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Long term monitoring of geologic sites used for CO2 sequestration is an environmental necessity 

while ensuring that the injected CO2 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 CO2 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 CO2 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 CO2 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 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 also able to perform uncertainty analysis on the reservoir 
properties and their effect on the predictions.  
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The amount of CO2 in the earth’s atmosphere has risen considerably especially within the past 60 

years mostly due to the burning of fossil fuels (1).  The increasing concentration of carbon dioxide in the 
atmosphere has resulted in a need to capture and sequester this greenhouse gas.  Sequestration of CO2 in 
geologic formations is one of the options currently being studied to reduce the amount of CO2 released 
in the atmosphere.  Coalbed methane reservoirs are among the geologic formations that are used for CO2 
sequestration.  CBM reservoirs are good candidates for CO2 sequestration for several reasons:  

·  They are usually located near the CO2 emission resources such as power plants. 
·  CO2 has more affinity to coal than CH4. CO2 will push methane out of the coal matrix and 

adsorbs to the matrix walls, therefore being sequestered in the coal.  
·  CO2 injection into coal enhances methane recovery. 

 
CO2 leakage from the reservoir can occur through or along abandoned wells, faults, fractures, or 

the cap rock failure.  CO2 monitoring is needed to ensure that CO2 sequestration will be a safe, effective, 
and acceptable greenhouse gas mitigation option (2).   

Different monitoring techniques can be used to provide insight in the risks of CO2 sequestration.  
These techniques can be divided as follow (3), (4): 

·  Devices to measure CO2 flow rate, injection and formation pressures. 
·  Direct measurement methods for CO2 detection in air, water or soils, including sensors, remote 

sensing, geochemical methods, and tracers. 
·  Indirect measurement methods for CO2 plume detection (to track migration of CO2 plume in 

locations where there are no monitoring wells).  These methods include well logs, geophysical 
methods (seismic, electromagnetic, and gravity) and satellite and airplane based monitoring.  
Geophysical monitoring techniques are commonly applied in the oil and gas industry.  Among 
these techniques, seismic surveys are the most highly developed and can cover a large area with 
high resolution.  The weakness of seismic survey is its difficulty in quantifying the amount of 
CO2 that is present and the rate of CO2 seepage (if it occurs).  
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·  For monitoring earthquakes, subsidence, and uplift, the use of tilt meters or a water-leveling 
network in combination with satellite radar observations is recommended. 

Benson and Myer (3) suggested that by combining geophysical measurements with other techniques, 
such as formation pressure measurements and reservoir simulation, it will be possible to obtain more 
quantitative estimates of seepage rates. 

An early warning of a CO2 seepage that might require mitigating action remains one of the most 
important aspects of CO2 sequestration and monitoring projects.  With the availability of reliable PDGs, 
high-frequency pressure data can be used for real-time, continuous reservoir monitoring and therefore, 
early CO2 seepage detection.  Artificial Neural Networks (ANN) can used for real-time data analysis and 
seepage detection.   

In this paper, high-frequency pressure data is used to detect CO2 seepage (if there is any seepage), 
estimate the location of the seepage, and estimate the rate at which the CO2 is escaping from the 
formation.  The SRM developed for this purpose can receive the high-frequency pressure data (as this 
data becomes available) and detect CO2 seepage.  The high speed of the SRM in analyzing the data 
allows for real-time monitoring of the formation and performing Monte Carlo Simulation (MCS).  MCS 
is a technique for quantifying the uncertainties associated with the input data, where thousands of 
simulation runs are required in order to provide a meaningful conclusion.   

A conventional technique used in the oil and gas industry to quantify uncertainties is based on 
geostatistics.  A common method used for uncertainty analysis is Response Surface Models (5).  
Although in this technique, several methods are used to reduce the number of realizations required to 
generate the response surface, a large number of runs is still required.  One of the advantages of using 
the SRM technique is the small number of realizations that is required to develop the SRM.  This is due 
to the fact that during the development of the SRM, a new non-physics based and non-deterministic 
relationship between the resulting outputs and the input parameters is established in a way that the 
integrity of the entire process is preserved within the definition of the System Theory (6). 
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An Artificial Neural Network (ANN) is a mathematical or computation model inspired by 

biological neural system.  Dr. Robert Hecht-Nielsen, the inventor of one of the first commercial neuro-
computers has defined neural network as a computing system made up of a number of simple, highly, 
interconnected processing elements, which processes information by its dynamic state response to 
external inputs (7).   

ANNs are universal approximators and they work best if the system we are modeling has a high 
tolerance to error.  ANNs can be used to capture associations or discover relationships between variables 
that are vaguely understood, or the relationships that are difficult to describe adequately with 
conventional approaches (8).   

ANNs are gaining popularity especially in the oil and gas industry.  They can address some 
fundamental petroleum engineering problems as well as specific ones, which conventional computing 
has been unable to solve.  Neural networks can help petroleum engineers when the problem in hand can 
be addressed through pattern recognition.  They can also be a valuable tool to solve problems and find 
relations in the data where adequate engineering data are not available, but where large amount of 
historical data can be acquired (9). 

Back-Propagation Neural Network (BPNN) is a popular multi-layer topology in Artificial 
Intelligence (AI) and is capable of computing a wider range of Boolean functions when compared to 
networks with a single layer of computing units.  The BP algorithm looks for the minimum of the error 
function in weight space using the method of gradient descent.  The combination of weights which 
minimizes the error function is considered to be a solution of the learning problem (10). 
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For this study, a simple homogenous reservoir was built in CMG-IMEX (11) commercial reservoir 

simulator.  The reservoir is built on a 50×50×1 grid system.  Some of the reservoir properties are shown 
in Table 1. 
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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.  Seepage 
started one month after the beginning of simulation.  Reservoir pressure and seepage rate data were 
collected on a daily basis. 
An array of pressure sensors was put in the reservoir and daily pressure data were collected.  A total of 
16 sensors were equally spaced in order to cover the entire area of the reservoir.  Figure 1 shows the 
configuration of the sensors in the reservoir. 
 

Sensor_001 Sensor_002 Sensor_003 Sensor_004

Sensor_005 Sensor_006 Sensor_007 Sensor_008

Sensor_009 Sensor_010 Sensor_011 Sensor_012

Sensor_013 Sensor_014 Sensor_015 Sensor_016
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As mentioned earlier, the purpose of developing the SRM was to detect CO2 seepage by 
analyzing the daily pressure data received DGs and estimate the location and rate of the CO2 seepage.   
   

Since the objective of the SRM was to estimate the location and rate of the seepage, realizations 
were built as such to show the effect of seepage location and rate on the pressure data received by the 

Pressure Sensor 
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PDGs.  A total of 13 models were built, in which both seepage location and rate values were different in 
each model.   

After running all models 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.  
Reservoir characteristics such as porosity or permeability were not used in training the SRM since the 
reservoir was homogeneous (constant porosity, permeability, thickness, etc.).  The output was seepage 
location and total amount of seepage.  Figure 2 shows the schematic of the neural network architecture.   
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In this architecture, the ANN has 17 input neurons, 31 hidden neurons, and 3 output neurons.  

The three outputs are seepage location in polar coordinate system (r and � �from the top-left corner of the 
reservoir) and cumulative seepage.  Table 2 shows the input and output data used for SRM development. 
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After the SRM training is completed, the model is tested with some seepage cases that the 
network has not seen before throughout the training process (blind data).  Results of the SRM are 
provided in the next section. 
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In this section, the results of the model developed for CO2 seepage detection are provided.  

Figure 3 through 5 show the results from the verification set for seepage distance, seepage angle, and 
total seepage respectively. 
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As the verification results show, the SRM predicted the outputs with a high accuracy.  Notice 

that the SRM was trained using only 10% of the dataset.  The R2 obtained by the SRM from the 
verification dataset was more than 0.98 for all three outputs (an R2 of 1 means 100% accuracy in 
prediction). 

In order to better visualize the operation of the SRM, Figs. 6 through 9 show SRM predictions 
in four different times throughout the simulation.  Fig. 6 shows that the SRM correctly has not predicted 
any seepage in the reservoir before 2/1/2000. 
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At the end of the year, SRM predicted the cumulative seepage with more than 98% accuracy. 

The SRM is trained to predict seepage with daily pressure data.  It is predicted that the SRM’s prediction 
will improve when higher resolution data (hourly) is used.   
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 CO2 seepage is detected by analyzing the high frequency pressure data received from permanent 
downhole gauges.  A Surrogate Reservoir Model is developed to receive the high-frequency data and 
detect whether CO2 seepage is happening and if so, at what extent.  Uncertainty analysis is also possible 
using the developed SRM since thousands of runs can be performed in seconds.  SRMs can be a 
powerful tool for real-time reservoir monitoring and uncertainty analysis. 
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