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Abstract

Geophysical monitoring of geologic carbon sequestration is critical for risk assessment during and after carbon dioxide (CO2)
injection. Integration of multiple geophysical measurements is a promising approach to achieve high-resolution reservoir mon-
itoring. However, joint inversion of large geophysical data is challenging due to high computational costs and difficulties in
effectively incorporating measurements from different sources and with different resolutions. This study develops a differentiable
physics model for large-scale joint inverse problems with reparameterization of model variables by deep neural networks and
implementation of a differentiable programming approach of the forward model. The main novelty is the use of automatic
differentiation and parallel computing for efficient multiphysics data assimilation. The application to the Sleipner benchmark
model demonstrates that the proposed method is effective in estimation of reservoir properties from seismic and resistivity data

and shows promising results for CO2 storage monitoring.
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Key Points:
e A novel inverse model is developed by combining differentiable physics and deep neural
networks
e The developed model provides an accurate and efficient approach for the joint inversion
of geophysical data from different sources
e The inverted models accurately characterize subsurface properties and structures and

identify the migration of CO2 plume
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ABSTRACT

Geophysical monitoring of geologic carbon sequestration is critical for risk assessment
during and after carbon dioxide (CO2) injection. Integration of multiple geophysical
measurements is a promising approach to achieve high-resolution reservoir monitoring. However,
joint inversion of large geophysical data is challenging due to high computational costs and
difficulties in effectively incorporating measurements from different sources and with different
resolutions. This study develops a differentiable physics model for large-scale joint inverse
problems with reparameterization of model variables by deep neural networks and
implementation of a differentiable programming approach of the forward model. The main
novelty is the use of automatic differentiation and parallel computing for efficient multiphysics
data assimilation. The application to the Sleipner benchmark model demonstrates that the
proposed method is effective in estimation of reservoir properties from seismic and resistivity

data and shows promising results for CO: storage monitoring.
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Plain Language Summary

This study develops a complete inversion model for the joint quantification and interpretation
of geophysical measurements from different sources for geologic carbon sequestration
monitoring. By combining deep neural networks for model reparameterization and differentiable
programming for inverse modeling, the developed approach accurately characterizes subsurface
reservoirs, it identifies the migration of CO2 plume, and it quantifies global parameters that are
uncertain in the forward models. One of the major advantages of this method is that all
components in the model are seamlessly integrated and updated simultaneously. Moreover, the
model can be easily deployed to high-performance computing platforms, thereby providing a
computationally efficient approach for large geophysical data. Therefore, the developed model

illustrates promising results for geophysical subsurface monitoring.
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1. Introduction

Geologic COz sequestration (GCS) is one of the main mitigation strategies to prevent carbon
dioxide (CO2) from entering the atmosphere by capturing and injecting it into subsurface
geological formations, such as depleted oil reservoirs and deep saline aquifers (Metz et al. 2005;
Aminu et al. 2017). To ensure safe and long-term COz storage, geophysical monitoring surveys
are periodically acquired to surveil the behavior of the injected CO2 and make informed
decisions for storage management (Davis et al., 2019).

Time-lapse (4-D) seismic data is one of the monitoring techniques widely deployed in GCS
projects, where a series of seismic surveys are sequentially acquired to quantify changes in
reservoir properties (e.g., elastic properties, fluid pressure and saturation) during and after CO2
injection (Chadwick et al., 2010; Caspari et al., 2011; Rubino et al., 2011; Grude et al., 2013;
Egorov et al., 2017; Glubokovskikh et al., 2020; Li and Li, 2021). However, in some cases,
depending on the rock stiffness, the time-lapse seismic response might be insensitive to fluid
changes. (Gasperikova et al., 2022). To address this issue, non-seismic monitoring techniques
have been investigated and successfully applied to GCS. For example, interferometric synthetic-
aperture radar (InSAR) is an effective tool for measuring reservoir surface displacements and to
infer reservoir pressure changes (Tang et al., 2022). Time-lapse gravity data are sensitive to bulk
density, hence mass balance changes due to CO: injection (Bonneville et al.,
2022). Electromagnetic (EM) and electrical techniques are used to estimate CO:z saturation
because of the distinct resistivity differences between brine- and COz-saturated rocks (Bhuyian et
al., 2012). The spatial resolution of non-seismic surveys, however, is generally lower than the
resolution of seismic surveys. Joint time-lapse monitoring of seismic and non-seismic

measurements is then a potential approach to achieve high-resolution reservoir monitoring and
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reduce the uncertainty. This approach has been used in hydrocarbon exploration but it is
relatively new for GCS monitoring. Eliasson et al. (2014) investigated the integration of
controlled-source electromagnetic (CSEM) inversion with full waveform seismic inversion for
CO2 quantification. Dupuy et al. (2021) developed a Bayesian joint inversion method for CO2
storage monitoring with uncertainty quantification. Huang (2022) comprehensively reviewed the
advantages and limitations of different geophysical techniques and their applications in long-
term GCS monitoring.

The main challenge of joint geophysical monitoring is how to efficiently assimilate
geophysical measurements from different sources. In general, joint geophysical inversion
methods can be categorized into sequential or simultaneous schemes (Tveit et al., 2020). The
sequential scheme inverts geophysical measurements in separate steps with the resulting model
from one measurement as initial model or constraint for the next step, while the simultaneous
scheme inverts all measurements in a single step. In the sequential scheme, measurements with
lower resolution are generally inverted first, such that low frequency models are used as initial
models for the inversion of higher resolution datasets. In the simultaneous scheme, model
parameters are coupled with structural or rock-physics constraints and the forward operator
includes multi-physics models. For this reason, simultaneous schemes are preferred to sequential
schemes despite the higher computational complexity.

Recently, scientific machine learning (SciML) is getting increasing attention in the
geophysics community, especially for its ability to address the computational challenges in large-
scale geophysical inverse problems. These approaches mainly involve physics-informed neural
networks (PINNs) (Raissi et al., 2019; Rasht-Behesht et al., 2022) and differentiable physics

(Hernandez et al., 2022). PINNs embed the governing physics laws (i.e., partial differential
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equations) into deep neural networks (DNNs) as prior information to overcome the issue of
limited data, bridging the gap between the data scarcity of inverse problems and data
requirements of DNNs. PINNs are a mesh-free method that is theoretically advantageous for
high-dimensional problems. However, PINNs still face difficulties of training and convergence
in practice due to the lack of information about connectivity between neighboring points (or
nodes). Differentiable physics provides an alternative approach for physics modeling by
integrating differentiable programming with classical numerical methods (e.g., finite difference
method and finite element method). Differentiable programming is a new programming
paradigm in which all numerical operations are implemented by differentiable building blocks.
Such differentiable mechanism enables solving the forward and inverse problems via automatic
differentiation and can be easily combined with DNNs. Differentiable programming has been
applied in geophysics, such as geostatistical seismic inversion (Liu and Grana, 2019), full
waveform inversion (Zhu et al., 2022) and subsurface flow problems (Li et al., 2020).

To address the computational challenges in geophysical CO2 monitoring, we propose a
differentiable physics model that assimilates time-lapse seismic and resistivity data to predict
porosity and the evolution of COz saturation over time. In this approach, large geological models
are represented by a DNN with fewer parameters than the actual model and geophysical forward
operators are implemented using the differentiable programming framework. We also use a
Bayesian neural network (BNN) to estimate global parameters that are uncertain in the forward
physics model. By adopting automatic differentiation and graphics processing unit (GPU), model
parameters are automatically updated in a computationally efficient manner to minimize the

mismatch between predicted and true measurements.
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2. Methods

In this study, we focus on joint inversion of time-lapse pre-stack seismic and resistivity data,
with the goal of predicting porosity and the evolution of CO2 saturation over time. Seismic data
are linked to the reservoir properties (i.e., porosity and fluid saturations) through rock physics
models, e.g., the unconsolidated sand model (Dvorkin and Nur, 1996) and convolution-based
seismic wave propagation model (Yilmaz, 2001), whereas resistivity is linked to porosity and
saturation through empirical equations, e.g., Archie’s law (Archie, 1942). Rock physics
parameters, such as coordination number and critical porosity in the unconsolidated sand model
and the cementation and saturation exponents in Archie’s law, are often uncertain in practical
applications; hence, we assume that those rock physics parameters are unknown global model
parameters. The proposed differentiable physics inversion is illustrated in Figure 1a. The global
model parameters (coordination number, critical porosity, and cementation and saturation
exponents) and reservoir model spatial variables (porosity and CO: saturations) are re-
parameterized by a BNN and a convolutional neural network (CNN), respectively. Then, time-
lapse seismic and resistivity data are predicted from the output model parameters of the neural
networks through the forward models implemented by differentiable programming. With the
technique of automatic differentiation, the network parameters are iteratively updated to
minimize the loss function. After training, the inverted global parameters and reservoir properties

can be obtained as the outputs of the trained BNN and CNN, respectively.
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Figure 1. (a) Workflow of complete differentiable physics model for joint geophysics inversion; (b) Data
Flow Graph corresponding to the workflow. Circles with solid and dashed line represent operators and

variables, respectively. Purple circles (Og and Op) represent the learnable neural network parameters and
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gray circles (Zg and Z,) represent constant inputs (latent vectors) that are non-trainable. Other symbols

and notations are defined in Section 2.

2.1 Forward Modeling

The forward operator for the prediction of the seismic response includes a rock physics
model that maps petrophysical properties (porosity and water saturation) to elastic properties (P-
and S-wave velocity and density) and a convolution-based seismic wave propagation model that
computes seismic travel time and reflection amplitudes. The mathematical-physical equation of

the forward seismic model is expressed symbolically as follows

dyeis = feis (Frpm (Mg my) ) + €ceis, (1)

where dgejs represents the predicted seismic data, mgrepresents the global model parameters
(coordination number, and critical porosity), my, represents the spatially-varying petrophysical
properties (porosity and water saturation), f,,, is the rock physics model for the prediction of
elastic properties m,, f.is is the seismic wave propagation model, and €g.s represents the
measurement errors. The rock physics model adopted in this study is the unconsolidated sand
model (Dvorkin and Nur, 1996). The detailed descriptions of the unconsolidated sand model and
the convolution-based seismic wave propagation model can be found in Appendix A and B,
respectively.

The forward operator for resistivity is Archie’s law (Archie, 1942), that calculates the

electrical resistivity of reservoir rocks dys as a function of mg and my,

des = fres(rng' mp) = (I)_meSw_n + €res, (2)
where f.5 is the electrical rock physics model (Archie’s law), the cementation m and saturation

exponent n are two empirical parameters, m,, includes porosity ¢ and water saturation S,
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while €, is the associated error. Here we assume that CO> saturation Scp, = 1 — S, and the
resistivity of the brine R, is known and constant.

In the following example, we introduce measurement error (€gejs and €.o5) to the “true”
seismic (dgeis) and resistivity (dp.s) measurements to avoid the “inversion crime” and discard

the error terms when predicting data (dge;s and d,.s) from inverted models.

2.2 Model Reparameterization

Two neural networks (Vg and V') are used for the reparameterization of the global m, and
petrophysical parameters my;:
mg = Ng(zg; eg)' (3)
m, = Vp(z,;0,), (4)
where z represents the input latent vectors of the neural networks that are sampled from standard

Gaussian distribution and are non-trainable, and 0 represents the trainable parameters (network

weights) of the neural networks. The goal is to estimate 8, and 0, instead of mg and m,. Model

reparameterization with neural networks provides a convenient way to control the range of
model parameters, for example Scq, and S, within [0, 1], which is helpful for the stability of
inversion.

Specifically, Vg is a BNN that takes a 4-dimensional latent vector Z as input and outputs a
4-dimensional vector (whose elements correspond to coordination number, critical porosity,
cementation m and saturation exponent n, respectively) after the transformation of three fully-
connected layers. As illustrated in Figure 2, BNN is a probabilistic model where unlike standard
neural networks the weights 0 are not fixed but follow a distribution p(0) (Diirr et al., 2020) and

thus it allows quantifying the uncertainty of the global parameters. The goal of BNN is to find
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the posterior distribution p(0|D) that best fit the data D. The distribution of network weights
allows us to quantify the prediction uncertainty. The solution for the posterior distribution
p(08]|D) is usually not tractable analytically due to the complexity of BNN. We therefore
approximate the posterior distribution with a variational distribution g;(0) with variational
parameters A according to the variational inference approach. In practice, the variational
distribution is generally assumed to be a Gaussian distribution with parameters 4 = (u, 0), i.e.,
mean g and variance . The objective of variational inference is to estimate the variational
parameters A so that q;(0) accurately approximates p(0|D). Mathematically, this objective is
achieved by minimizing the Kullback-Leibler (KL) divergence (Kullback and Leibler, 1951)

between the variational and true distribution

KL[q(8)|Ip(8ID)] = [ 4:(8) log LA 2L 6. (5)

Therefore, the corresponding optimization problem associated to BNNs is expressed as

determining the optimal variational parameters A* as

A= arg/{nin{KL[qa(ﬂ)llp(GID)] — Eg~q,[logp(D]0)]}, (6)

where the first term is the KL divergence and the second (negative) term is the average negative

log-likelihood that measures the data misfit.
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Figure 2. (a) Standard neural network; (b) Bayesian neural network.

The network V', is a CNN that takes another latent vector z,, of size n, X n, X n,, X n; as
input and outputs a (N; + 1) X N, X N,, X N; (N; is the number of monitoring years, N, N,, and
N, are the number of grids along the x-, y- and z- direction) tensor whose elements correspond to
the porosity and CO: saturations of N, years. In the above, N is the number of monitoring
surveys, Ny, Ny, and N; are the number of grids along the x-, y- and z- direction, and the output
has a dimension of (N; + 1) as there are N; surveys and one porosity model that is assumed to
be constant over the time of the surveys. In this study, the latent vector is increased by eight
times after three up-sampling layers (i.e., Ny = 8n,, N, = 8n,,, N, = 8n;), while n is the
number of channels in the CNN input layer. The parameters of CNN are listed in Table 1.

Table 1. Parameters of each layer in the CNN model.

Layer Kernel/Scale Factor Activation function Output size

1. Input - - 64x15x15%x28
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2. Conv3D 3x3x3 RelLU 64x15x15x28

3. Upsample 2 - 64x30x30x56

4. Conv3D 3x3x3 ReLU 32x30x30%56

5. Upsample 2 - 32x60x60x112

6. Conv3D 3x3x3 ReLU 16x60x60x112

7. Upsample 2 - 16x120x120%x224
8. Conv3D 3x3x3 Sigmoid 4x120x120x224

2.3 Loss Function
The definition of an appropriate objective function (or cost function) is crucial for large-scale

geophysical inverse problems. In this study, the objective function is defined as follows

1

jloss(eg: ep) =0 @ ”dseis - d’seis”z + a ﬁ ”dres - d’res”z + asKL[Q(eg)”p(eg)] +

1 T
“4N—Scoz (1—-Sco2), (V)
(o0 )]
where Nggis, Nyos and N¢q, are the number of elements of the seismic data, resistivity data and
COz saturation model, respectively; a; (i = 1, ...4) are the weights of the loss terms. The first

two terms in Equation 7 are mean square errors (MSE) that measure the mismatch between “true”

and predicted data. The third term is the KL divergence of the Bayesian neural network
N g(zg ; Gg) that measures the difference between the variational distribution q(Bg) and the true
distribution p((—)g) of the BNN weights. The last term is a regularization term to constrain the

model values of CO: saturation in the interval [0,1] that is necessary for multimodal variables

like saturations (Vo and Durlofsky, 2014).

2.4 Differentiable Programming
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The inversion workflow is implemented according to the differentiable programming
framework. Differentiable programming provides an efficient way to jointly estimate model
parameters (i.e., global parameters, spatial distribution of porosity, and time-dependent spatial
distribution of CO2 saturation) where all variables are simultaneously updated.

Differentiable programming organizes a program as a Data Flow Graph (DFG). The DFG is
a directed acyclic graph in which graph nodes represent mathematical operations (e.g., addition
and multiplication) or variables (tensors) and edges correspond to the flow of intermediate values
between the nodes (Martin and Estrin, 1967). Figure 1b shows the DFG of the inversion model in
this study. Different from traditional programming paradigms that specify explicit instructions to
the computer, constructing DFG is like building blocks in which the program is defined by the
input-output data and the associated transformations composed of differentiable blocks. The
mechanism of DFG makes the program very flexible and scalable to modify and incorporate
prior knowledge.

The network parameters 85 and 0, in the DFG are learned from the data by minimizing the
loss function in Equation 7

[ﬁg, ﬁp] = arg (I)nien jloss(ﬂg, Bp). (8)
g p

With the technique of automatic differentiation (Rall, 1981), the gradients of the loss function

with respect to 8, and @, are automatically computed according to the chain rule

a]loss — a]loss afseis afrpm + a]loss afres aJ\rp (9)
90,  \Ofceis Ofpm ON, = Ofes ON,) 36,
a]loss _ a]loss afseis afrpm a*N‘g a]loss afres a‘N‘g (10)

08,  Ofe Ofppm ONg 08, ' Ofyes ONg 00,

The optimal network parameters 0, and §p are then obtained by the gradient-based
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backpropagation method. Here, we use the adaptive moment estimation algorithm (Adam)

(Kingma and Ba, 2014), which is computationally efficient for high-dimensional problems.

3. Application

We demonstrate the proposed model for joint geophysical monitoring of COz storage with an
synthetic model and data modified from the Sleipner 2019 Benchmark Model

(https://co2datashare.org/dataset/sleipner-2019-benchmark-model). The Sleipner field located in

the Norwegian Sea is the first commercial GCS plant and is the longest ongoing CO: storage
project in the world. The Utsira Formation is the target storage unit, consisting of nine sandstone
layers that are vertically separated by eight thin shale layers with low-permeability and a caprock
layer. Porosity and permeability of each layer are assumed to be constant in the original
benchmark dataset. To make the GCS model more realistic, porosity and permeability of each
layer of the reservoir model used in this study are taken to be spatially variable and are
geostatistically simulated by sequential Gaussian simulation (SGS) (Deutsch and Journel, 1998)
to mimic the spatial heterogeneity of subsurface rocks. Porosity and permeability are assumed to
be constant in time. The reference “true” models of porosity and permeability are shown in
Figure 3a and 3b, respectively. The GCS model consists of 64x118x263 grid cells. The lateral
resolution of the model is 50 m by 50 m and the vertical resolution is about 2 m for the sandstone
layers, 0.5 m for the shale layers and 5 m for the caprock. The model parameters such as fluid
properties and well configurations are provided in the benchmark dataset. The multiphase flow
behavior of CO2 flow is simulated from the year 1996 to 2010 using the Open Porous Media
Flow reservoir simulator (Rasmussen et al., 2021). The detailed parameters of the reservoir are

listed in Table 2.
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Table 2. Reservoir model parameters of the example modified from the Sleipner benchmark model.

Layer Formation Porosity mean  Porosity range fnirgr;eability mean i’;r}gl)eability range
1 Caprock 0.016 [0.002, 0.036]  5.93¢-4 [0, 0.0058]

2 Sandstone 0.17 [0.018, 0.40] 734.44 [0.031, 11969]
3 Shale 0.017 [0.002, 0.04] 7.36e-4 [0, 0.0115]

4 Sandstone 0.18 [0.018, 0.35] 629.81 [0.028, 5172.8]
5 Shale 0.017 [0.002,0.036]  5.55e-4 [0, 0.0059]

6 Sandstone 0.17 [0.021, 0.35] 559.58 [0.048, 5317.1]
7 Shale 0.018 [0.002,0.033]  6.40e-4 [0, 0.0041]

8 Sandstone 0.20 [0.027, 0.35] 810.07 [0.12, 5439.1]
9 Shale 0.022 [0.003, 0.034]  0.0010 [0, 0.0048]

10 Sandstone 0.21 [0.024, 0.38] 1065.6 [0.079, 9202.0]
11 Shale 0.021 [0.003,0.039]  9.75e-4 [0, 0.0097]

12 Sandstone 0.20 [0.019, 0.39] 822.73 [0.037, 9599.8]
13 Shale 0.019 [0.002,0.037]  7.87e-4 [0, 0.0078]

14 Sandstone 0.20 [0.02, 0.40] 910.26 [0.043, 11269]
15 Shale 0.019 [0.003,0.036]  8.93e-4 [0, 0.0067]

16 Sandstone 0.19 [0.019, 0.35] 771.31 [0.033, 5152.0]
17 Shale 0.018 [0.003,0.032]  6.68e-4 [0, 0.0035]

18 Sandstone 0.18 [0.019, 0.35] 701.91 [0.035, 5604.5]

In this application, we aim to quantify porosity and CO2 plumes at years 2000, 2003 and
2006 from the base seismic and resistivity surveys at year 1996 (before CO: injection) and
monitor seismic and resistivity surveys of the three years. The area of interest is a sub-region of
the reservoir model around the injector well (dashed red rectangle in Figure 4a). The synthetic
data in the area of interest are simulated in time domain and consist of 120x120x224 grid cells

with lateral resolution of 25 m (downscaled by scatter interpolation in 3-D) and time interval of 1
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ms. Porosity and COz saturations in the area of interest are shown in Figure 3¢ — f. The reference
“true” seismic and resistivity responses predicted by the forward model (Section 2.1) at year
1996, 2000, 2003 and 2006 are shown in Figure 4 — 7. Observations of year 1996 are base
surveys that are acquired before CO: injection, while observations of the latter three years are
monitor surveys aiming to characterize CO:z displacement. The pre-stack seismic data include
near, mid and far stacks corresponding to incidence angles of 12, 24 and 36 degrees, respectively.
The dominant frequencies of wavelets for near, mid and far stacks are 30, 25 and 20 Hz,
respectively. We introduce measurement error to the seismic data by adding Gaussian noise with
zero mean and 0.02 standard deviation to the reflection coefficients and then convolve them with
wavelets. For the resistivity, we add Gaussian noise with zero mean and 0.5 standard deviation in
the common logarithm scale and then smooth it with a Gaussian filter with standard deviation of
3 pixels. This represents for example, resistivity that would be available from an inversion of
CSEM data. The implementation details and the parameters of the reference models and

geophysical observations are included in the code.
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297  Figure 4. Observations of year 1996 (base survey): (a) near seismic stack; (b) mid seismic stack; (c) far

298  seismic stack; (d) resistivity data.
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Figure 7. Observations of year 2006 (monitor survey): (a) near seismic stack; (b) mid seismic stack; (c)

far seismic stack; (d) resistivity data.

Figure 8 shows the seismic and resistivity responses as function of the change in CO2

saturation and the sensitivity of P-impedance and resistivity to COz saturation. In this case, it will

be hard to detect CO2 saturation changes above 0.3 using time-lapse seismic data. Inversion of

seismic data alone can predict the porosity model and roughly delineate the CO2 plumes, but the

COz saturations are obviously underestimated. Instead, time-lapse resistivity data are highly

sensitive to changes in fluid volumes but the spatial resolution of the resistivity measurements is

limited and the coupling of porosity and the CO2 saturation in Equation 2 makes the inversion of
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resistivity data by itself highly uncertain. The inverted results using only one type of data, i.e.,

seismic or resistivity data alone, are shown in Figure 9 and 10.
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The proposed differentiable physics model provides an efficient way to jointly invert time-
lapse seismic and resistivity data for the simultaneous prediction of porosity and COz saturations.
Figure 11a — d shows the inverted models of porosity and CO: saturations at years 2000, 2003
and 2006. Compared to the reference models in Figure 3, the predicted porosity and CO2
saturations accurately match the true model. The R? score of porosity is 0.92 and of CO:
saturations are 0.90, 0.92 and 0.92 for the three years under examination. Figure 11e and 11f
show the global model parameters, i.e., critical porosity, coordination number, cementation and
saturation exponent, with associated uncertainties predicted by the BNN. The mean values of the
predicted global parameters are close to the true parameters used to generate the synthetic data.
Unlike traditional trace-by-trace inversion algorithms, the proposed model predicts geologically
consistent and spatially continuous models, thanks to the simultaneous inversion in 4-D and the
prior information encoded in the CNN for model re-parameterization (Zhu et al., 2022). The total
loss defined by Equation 7 and the MSE between the predicted and true data over iterations are
shown in Figure 12. The other advantage of the proposed method is the computational efficiency.
The inversion takes approximately 2.2 hours with an Intel Xeon E5-1650 CPU and the
computing time is further reduced to 15 minutes with a Nvidia GTX 1080 GPU. Overall, the
proposed inversion model shows great promises for joint geophysical monitoring for CO2 storage
and could be applied to any large scale geophysical inverse problem with noisy data from

multiple sources.
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4. Discussion

The differentiable physics model provides a promising tool for joint inversion of large
geophysical data for GCS monitoring. The synthetic example focuses on the inversion of pre-
stack seismic and resistivity data based on the seismic wave propagation and elastic-electrical
rock physics models and provides an accurate validation of the approach. The proposed model
can be also extended to the inversion and assimilation of other data types and other geophysical
operators, including, for example, seismic angle gathers with full waveform inversion or
amplitude and phase measurements of electromagnetic fields with electromagnetic wave
propagation models by implementing the forward operators according to the differentiable
programming approach. According to the proposed model, the gradients of the forward operators
can be efficiently evaluated by automatic differentiation and the computational effort can be
deployed to high-performance computing platforms (e.g., GPUs). One potential limitation of the

proposed model is the high demand for computing resources in cases with extremely large
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geological models and geophysical data (up to billions of grids), especially when involving
computationally intensive forward modeling. A possible solution might include the integration of

PINNSs and deep-learning surrogate models into the inversion model.

5. Conclusion

A novel inversion model has been developed for the joint inversion of large-scale
geophysical data from different sources and applied to geologic carbon sequestration monitoring.
The proposed model is built upon the technique of differentiable physics with the integration of
deep neural networks for model re-parameterization. Thanks to automatic differentiation and
parallel computing, the inversion is computationally efficient, and all parameters are updated
simultaneously to minimize the loss function through the backpropagation algorithm. Moreover,
the model can also predict global model parameters that are uncertain in the forward model. The
presented approach has been validated on a synthetic example modified from the Sleipner
benchmark model. The inverted models accurately reproduced the actual reference model,
including porosity and time dependent CO2 saturation. We conclude that the proposed model

provides an efficient and accurate tool to assimilate multiphysics data for subsurface monitoring.

Appendix A: Unconsolidated sand model

In the unconsolidated sand model (Dvorkin and Nur 1996), the matrix bulk and shear moduli
(Kmat and py,e) are computed by the Voigt-Reuss-Hill average as function of the mineral
fractions (e.g., clay and quartz volumes), while the moduli of dry rock (Kyy and pyy) at the

critical porosity ¢, are computed using the Hertz-Mindlin equations (Mindlin, 1949)



394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

KHM — i/Pe[n(1_¢0)umat]2’ (A-l)

18[m(1-v)]?
_ 5-4v 3[3Pe[n(1-¢)lmat]?
Ham = 555 \/ 2[n(1-v)> (A2

where P, is the effective pressure, v is the grain Poisson’s ratio and n is the coordination number
(i.e., average number of contacts per grain). Then, the moduli of the dry rock (K., and pgry)
with porosity in the range [0, ¢, ] are obtained by interpolating two end members (matrix and dry

rock moduli at critical porosity) using the modified Hashin-Shtrikman lower bounds (Hashin and

Shtrikman 1963)

3 -9 N\t .
K — %o Po — = A-3
dry (KHM+§#HM * Kmat+§MHM 3 Ham (A-3)
3 N )
o o
= + - - , A-4
Hary (ﬂHM"’%EIlHM Hmat‘*%fMHM) 6 $Ham A4
with
£ = 9Kym+8UHM (A-5)

Kym+24uMm

For the fluid saturated rock, the bulk and shear moduli (K, and pg,,) are computed using

fluid substitution with Gassmann’s equations (Gassmann 1951)

(1_m)2
Kma
Ksat = Kdry + : (A-6)

i+ 1-¢ _Kdry’
Kf Kmat K2t

Hsat = Hdry- (A-7)
where Kjp is the bulk modulus of the fluid phase and it depends on the water and CO: saturations
and their corresponding bulk moduli. Here the bulk moduli of brine water and CO2 are 3.06 and
0.10 GPa, respectively; the density of brine water and CO2 are 1.08 and 0.72 g/cc, respectively

(Davis et al., 2019). Finally, the P- and S-wave velocities can be computed from the moduli by
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Psat
where pg,; is the density of the saturated rock which is weighted average of the matrix density

Pmat and fluid density pg

Psat = 1- ¢)pmat + dpa. (A-10)

Appendix B: Convolution-based seismic model

In the convolution-based seismic wave propagation model (Yilmaz, 2001; Grana et al., 2021),
the seismic response dgeis(x, t,8) is computed by convolving the source wavelet w(8) with a

series of reflectivity coefficients R(x, t, 6) as
dseis (x' t’ 9) = W(H) * R(x) tr 0): (B-l)

where x is the spatial location, t is the two-way vertical seismic travel time and 6 is the angle of
incidence. For pre-stack seismic data, the reflectivity coefficients R(x, t, @) are obtained from the
elastic parameters (P-wave velocity Vp, S-wave velocity Vs, and density p) by the Knott-

Zoeppritz equations (Aki and Richards, 2002)
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—sin 6, —COos ¢, sin 6, cos @,

Rpp(61) cos 6, —sin ¢, cos 0, —sin g, sin 6;
Rps(61) 2 cos 6
— : Vp1 P2Vs,Vp1 . P2Vs2Vpi1 1 B-2
=] sin20 —2cos 2 292 "l6in 20, =2=2*Xcos2 ; ) (B-2)
Tpp(61) 1 Vs1 $1 p1VEVp, 2 p1Ve, ¥2 sin 26,
Vs1 . 14 Vsz .
TPS(BI) — COoS 2¢1 isufl 2§01 pZ_PZCOS 2¢2 _Msln 2§02 Cos Zd)l
Vp1 pP1Vp1 P1Vp1

where 6, is the angle of incidence, 8, is the angle of the transmitted P-wave, ¢, is the angle of
reflected S-wave, and ¢, is the angle of the transmitted S-wave; Rpp(60;), Rps(61), Tpp(6;)
and Tpg(0,) are the reflected P-, reflected S-, transmitted P-, and transmitted S-wave amplitude
coefficients, respectively; the subscripts 1 and 2 represent elastic parameters of the upper and

lower layers, respectively. In this study, we only consider reflected P-wave amplitudes (i.e., Rpp).

Data Availability Statement

The code and data are freely available on the GitHub repository

(https://github.com/theanswer003/JointInvDP) (Liu, 2022).
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