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1. Introduction

The life of an oil and gas reservoir goes through 
different production stages, namely primary, secondary, 
and tertiary recovery. Primary recovery is carried out 
by naturally initial reservoir drive energy such as rock 
and fluid expansion, solution gas, water influx, gas cap 
or gravity drainage. Secondary recovery requires the 
injection of external fluid (water or gas) mainly for the 
purpose of pressure maintenance and volumetric sweep 
efficiency. The tertiary stage refers to recovery by injection 
of more special fluids such as chemical, miscible gases or 
thermal energy after the secondary. 

EOR is an essential technique for extending the 
lifetime of reservoirs, especially for mature oil fields where 
productivity has declined or the reservoir pressure rapidly 
reduces. EOR may include physical, mechanical and 
chemical processes, such as infill drilling, waterflooding, 
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gas and/or chemical injection. There are more than 20 
EOR techniques which are classified as thermal (steam 
flooding, in-situ combustion) and nonthermal methods 
including chemical (polymer, surfactant, polymer/
surfactant) and miscible (hydrocarbon gas, CO2, and 
nitrogen injection)  [1].

Generally, by applying various EOR technologies 
to different oil fields, crude oil production from a 
reservoir could be increased up to 30%. Therefore, EOR 
technologies are important in the oil industry and have 
been used worldwide [2]. The main mechanism of EOR 
is to inject into the reservoir an agent to improve the oil 
displacement efficiency by modifying the reservoir rock 
and fluid properties such as interfacial tension, capillary 
pressure, viscosity, density, and mobility ratio. EOR 
selection is a complex process depending on reservoir 
characterisation, technology availability and economical 
confirmation to find the most appropriate method for 
further reservoir simulation, economic evaluation and 
field planning. In 1978, the first EOR screening studies 
were presented by Brashear and Kuuskraa [3], using 
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200 pilot projects in the USA. After that, especially since 
the late 1990s, EOR screening criteria for broader EOR 
processes have been discussed by more researchers, 
and more methodologies have been developed. By far, 
EOR screening could be classified as conventional and 
advanced methods.

The conventional EOR screening is based on 
statistical methods, which generally use ranges or 
intervals of reservoir/fluid properties to filter out the 
applicable EOR technologies. Look-up tables coming 
from the statistical analysis of the existing EOR projects 
are provided with different property intervals for each 
EOR method. One well-known EOR screening guideline 
was proposed by Taber et al. in 1997 [4], which provides 
screening criteria (known as Taber’s tables) based on the 
EOR projects conducted from 1974 to 1996 [4, 5]. The 
screening method used six important parameters that 
were considered in suitable ranges, including oil gravity, 
oil viscosity, oil saturation, average permeability, depth, 
and temperature. Similarly, Al-Adasani and Bai updated 
the Taber’s screening guidelines by adding data from 
1998 to 2010 [6]. Miscible and immiscible flooding were 
distinguished for all gas injection technologies, and the 
porosity guidelines were newly added in their work [6]. 
Even though both Taber and Al-Adasani provide useful 
guidelines for each EOR technique, updating screening 

guidelines along with the dramatic increase of EOR 
projects is crucial since the conventional screening 
guidelines were constructed based on existing projects 
and experts' knowledge. Therefore, it is necessary to 
update the screening guidelines with projects conducted 
since 2010.

The advanced EOR screening method uses modern 
AI algorithms to process the available EOR project data 
for EOR selection based on similarity. The similarity here 
is understood as either physical distance (Euclidian, 
Manhattan, Jaccard, etc.) or probability distance. The 
application of AI algorithms in EOR selection is promising 
because it is capable of recommending a proper selection 
for EOR method by capturing the small patterns in 
the implementation of EOR techniques, revealing the 
relationships among the reservoir/fluids properties and 
predicting the physical properties for EOR. Alvarado et 
al. [7] proposed a methodology by utilising the machine 
learning algorithm (the combination of different clustering 
algorithms and expert systems) to draw the rules for EOR 
screening. Six clusters were classified based on the dataset, 
and each cluster has its own rules for application. Siena 
et al. [8] developed a methodology for target reservoirs 
analogy by applying the Bayesian hierarchical clustering 
algorithm. 

Figure 1. Production curve of many oil fields showing the declining period. 
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The application of artificial intelligence (AI) in 
screening reservoir candidates for EOR was first 
published by Guerillot [9]. Subsequently, several 
works have been published to improve the quality 
and accuracy of the models. These models are based 
on fuzzy-logic (FL) and expert system approach [10, 
11] artificial neural network (ANN) [12] least square 
support vector machine (LSSVM), and very recently, 
the combination of both fuzzy-logic (FL) and neuro-
fuzzy (NF) [13, 14]. These works and others recently 
published in literature on screening techniques are 
summarised in [14].

A quick overview of mature hydrocarbon fields in 
Vietnam showed that many oil fields are in declining 
phase as shown in Figure 1 and can be classified as 
mature or near mature fields which need the application 
of IRO/EOR to sustain their production. Consequently, it 
is crucial to find a proper EOR method for further field 
development. 

The objective of this study is to find the most 
appropriate EOR method for a mature oil field 
offshore Vietnam based on the available EOR projects 
worldwide. The scopes of study include: i) collect data 
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Figure 3. Relationship of oil fields parameters: a) Porosity and permeability; b) Depth and viscosity; c) Depth and temperature and d) API and viscosity.

Figure 2. Number of EOR projects of each countries.
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of EOR projects all over the world; ii) 
statistically analyse the collected data; 
and iii) develop the statistical and 
machine learning approaches to get 
the most suitable EOR method for the 
offshore Vietnam oil field. 

2. Data preparation and preprocessing

For EOR screening, it is required to 
get as much as possible information of 
the EOR projects worldwide to create 
an EOR database for later analyses. 
Establishing an EOR database is a 
great challenge because data are 
scattered and reported in a variety of 
documentation forms and languages. 
In this research, the EOR data were 
collected from the most updated EOR 
projects published biyearly by the Oil 
and Gas Journal, in a similar format used 
by many other researchers such as [2, 15 
- 19]. This dataset is summarised in table 
style and collected from 33 countries, 
mainly from USA and Canada (more than 
840 projects, equivalent to 76%) as seen 
in Figure 2. In fact, many countries have 
only one EOR project published. The 
dataset covering porosity, permeability, 
initial water saturation, reservoir 
depth, reservoir area, oil viscosity, and 
temperature will be used as an input for 
analyses and interpretation. 

Pre-processing the collected data 
is necessary as the data of many EOR 
projects is missing or reported in a 
range of values, e.g. the porosity can be 
reported as a range of 10 - 22% instead 
of an exact value. For this kind of data, 
the average value will be calculated and 
used. Similarly, the missing data will 
be interpolated by linear correlation 
between two close parameters such as 
porosity and logarithm of permeability, 
viscosity and specific gravity (API), 
temperature and depth, or depth and 
viscosity. These linear correlations are 
shown in Figures 3a-d  respectively, 
which will be used as a function to 

Figure 5. Modified conventional screening guidelines by Taber et al. [4, 5].

Figure 4. Number of EOR projects used for data analyses.
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recover and fill up the missing data. For 
some parameters that do not have any 
relationship or very loose relationship with 
the other parameters such as initial oil 
saturation and area, the filling up method 
will be the mean values of these available 
data. For the few data that are out of 
physical ranges or linear range, they are also 
corrected. Additionally, the oils produced 
offshore Vietnam are light oils with API 
from 30 to 40 and viscosity from 0.8 to 4 cP. 
Thus, the thermal EOR method will not be 
appropriate as it is more suitable for heavy 
and high viscosity oils. It is worth noting 
that the data filter needs to be applied 
for the collected data to make them more 
diverse, compared to other papers such as 
the one by Zhang [2]. In this particular data 
set, we filter out all the data with viscosity 
higher than 10,000 cP. The number of EOR 
projects is shown in Figure 4, where the 
majority are CO2 miscible projects while 
the rest are other thermal projects such as 
steam or combustion.Figure 6. Schematic of boxplot.
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Figure 7. Boxplot analyses of reservoir and fluid properties of EOR projects. 

 

EOR method Min. Max. q25 Mean q75 
Alkaline 15.10 31.00 24.00 26.00 28.00 
Alkaline surfactant polymer  16.00 23.50 17.81 17.81 17.81 
CO2 immiscible 13.00 32.00 25.00 28.00 30.00 
CO2 miscible 3.93 37.00 10.00 12.00 18.00 
Combustion 14.00 29.00 17.00 18.00 20.00 
Hydrocarbon immiscible 20.00 31.00 22.00 24.00 28.00 
Hydrocarbon miscible 4.25 33.00 8.60 10.15 20.00 
Microbial 12.00 24.00 17.20 19.00 20.00 
Nitrogen immiscible 3.00 28.00 6.65 11.95 16.50 
Polymer 7.40 47.30 14.38 17.45 21.53 
Steam 4.00 40.00 24.75 30.00 30.00 
Surfactant polymer 10.40 34.00 15.70 19.00 21.60 

EOR method Min. Max. q25 Mean q75 
Alkaline 36.00 1025.00 100.00 201.84 350.00 
Alkaline surfactant polymer  60.00 1000.00 501.00 601.50 676.00 
CO2 immiscible 30.00 1200.00 179.34 275.00 450.00 
CO2 miscible 1.00 1255.00 4.01 11.00 50.05 
Combustion 10.00 958.00 10.00 10.00 147.17 
Hydrocarbon immiscible 40.00 1000.00 183.68 183.68 275.00 
Hydrocarbon miscible 0.50 1250.00 50.00 183.68 300.00 
Microbial 16.00 465.00 120.38 183.68 200.00 
Nitrogen immiscible 3.00 200.00 19.75 137.50 183.68 
Polymer 0.50 1200.00 22.75 95.30 200.00 
Steam 1.00 1150.00 168.00 183.68 183.68 
Surfactant polymer 1.00 1218.00 50.00 115.00 197.00 

Table 1. Statistical summarisation of porosity (%) from collected EOR projects

Table 2. Statistical summarisation of permeability (mD) from collected EOR projects
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3. Conventional EOR screening method

Following the method presented in Zhang et al., 
[2], Figure 5 illustrates a modified graphical screening 
guideline that was created by Taber et al. [4, 5] for depth 
and viscosity. Regions enclosed within the ellipses 
represent the applicable ranges for each EOR technique. 

Here we can see that the thermal method can only be 
applied for the shallow reservoirs with a very high range 
of viscosity, while the viscosity for application of polymer 
EOR is less than 100 cP. Similarly, the gas injection method 
(hydrocarbon and CO2 miscible) should be applied for 
deep reservoirs with low viscosity (less than 3 cP). 

EOR method Min. Max. q25 Mean q75 
Alkaline 2300.00 8200.00 2600.00 3250.00 4330.00 
Alkaline surfactant polymer  870.00 5300.00 875.00 886.50 5279.45 
CO2 immiscible 1400.00 13000.00 3975.00 5279.45 7254.25 
CO2 miscible 1900.00 14100.00 4900.00 5279.45 6000.00 
Combustion 347.50 11300.00 3550.00 8450.00 9050.00 
Hydrocarbon immiscible 3300.00 8700.00 5162.50 6000.00 6000.00 
Hydrocarbon miscible 500.00 15600.00 6000.00 6750.00 9432.00 
Microbial 400.00 5740.00 1390.13 1970.00 4534.59 
Nitrogen immiscible 1200.00 15565.00 4939.72 8092.50 10167.50 
Polymer 550.00 9800.00 3000.00 4400.00 5802.25 
Steam 250.00 7500.00 1400.00 2350.00 2600.00 
Surfactant polymer 650.00 9460.00 1074.00 1900.00 5279.45 

Table 3. Statistical summarisation of depth (ft) from collected EOR projects

EOR method Min. Max. q25 Mean q75 
Alkaline 1.00 800.00 170.00 228.50 604.00 
Alkaline surfactant polymer  1.00 1708.63 236.44 450.78 1708.63 
CO2 immiscible 5.00 10104.00 81.00 380.00 1050.75 
CO2 miscible 5.00 11000.00 640.00 1500.00 2817.50 
Combustion 6.00 11500.00 94.25 1708.63 7770.00 
Hydrocarbon immiscible 1052.00 8000.00 1612.72 1708.63 1708.63 
Hydrocarbon miscible 12.20 11520.00 200.00 640.00 1726.00 
Microbial 10.00 1708.63 1600.00 1708.63 1708.63 
Nitrogen immiscible 540.00 10000.00 1500.00 1708.63 1931.00 
Polymer 2.50 9360.00 300.00 1024.00 1708.63 
Steam 9.00 7020.00 51.50 133.50 1292.50 
Surfactant polymer 1.00 5161.00 40.00 199.50 480.00 

Table 4. Statistical summarisation of area (arc) from collected EOR projects

EOR method Min. Max. q25 Mean q75 
Alkaline 22.00 70.00 42.00 55.99 62.00 
Alkaline surfactant polymer  43.50 98.70 55.99 55.99 95.65 
CO2 immiscible 22.00 75.00 37.00 50.00 55.99 
CO2 miscible 15.00 89.00 39.75 49.00 55.99 
Combustion 40.00 96.00 50.50 55.00 77.25 
Hydrocarbon immiscible 55.00 90.00 55.99 57.00 85.50 
Hydrocarbon miscible 0.40 98.00 55.00 75.00 88.00 
Microbial 54.00 55.99 55.99 55.99 55.99 
Nitrogen immiscible 43.80 98.50 47.00 55.99 66.00 
Polymer 0.00 95.90 49.00 55.99 56.38 
Steam 30.00 88.00 55.00 55.99 70.00 
Surfactant polymer 30.00 96.90 43.00 55.99 69.20 

Table 5. Statistical summarisation of oil saturation (%) from collected EOR projects
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To provide an easy, straightforward, and 
comprehensive screening guideline, a boxplot matrix 
is created to visualise all the ranges for reservoir/fluid 
properties. A boxplot is shown in Figure 6, which reveals 
the minimum, 25th percentile (Q1), median, 75th percentile 
(Q3), and the maximum. The lower and upper limits are 

normally within the minimum and maximum values. In 
statistics, when the value is smaller than the lower limit 
or greater than the upper limit, it will be considered 
as outliers. However, for the construction of screening 
guidelines, the detected outliers are regarded as special 
cases after data cleansing that could not be ignored 

EOR method Min. Max. q25 Mean q75 
Alkaline 0.70 34.00 2.30 8.85 24.00 
Alkaline surfactant polymer  7.40 15.60 8.20 9.25 13.50 
CO2 immiscible 0.25 78.00 0.72 2.95 6.70 
CO2 miscible 0.30 46.00 0.70 1.20 1.80 
Combustion 1.44 136.00 2.00 2.00 6.00 
Hydrocarbon immiscible 0.80 52.00 2.00 2.20 4.90 
Hydrocarbon miscible 0.10 160.00 0.32 0.46 0.83 
Microbial 1.32 28.00 3.43 6.50 22.50 
Nitrogen immiscible 0.15 20.00 0.20 0.60 4.35 
Polymer 0.30 68.00 1.88 4.80 13.00 
Steam 1.60 400.00 26.00 150.00 175.00 
Surfactant polymer 0.32 288.00 3.25 7.00 18.00 

Table 6. Statistical summarisation of oil viscosity (cP) from collected EOR projects

EOR method Min. Max. q25 Mean q75 
Alkaline 75.00 205.00 120.00 132.50 165.00 
Alkaline surfactant polymer  108.14 155.00 108.32 116.96 149.00 
CO2 immiscible 78.00 289.00 124.50 148.00 184.50 
CO2 miscible 80.00 250.00 104.00 106.00 140.00 
Combustion 61.00 230.00 118.75 215.00 216.25 
Hydrocarbon immiscible 146.00 220.00 150.25 158.00 160.00 
Hydrocarbon miscible 94.00 290.00 165.00 189.00 206.00 
Microbial 86.00 138.55 90.50 95.00 116.00 
Nitrogen immiscible 82.00 288.00 131.00 135.27 171.00 
Polymer 65.00 240.00 95.00 115.00 136.00 
Steam 54.00 150.00 95.00 100.00 110.00 
Surfactant polymer 68.00 200.00 74.00 104.00 133.70 

Table 7. Statistical summarisation of oil temperature (F) from collected EOR projects

EOR method Min. Max. q25 Mean q75 
Alkaline 20.00 35.00 22.00 24.00 33.00 
Alkaline surfactant polymer  22.00 33.69 27.00 33.69 33.69 
CO2 immiscible 20.00 42.00 25.00 27.85 33.85 
CO2 miscible 23.00 48.00 33.00 36.50 40.00 
Combustion 21.50 39.00 28.00 33.00 33.00 
Hydrocarbon immiscible 20.00 27.00 21.00 24.00 24.00 
Hydrocarbon miscible 24.00 49.00 37.00 39.00 41.60 
Microbial 23.00 44.30 31.80 33.00 38.50 
Nitrogen immiscible 20.00 51.00 29.00 44.00 46.00 
Polymer 20.00 48.00 26.08 33.00 38.00 
Steam 16.00 47.00 24.50 25.00 26.25 
Surfactant polymer 21.00 45.00 30.25 33.69 36.00 

Table 8. Statistical summarisation of API from collected EOR projects
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because each case represents either an 
extreme reservoir/fluid situation or a new 
development for the implementation of 
an EOR technique. With the given data 
collected, 8 primary parameters, namely 
API, depth, area, porosity, permeability, 
oil saturation, temperature, and viscosity, 
are considered the background for the 
EOR guideline as shown in Figure 7. These 
boxplots illustrate the distribution of the 
above-mentioned parameters for the 
successful EOR projects that were used to 
obtain the required statistics involving the 
minimum, maximum, average, 1st quartile, 
2nd quartile (median) and 3rd quartile for 
each variable. These parameters were 
determined from the successful EOR 
data set and then defined the intervals 
for the data distribution in horizontal 
axis. These statistical parameters for each 
EOR method are summarised in Tables 
1 - 8, based on which we can make the 
scoring and rating for a given oil field. 
For example, considering surfactant as an 
EOR technique, the lower and upper limits 
of the variable saturation for successful 
projects (Figure 7d) are 30 and 96.9% and 
for a given range of Vietnam's oil fields 
are 40 and 80% (Table 9); [30 - 96.9] ∩[40 
- 80] = [40 - 80], which means the values 
within the range of (Figure 7) 40 and 80% 
of initial water saturation may be suitable 
for surfactant polymer injection method. 
Following the outcome of the boxplots 
and other similar plots such as scatter 
plots (Figure 3), the histogram technique 
can be used to represent the distribution 
of the data sets. As seen in Figure 3, the 
correlation coefficients are relatively small 
because most of the data collected here 
come from different fields and sites all over 
the world instead of one certain location. 

4. Advanced EOR screening guideline by 
deep learning approach

Recent development of deep learning 
algorithms has been applied in many fields 
of the petroleum industry from exploration 

Table 9. Common activation functions used in deep learning and ANN
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Figure 8. A deep learning network designed for this EOR screening problem, the input layer (x1 to x8) is made of 
8 reservoir properties and the output layer will be an EOR method.
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to production. The principle of deep 
learning is based on the artificial neuron 
network (ANN) approach in which the 
number of hidden layers is more than 
one while the ANN consists of only one 
hidden layer [20] as shown in Figure 8. In 
this problem for EOR selection, the deep 
learning network consists of an 8-input 
layer, 3 hidden layers with 8 neurons 
each and 1 output layer. However, the 
number of hidden layers as well as the 
number of neurons in each hidden 
layer are not optimised as it is beyond 
the scope of this research. The input 
layer consists of 8 reservoir properties 
(area, depth, porosity, permeability, 
and temperature) and fluid properties 
(viscosity and density (ºAPI)), initial oil 
saturation denoted as x1 to x8 in Figure 
8, while the output layer will be an EOR 
method. Each hidden layer is composed 
of basic processing elements called 
neurons. Each neuron is connected to 
the neurons of the adjacent layer with 
the connection weights between 0 and 
1. The signals between the neurons are 
multiplied by the associated connection 
weights and added up together as 
Equation (1), and then used as the net 
input of the neuron as follows:

where:

NET is the net input of the neuron;

I is the input variable;

W is the connection weight;

k is the running index;

n is the number of input variables. 

Each neuron applies an activation 
function to its net input to determine 
its output signal, and the signal is 
transmitted to the next neuron. 

The activation function is added 
to an artificial neural network in order 
to help the network learn complex 

patterns in the data. Table 9 summarises the activation functions in terms 
of mathematical equations and their 1D plots. Among them, Sigmoid 
function is often used in ANN while ReLU is used in deep learning to avoid 
the vanishing gradient as reported by Giao and Kusan [21].

The connection weight function between the neurons is adjusted 
during the training processes. There are two ways of training, which are 
supervised and unsupervised training. For most typical neural networks, 
the connection weights are adjusted by the given input and corresponding 
output. This process is called supervised training. One of the widely used 
supervised networks is the feed-forward Back Propagation (BP) network 
which adjusts the connection weights during the back-propagation process. 
In this study, the BP network with the training algorithm of scaled conjugate 
gradient (SCG) - a new variation of the conjugate gradient method - is used. 

Figure 9. Training of result summaries.
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SCG allows the avoidance of the line search per training 
iteration of Levenberg-Marquardt approach to scale the 
step size.

With the collected EOR projects, the output of each 
project is the successful EOR method applied to a certain 
oil field. So each EOR method has to be categorised as a 
unit vector instead of naming them as a single number. 
For example, with 12 EOR methods mentioned above the 
categorised vector will be a 12-row element unit vector in 
which vector (1 0 0 0 ... 0) will be for method 1; vector (0 
1 0 0 ...0) for method 2 and (0 0 0 ... 1) will be for method 
12, respectively. Consequently, the output layer will be 
a matrix of 12x1069. Similarly, the input layer will be a 
matrix of 8x1069 data corresponding to 8 parameters. For 
training purposes, the data will be split into 2 sets: 80% of 
data for training and the rest 20% for validation. 

These learning processes are implemented under 
the sequential model of Tensorflow package [22]. The 
sequential model is simple, allowing us to build a model 
layer by layer. In the network model, the layer type is 
“dense” which is the standard layer and can work for 
most of training cases. Compiling the model takes two 
parameters: optimiser and loss.

The optimiser controls the learning rate. In this 
study, Adam optimiser will be used since it is generally 
a good tool in many cases. The Adam optimiser adjusts 
the learning rate throughout training. The learning rate 
determines how fast the optimal weights for the model 
are calculated. A smaller learning rate may lead to more 
accurate weights (up to a certain point), but it will take 
longer to compute the weights.

For the loss function, the mean square error is 
calculated by taking the average squared difference 
between the predicted and the actual values as defined in 
the following equation:

where N is the number of data points, fi and yi are 
values returned by the training model and actual values 
of data point I, respectively. It is a popular loss function 
for regression problems. The closer to 0 it is, the better the 
model performed. 

Figure 9 shows the result of training, including 
accuracy and training loss, respectively. The square 
correlation coefficient (r-square) between the predicted 
output from the training model and the one from 20% 
validating data is 0.89, which suggests that the training 
model is acceptable for further predicting. Once the 
training model was achieved, this model will be loaded 
with the input parameters (porosity, permeability, initial 
water saturation, viscosity, API (density), depth range, 
temperature, and area) from offshore oil fields of Vietnam 
(Table 10) to predict suitable EOR methods for these oil 
fields. The results are shown at the last column of Table 
10. Here we can see that most of the recommended 
methods are polymer or surfactant polymer. Only one 
recommended method relates to gas miscible.

5. Conclusions

The following major conclusions were drawn from 
this study:

Field name 
Depth  

(ft) 
Temp  

(oC) 
Area  
(arc) 

Porosity  
(%) 

Perm  
(mD) 

API 
Gravity 

Visc.  
(cP) 

Oil saturation  
(%) Reco-mmendation 

Field 1 10168 230 1200 16.5 50 33 0.9 80 Polymer 
Field 2 10004 212 1500 15 30 32 1.1 60 Polymer 
Field 3 9840 203 1800 18 160 29 4 50 Polymer 
Field 4 9184 90 800 19 253 38.9 0.7 50 Polymer 
Field 5 8856 194 700 23.2 185 37.9 0.7 50 SP 
Field 6 5904 183.2 900 19 300 37 0.8 50 SP 
Field 7 6888 190 1000 26 1292 35.4 0.8 60 Hydro carbon Miscible 
Field 8 10168 203 1020 18.8 293 37.9 0.8 60 Polymer 
Field 9 10496 240 1300 12.04 31 38.7 0.7 40 Polymer 
Field 10 10824 257 1200 10.25 20 38.7 0.7 40 Polymer 
Field 11 10496 230 900 15 10 36 0.8 50 Polymer 
Field 12 10496 203 900 22 247 37.7 0.8 50 Polymer 
Field 13 10496 230 800 15 24.8 36 0.85 50 Polymer 

Table 10. Vietnam oil field properties as input for EOR screening model
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( − )     (2)
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This study could successfully collect and provide the 
most up-to-date EOR-project data sets as the first step in 
analysing EOR data and establishing screening criteria. 

With the new dataset collected from EOR projects 
all over the world, an updated graphical method was 
proposed to find the range of parameters for conventional 
EOR screening. The statistical analyses conducted on 
these data sets gave an overall outlook of EOR methods. 
Additionally, a boxplot served as a very helpful tool for 
exploring and displaying the screening-criteria data 
set. This tool was used to update the conventional EOR 
screening method, giving more reasonable and applicable 
EOR method to each oil field. For example, regarding the 
polymer and surfactant injection method, the ranges 
of API, viscosity (cP), permeability (mD), porosity (%), 
temperature (F), depth (ft) and initial oil saturation (%) are 
21 - 45, 0.32 - 288, 1 - 1218, 10 - 34, 10 - 34, 68 - 200, 650 - 
9460 and 30 - 96, respectively. 

By applying the statistical analyses mentioned above 
for the input of the oil fields offshore Vietnam, it was found 
that the most recommended EOR method is chemical 
injection (polymer or polymer surfactant injection).

A deep learning network architecture was designed 
and tested in this study, consisting of an 8-input layer 
corresponding to eight reservoir properties, three 
8-neuron hidden layers and an 1-output layer (the selected 
EOR method). Based on the initial DL prediction, the 
most recommended EOR method for mature oil fields in 
Vietnam is also polymer and polymer surfactant injection, 
with an exception of hydrocarbon miscible method being 
recommended for oil field No. 7. 
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