Long term monitoring of geologic sites used for CO, sequestration is an environmental
necessity while ensuring that the injected CO, remains contained in the intended storage formation.
An early warning of any seepage or leakage that might require mitigating action remains one of the
most important aspects of CO, sequestration projects.

Permanent Downhole Gauges (PDG) provide important information for reservoir surveillance
and management. The high-frequency pressure data are generally used for reservoir understanding,
injection performance, and CO, breakthrough. Installation and usage of PDGs has become common
in oil and gas field especially in smart fields because of their improved reliability and valuable
information they provide.

The objective of this study is to introduce a new technique to detect CO, seepage in a
sequestration project by analyzing the high-frequency pressure data received from PDGs. In this
work, the reservoir is being monitored after the sequestration is completed and all the wells have
been shut-in. A Surrogate Reservoir Model (SRM) is developed that analyzes the Bottom-Hole
Pressure (BHP) data received from the sensors. By analyzing these data, the SRM is able to
approximate the location and predict the amount of the seepage. The developed SRM is able to
receive and analyze the high-frequency data and perform uncertainty analysis on the reservoir
properties and their effect on the predictions.

For this study, a simple homogenous reservoir was builtin CMG-IMEX commercial reservoir
simulator. The reservoir is built on a 50x50x1 grid system. Some of the reservoir properties are
shown on Table 1.

Table 1 shows some of reservoir properties

Property Value Unit
Top Depth 1000 ft
Thickness 10 ft

Porosity 10 %
Permeability 20 mD
Initial Reservoir Pressure 770 psia
Area 574 Acres
Start of Jan-1-2000 Date
Start of Seepage Feb-1-2000 Date
Time 1 Year

Seepage was introduced to the reservoir by creating a small P between the reservoir and an
abandoned well. The range of P values used in this study was between 0.1 and 10 psia. In this
study, the seepage was introduced one month after the simulation started. Reservoir pressure and
seepage rate data were collected on a daily basis.

An array of pressure sensors was put in the reservoir and pressure data was collected daily. In
the reservoir under study, a total of 16 sensors were equally spaced in order to cover the entire
reservoir area. Fig. 1 shows the configuration of the sensors in the reservoir.

Figure 1 shows the sensors’ configuration in the reservoir.

The objective of developing the SRM in this study was to have a model that can receive real-
time pressure data from PDGs and estimate the location and rate of the CO, seepage that exists in
the reservoir. In this stage, daily pressure data was used for the SRM development.

Based on the objective of the study, realizations were designed in a way to show the effect of
seepage location and rate on the pressure data received from the PDGs. A total of 13 models were
built, in which both seepage location and rate values were differentin each model.

After running each model in CMG-IMEX, pressure values from the sensors were exported as a
function of time. The amount of seepage during the simulation time (a total of 11 months of seepage)
was also extracted as a function of time. The pressure data were used as the input to the network.
The output was seepage location and total seepage. Fig. 2 shows the schematic of the neural
network architecture.
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Figure 2 shows the architecture of the ANN (Back-Propagation Neural Net) used in this study.

In this architecture, the ANN consists of 17 input neurons, 31 hidden neurons, and 3 output
neurons. The three outputs are seepage location in polar coordinate system (distance from top-left
corner of the reservoir and seepage location angle with respect to horizon), and cumulative seepage.

As it is shown from the verification results, the SRM predicted the outputs with a high accuracy.
Notice that the SRM was trained using only 10% of the dataset. The R? obtained by the SRM from the
verification dataset was more than 0.98 for all three outputs (an R? of 1 means 100% accuracy in
prediction).
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Figure 4 shows that the SRM does not correctly predict
any seepage before Feb-1-2000.
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Figure 5 shows the SRM prediction 4 days after seepage
occurred in the reservoir.

Figure 6 shows the SRM prediction 15 days after seepage
occurred in the reservoir.

Figure 7 shows the SRM prediction of seepage at the end
of simulation.

Figure 3 shows the results from the verification set for seepage distance from the origin

In order to better visualize the operation of the SRM, Figs. 4 through 7 show SRM predictions in

four different times throughout the simulation. Fig. 4 shows that the SRM has not predicted any seepage

occurring in the reservoir before 2/1/2000. Once the seepage starts somewhere in the reservoir,
pressure sensors will receive a pressure change depending on their distance from the seepage and the

reservoir characteristics between the sensor and seepage. Based on the pressure change and reservoir

characteristics, which are inputs to the SRM, the SRM predicts the location of the seepage along with
cumulative seepage.

CO, seepage is detected by analyzing the high frequency data received from Permanent
Down-Hole Gauges.

The developed SRM is capable of approximating the location of seepage and amount of gas
escaped from the formation.

Uncertainty Analysis can be performed using the developed SRM.

SRMs can be a powerful tool for real-time reservoir monitoring and uncertainty analysis.




