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Deep Learning Solves Complex Physics With an Example of CO2 Mineralization 

Zeeshan Tariq, Bicheng Yan*, King Abdullah University of Science and Technology 

Editor’s Note: This article expands on a paper recently presented by the authors at the SPE Reservoir 

Characterisation and Simulation Conference and Exhibition in Abu Dhabi, UAE, in January 2023 (Tariq 

et al., 2023a) . Another version has been recently published in the Fuel 

(https://doi.org/10.1016/j.fuel.2023.127677) 

1. Motivation 

In geological carbon sequestration (GCS), mineralization is a secure trapping mechanism of carbon dioxide 

(CO2) to prevent potential leakage at a later period of the GCS project. Modeling the mineralization 

mechanism during GCS relies on numerical reservoir simulation, but the computational cost is prohibitively 

high due to the interplay of multiphase flow and geochemistry processes. In this work, we have developed 

a deep learning (DL) approach to effectively predict the dissolution and precipitation of various minerals 

during CO2 injection into deep saline aquifers. We highlight that a sequential DL coupling strategy is 

adopted to predict the global mole fraction of CO2 first and further use it for mineralization prediction, 

which is inspired by the inherent physics during GCS. The workflow is able to intake different rock 

properties and well controls to accurately forcast mineral distribution at different time steps. 

2. The Role of Deep Learning in Mineralization Prediction 

2.1 The Physics behind CO2 Mineral Trapping 

GCS in sedimentary reservoirs is considered a primary carbon mitigation strategy to reduce atmospheric 

emissions of CO2. Carbon mineralization occurs in the later period of GCS, when CO2 reacts with reservoir 

formations, various ions (e.g., bicarbonate, carbonate and hydrogen) can be generated to alter the pH, and 

this leads to several geochemical reactions such as dissolution and precipitation of different minerals. 

Therefore, the mineral trapping of CO2 highly relies on the host rock mineralogy. As CO2 is ultimately 

converted into solid minerals, it is considered one of the most secure carbon storage mechanisms to ensure 

the containment of CO2 in the host rock in the long term. The mineralization during GCS involves coupling 

multi-phase flow and geochemical reactions in porous media, and it theoretically covers a large time scale 

(10 to 10,000 years) (Benson et al., 2005). This process is governed by coupled partial differential equations 

(Tariq et al., 2023b), which are often computationally expensive to solve by traditional reservoir simulation 

approaches. 

2.2 A New Solution Based on Deep Learning 
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Deep learning (DL) has demonstrated its predictive capability to simulate nonlinear physical processes and 

its unparalleled computational efficiency. To cope with the computational bottleneck for mineralization 

modeling, a new deep learning workflow is introduced to predict mineral dissolution and precipitation 

patterns across different time-space scales based on the input of rock permeability, porosity, well 

perforation depth, injection rate and time. As this is a highly coupled process, it is not a straightforward 

mapping from the input features to the output labels. For instance, the mineralization mainly happens when 

the CO2 is dissolved in the brine and gets in contact with minerals, and thus the shape of mineral distribution 

is very similar to that of CO2 (Figure 1). However, the global mole fraction of CO2 itself is unknown but 

highly related to the aforementioned input features. Therefore, instead of predicting mineralization in one 

shot, we develop the first DL model to predict the global mole fraction of CO2, and then treat this as one of 

the input features for the second DL model to further predict mineralization. This is why we call it a 

sequentially coupled DL workflow. 

 

Figure 2. The similarity between the global mole fraction of CO2 (upper) and minerals (lower). 

The training data of the DL workflow was generated by the the CMG-GEM reservoir simulator (CMG, 

2022). A radial reservoir model with a single well with heterogeneous rock properties was built to consider 

both multiphase compositional flow and geochemical reactions. We simulate the injection of super-critical 

CO2 continuously through a vertical injection well, which is perforated over the selected depth interval. 

This injection lasts 30 years at a constant rate ranging from 0.5 to 5 metric tonnes per year, followed by 

monitoring the movement of the CO2 plume for the next 170 years, in total 200 years. Further, we wrangle 
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the simulation dataset and save it in a centralized database (HDF5 file in this case) to support the DL training 

procedure. 

The DL models are developed based on the state-of-the-art Fourier Neural Operator (FNO) (Li et al., 2021). 

It was inspired by Green's function approach, which uses a fast Fourier transform to take physics-based 

features to derive a prediction. A typical FNO architecture has four Fourier layers. Each layer includes the 

Fourier transform, inverse transform, and some cross-layer linking transformations. The architecture of 

FNO is based on image-to-image convolutional neural networks, which have already been demonstrated to 

successfully predict state variables following spatial-temporal patterns in our previous work (Yan et al., 

2022b, 2022c, 2022a). 

 

Figure 2. The DL workflow to predict mineral precipitation and dissolution in deep saline aquifers 

Notice that the philosophy to train and predict with the two different DL models for global mole fraction 

of CO2 and mineralization is basically the same.  To avoid redundancy, we only illustrate the whole 

procedure for the more interesting DL model for mineralization in Figure 2. In Step 1 we assemble 

reservoir model parameters, including permeability, porosity, grid pore volume, injection perforation and 

time, and the predicted global mole fraction of CO2 from the first DL model (optional). Step 2 is to train 

the DL model for mineralization in a Graphic Processing Unit (GPU) for more efficient training. In Step 3, 

the trained models are able to predict mineral distributions, for instance anorthite, kaolinite, and calcite. 

3. Results and Discussion 

The first DL model maps reservoir model parameters to the global mole fraction of CO2 without relying on 

any intermediate variables. Figure 3 shows the example of the global mole fraction of CO2 after 200 years. 

The R2 score for the prediction of snapshots compared to CMG simulation is 0.97, and the similarity index 
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between DL and CMG is 0.95, which indicates that DL prediction is very close to CMG simulation results. 

After 200 years, CO2 doesn’t migrate significantly far but stays close to the near-well zone, and the shape 

of the CO2 concentration is mainly due to the effect of heterogeneous permeability field.  

 

Figure 3. An example to demonstrate the prediction accuracy of global mole fraction of CO2 by DL. 

Left: simulation; middle: DL; right: absolute residual error. 

The first DL further provides its prediction of the global mole fraction of CO2 as an input for the second 

DL. In Figure 4, we present the comparison of the calcite mineral prediction from the second DL and CMG 

simulation results. When predicting without the global mole fraction of CO2, the calcite mineral prediction 

by FNO is poor with R2 score as low as 0.530. However, the effort to train the first DL is decently repaid 

by the significantly improved accuracy in predicting the same mineral here, with R2 reaching up to 0.930. 

This is an excellent example to show that an in-depth understanding of physics is essential when we use 

DL to predict complex physics processes. 

 

Figure 4. Parity Plot of calcite mineralization without (left) and with (right) CO2 mole fraction 

In Figure 5, we present the anorthite mineralization in both the injection and post-injection periods; only 

the dissolution of an anorthite mineral was observed. It compares the CMG results and DL(FNO) 

predictions, respectively. The first column shows the ground truth values from the CMG-GEM simulator, 

the second column shows the FNO predicted anorthite values, and the third column shows the FNO error. 

The rows show the values at four different times: 10 years (early), 30 years (end of injection), 121 years 

(middle), and 200 years (end of monitoring). The results are based on a randomly selected testing case No. 



550. The DL predictions tend to be more accurate after 30 years, when the mineralization plumes become 

larger.  

 

Figure 3. Numerical simulated ground truth and Deep Neural Network (FNO) predicted values of 

anorthite mineral concentration for case No. 550 

The second mineral was kaolinite. In contrast with anorthite, precipitation dominates during the GCS 

process. In the same configuration of plots, Figure 6 shows the comparison between the ground truth and 

FNO. Similarly, we clearly observe that the results are more accurate in the later time periods. The results 

here demonstrate that the DL workflow works well when predicting both precipitation and dissolution 

processes. 



 

Figure 4. Numerical simulated ground truth and Deep Neural Network (FNO) predicted values of 

kaolinite mineral concentration for case No. 550 

 

4. Summary 

CO2 mineralization during geological carbon sequestration is a complex physics process, involving multi-

phase compositional flow and geochemistry reactive transport. In this work, we developed a first-of-its-

kind efficient and accurate deep learning workflow to predict the process based on different reservoir, well, 

and fluid parameters. In contrast with regular one-shot DL workflows, we demonstrated here that a 

sequential coupled DL workflow works much better to predict the mineralization process in GCS, since the 

process is highly coupled between multiphase flow and geochemistry reaction in porous media. Specifically 

the global mole fraction of CO2 is mainly impacted by multiphase flow, yet the mineralization is controlled 

by geochemistry reaction. Understanding the complexity helps us to estabilish a more robust DL workflow. 

The computational efficiency from the DL workflow is significant, which provides 18,000 times faster 



prediction than CMG simulation. Therefore, the DL workflow can be used as a more efficient alternative 

predictive tool for mineralization compared to classic reservoir simulators.  
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