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１．Introduction 

 Geological CO2 storage (GCS) in subsurface aquifers has been proposed as a near-term 

solution for reducing CO2 emission. In GCS projects, understanding reservoir 

permeability structure is important for the designing of CO2 injection profile and the 

modeling and prediction of the flow behavior of injection CO2. However, obtaining of 

the reservoir permeability profile is not easy. From conventional well testing methods 

based on pressure measurement, only the discrete permeability at selected depth 

intervals can be estimated.  

 The distributed fiber optic strain sensing (DFOSS) tool now can accurately measure 

rock deformation (e.g., 1 µε) induced by pore pressure change along a vertical wellbore 

with a remarkably high spatial resolution (~cm). Since the pressure change and the 

deformation are near-linearly related under small perturbations (e.g., the Biot's 

static poroelasticity principle), the strain change contains the information of the 

pressure change and reservoir permeability. Our previous study (Zhang et al. 2021) has 

demonstrated that the distributed strain data can be used for inversely estimating 

fine-scale reservoir permeability structure.  

 Albeit the success, in the study, there was a problem that the forward run using the 

finite element method is quite slow. This makes it hard to do inverse modeling and 

apply the method to more complex models. In this project, we aim to investigate the 

Physics-informed deep learning (or physics informed neural networks, PINNs) method for 

solving the inversion problem and estimate the reservoir permeability structure from 

distributed strain data. PINNs are neural networks that are trained to satisfy physical 

equations, such as the poroelasticity equation that relates pressure and deformation 

in porous media. By using PINNs, we may be able to avoid the expensive and slow forward 

runs of the finite element method, and instead use the neural network to simultaneously 

fit both the equations and strain data. The main steps of our method are: 

Step 1: Construct the PINNs based model for poroelasticity equations using SCIANN 

libs (e.g. a TensorFlow wrapper for PINNs). 

Step 2: Benchmark the PINNs poroelasticity model with the analytical solution of 
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Barry-Mercer fluid injection problem. 

Step 3: Modify the PINNs model to cylindrical coordinates and perform the modeling 

for a water pumping problem with the synthetic distributed strain data. Minimize 

the loss function of the PINN, which consists of the mean squared error between 

the network output and the physical equation, the data mismatch term. Obtain the 

estimated permeability structure from the trained PINN. 

 

２．Mathematical equations 

The equations of Biot’s quasi-static poroelasticity for the hydraulic and mechanical 

problem are as follows: 
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where  𝜕𝜕 is the fluid pressure, 𝑀𝑀 is the Biot modulus, 𝑘𝑘 is the permeability, 𝜇𝜇 is 
the fluid viscosity, 𝑏𝑏 is the Biot coefficient, 𝑢𝑢 is the displacement.  
Following Haghighat et al. (2022) and Amini et al. (2023), in the non-dimensional 

forms (in cartesian coordinates), the above equations can be written as: 
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where the overline denotes that the variable is dimensionless, 𝐾𝐾𝑑𝑑𝑑𝑑 is the drained bulk 
modulus, 𝜖𝜖𝑣𝑣 is the dimensionless volumetric strain, 𝑓𝑓 is the body force term.  For the 
aquifer well testing setting in this study, we rewrite the hydraulic and mechanical 

equations to the forms in cylindrical (2DRZ) coordinates.  

 

Figure 1. A schematic of a PINN for solving general PDEs (Peng et al. 2021). 

 

The solution space of the PDEs are approximated using deep neural networks (Figure 

1). Considering a PDE 𝒫𝒫𝑢𝑢(𝒙𝒙, 𝜕𝜕) = 𝑓𝑓(𝒙𝒙, 𝜕𝜕) in the domain Ω × 𝑇𝑇, by PINNS, the variable 
𝑢𝑢(𝒙𝒙, 𝜕𝜕) is approximated by a set of deep neural networks as 𝑢𝑢(𝒙𝒙, 𝜕𝜕) ≈ �̃�𝑢(𝒙𝒙, 𝜕𝜕) = 𝒩𝒩𝓊𝓊(𝒙𝒙, 𝜕𝜕;𝜽𝜽). 
We put the hydraulic and mechanical equations and initial/boundary conditions as the 
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constraint (or the loss function) terms of the deep neural networks. The loss function 

is:  

ℒ(𝒙𝒙, 𝑡𝑡;𝜽𝜽) = 𝜆𝜆1|𝒫𝒫�̃�𝑢(𝒙𝒙, 𝑡𝑡) − 𝑓𝑓(𝒙𝒙, 𝑡𝑡)|
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Γ𝐷𝐷×𝑇𝑇 

 +𝜆𝜆3|�̃�𝑞(𝒙𝒙, 𝑡𝑡) − 𝑔𝑔𝑁𝑁(𝒙𝒙, 𝑡𝑡)|Γ𝑁𝑁×𝑇𝑇 
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Ω×𝑇𝑇0 

where 𝜆𝜆i is the weight of each term (the PDE, Dirichlet and Neumann boundary conditions, 
and initial condition). The training process is to find the “best-fit” approximated 

solution through minimizing the total loss function on the sampling points. Using the 

approach proposed by Haghighat et al. (2022), we sequentially train the hydraulic and 

mechanical networks to let the networks approximate the coupled hydro-mechanical system 

and improve the convergence. We have tested three problems: (1) the time-dependent, 

uniform, Barry-Mercer fluid injection problem; (2) a synthetic, time-independent, 

layered aquifer fluid pumping model; and (3) a synthetic, time-dependent, layered 

aquifer fluid pumping model. 

  

 

３．Challenges and Results 

 

(1) Barry-Mercer fluid injection problem 
Referring to Amini et al. (2023), we set the fluid injection/production well at point 

(x=0.25, y=0.25), and we use “observation” data at point (x=0.75, y=0.75). We use 

a structured sampling grid and sequential strategy to train the problem. The results 

(Figure 2) reveal that the PINNs can well model the fluid injection/production 

resulted mechanical responses. Using the displacement or strain records, the 

permeability of the media can be inversely estimated with the training process. 

 

Figure 2. (a)The setting of the Barry-Mercer fluid injection problem with an 

injection well and observation point.(b)The PINNs modeled vertical displacement can 

be well matched at the observation point to the analytical solution. (c) The 

inversely estimated permeability as a function of training epochs.  
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(2) Synthetic aquifer testing model （steady state） 

Next, we test the PINNs for a synthetic 2D cylindrical (2DRZ) aquifer water pumping 

model. The model is similar to those in common aquifer testing setting, but with an 

observation well installed with a distributed strain sensing tool, which can provide 

the entire profile of the vertical strain along the well, representing the aquifer 

strain. In the model, we divide the target formation (ROI) as 80 layers with different 

permeability values. To reduce the model training difficulty, we first only consider 

a steady-state case, in which no temporal change is considered. The results (Figure 

3) suggest the PINNs model can well estimate the permeability profile for most parts 

of the target formation except those near upper and lower boundaries, where large 

errors exist.   

 

Figure 3. (a)The setting of the aquifer water pumping problem with a pumping well 

and an observation well (Zhang et al. 2021).(b) The inversely estimated permeability 

profile compared with the input permeability profile for synthetic model.  

 

(3) Synthetic aquifer testing model （time-dependent） 

The model setting is same as case (2) but consider the time-dependent changes. For 

this case, although we have applied the techniques such as the sequential training, 

nondimensionalization and adaptive weight strategy, we are not successful in the 

training process for time-dependent and heterogeneous field model. We find that the 

training process for time-dependent heterogeneous parameter field model of PINNs is 

a non-trivial optimization task. The loss of the training process is very unstable. 

The reason may be because we use less sampling points. However, increasing sampling 

points make the training very time consuming and become impractical for our purpose. 

I am still making effort to improve the training process by changing the network 

architecture or using transfer learning.  
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5．Conclusions 

In this short report, we presented our preliminary results using PINNs method for 

modeling the hydromechanical coupled problem and parameter estimation. We find the 

PINNs method can accurately fit the simple uniform model. A useful characteristic of 

PINNs is that it likes a many-dimensional fitting problem--it not only fits the PDEs 

but also simultaneously fits the parameter with the measurement data. Therefore, an 

inverse modeling can implicitly and one-shot solved within the same training process 

of the PINNs. This way greatly benefits the inverse modeling compared with conventional 

gradient-based inverse modeling approaches, which needs many times of forward modeling 

and construction of Jacobian matrix, explicitly. 

However, for completed heterogeneous model, this study finds that the training process 

is quite difficult for using the current network architecture. In addition, the training 

process is not transparent and readily controlled as in common gradient-based inversion 

methods. More investigations are needed to improve the network setting and training 

techniques. 
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を行った。 

 

４．結果と考察 

 三章の手法に二章のデータを適用して得られた構造推定結果を第二図に示す。第二図には構造

推定結果の他にも理論的な解像度テストの結果を、解像度が低い領域をグレーアウト、解像度が

高い領域を白抜きで示してある。 

 まず、Vs・Vp の解像度の差異に着目すると、本研究のデータセットでは Vs は広い領域で高い

解像度を示しているのに対して、Vp については P 波が密にサンプルする領域(第一図参照)のみ

高い解像度を有している。これは P波のデータセット数が S波に比べて少ないことに起因すると

考えられるため、現在は Vp の解像度向上を目指して P波データを追加で収集している。 

 次に構造推定結果に着目をする。まず Vs については CMB 直上 0-50 km の領域では中米下とベ

ネズエラ下に二つの高速度不均質構造が、その間およびメキシコ下に低速度不均質構造が存在し

ている。このうち中米下の高速度不均質構造については北上しながら CMB 直上 400 km まで続い

ている。また、二つの高速度不均質の間に存在した低速度不均質構造についてもおおよそ同じ位

置を保ったまま CMB 直上 400 km まで続いていることが読み取れる。これにより CMB 直上 200-

400 km の領域については概して西側で高速度不均質、東側で低速度不均質構造を示している。 

 同様に Vp の構造推定結果の特徴を挙げて行く。CMB 直上 0-50 km の領域では Vs と同様に中米

下に高速度不均質が、その東側に低速度不均質が存在している。高速度不均質については東側に

広がりながら CMB 直上 400 km まで続いているのに対して、低速度不均質は CMB 直上 150 km まで

続いた後にそれ以浅では消失している。よって CMB 直上 200-400 km の領域では概して巨大な高

速度不均質構造が広がっていることが確認される。 

 以降では推定モデルを地質学的に解釈してゆく。まず、CMB 直上 400 km から CMB 直上 0 km ま

で続く Vs と Vp が両方とも高速度異常を示す西側領域については沈み込み Farallonスラブと考

えられる。Vs・Vp の両者が高速度であることから、摂動の原因はおおよそ低温異常のみで説明で

きる 15うえ、この高速度異常の位置は過去の走時トモグラフィー16で解像された下部マントル領

域の沈み込みスラブの位置および 150 Maの Farallonプレート境界の位置 17と調和的である。従

って、この領域は沈み込み Farallon スラブが由来の低温異常領域であると解釈される。次に、

CMB 直上 200-400 km の領域における Vs は低速度、Vp は高速度異常を示す東側領域の解釈を行

う。Vs・Vp 不均質が負相関となるには温度異常のみでの説明は不可能であり、化学組成異常の効

果も考える必要がある。温度異常のみを考慮した場合、高温異常では Vs・Vp は共に高速度に、

低温異常では Vs・Vp は共に低速度不均質を発生させる為、いずれの場合も Vs・Vp 不均質は正相

関を示してしまう 15。また、化学組成不均質を考える場合も鉄やアルミニウムなどの不純物の効

果のみでは Vs・Vp 不均質の負相関は実現し得ない 18。これを達成する可能性がある候補として

鉱物物理学の研究から中央海嶺玄武岩(MORB)成分が提案されている。最下部マントル条件下では

ブリッジマナイト-ポストペロブスカイト相転移の影響も加味すると MORB 成分はパイロライト

成分と比較して Vs が低速度、Vp が高速度となることが報告されている 19。よって、CMB 直上 200-

400 km の東側領域の解釈として MORB物質が濃集している可能性があげられる。 

 

５．まとめ 

 本研究では波形インバージョン法を拡張することで中米下 D″領域の Vs・Vp 構造推定を行っ 


