensive coverage of the realistic response space, we divide the injection duration900

into three intervals, each spanning 5 years. We assign each interval with an injection vol-901

ume, Vintervalx , with one of the Vhigh, Vmed, or Vlow, where Vhigh = 0.5V inj
TCO2

, Vmed =902

0.35V inj
TCO2

, and Vlow = 0.15V inj
TCO2

. We then create ten different combinations of those903

injection volumes as shown in Table C2 and Figure C3 (a). The injection rate, u (m3/day),904

changes every year, and U = {ut1 , ut2 , . . . , utk} where k = 15. We randomly assign a905

portion of the injection volume to each year based on its corresponding interval. Let906

p = rand(1, 5) = [p1, p2, p3, p4, p5], (C1)

and injection rate u at time ti is calculated by907

uti =
pi

sum(p)

Vintervalx
365

, (C2)

where pi corresponds to the same injection interval x where uti belongs to.908

Figure C3 (b) shows an example of random injection rate allocation based on to-909

tal injection allocation in Figure C3 (a). In this way, a total of 6000 simulation runs are910

performed and the spatial and temporal results of pressure and gas saturation are gen-911

erated. The described data generation approach maximizes our ability to explore a wide912

range of injection rate combinations.913

For the two-well scenario, the injection rate is distributed into two wells with spe-914

cific portions:915

[utiw1
, utiw2

] = uti [qi, 1− qi], (C3)

where qi is the percentage of injection amount assigned to well 1, (1−qi) is the percent-916

age of injection amount assigned to well 2, and q = [0.1 : 0.1 : 1] for a total of 10 in-917

jection schedules for each permeability realization.918
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Table C2: Ten combinations of the percentage injection volume for each interval. Vhigh,
Vmed, Vlow, and Vavg correspond to 50%, 35%, 15%, and 33.33% of the total injection vol-
ume, respectively.

Vinterval1 Vinterval2 Vinterval3

Combination 1 Vhigh Vmed Vlow

Combination 2 Vhigh Vlow Vmed

Combination 3 Vmed Vhigh Vlow

Combination 4 Vmed Vlow Vhigh

Combination 5 Vlow Vhigh Vmed

Combination 6 Vlow Vmed Vhigh

Combination 7 Vavg Vavg Vavg

Combination 8 Vhigh 0 Vhigh

Combination 9 Vhigh Vhigh 0

Combination 10 0 Vhigh Vhigh
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Figure C1: Numerical simulation model of 3D deep saline aquifer reservoir.
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Figure C2: The 3D Permeability maps of the first four realizations from each of the six
scenarios with distinct ellipsoid ranges.
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Figure C3: Ten combinations of the percentage injection volume for each interval. (a)
total injection volume allocation for each interval. (b) an example of random injection
rate allocation based on total injection allocation on (a).
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