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a b s t r a c t

Many studies have analyzed the cumulative production performance in the SAGD (steam assisted gravity
drainage) process by data-driven models but a study based on these models for a dynamic analysis of a
SAGD production period is still rare. It is important for engineers to define the production period in a
SAGD process as it has a stable and high oil production rate and engineers need to reset operational
conditions after the production period starts. In this paper, a series of SAGD models were constructed
with selected ranges of reservoir properties and operational conditions. Three SAGD production period
parameters, including the start date, end date, and duration, are collected based on the simulated pro-
duction performances. artificial neural network, extreme gradient boosting, light gradient boosting
machine, and catboost were constructed to reveal the hidden relationships between twelve input pa-
rameters and three output parameters. The data-driven models were trained, tested, and evaluated. The
results showed that compared with the other output parameters, the R2 of the end date is the highest
and it becomes higher with a larger training data set. The extreme gradient boosting algorithm is a better
choice to predict the Start date while the artificial neural network generates better prediction for the
other two output parameters. This study shows a significant potential in the use of data-driven models
for the SAGD production dynamic analysis. The results also serve to support the utilization of the data-
driven models as efficient tools for predicting a SAGD production period.

© 2022 Southwest Petroleum University. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Unlike conventional oil, bitumen has a high viscosity and low
API1 gravity and is immobile at original reservoir conditions as it
consists of high fractions of heavy hydrocarbon molecules and
asphaltenes. The millions of centipoise of its viscosity prevent it
from being produced to the surface using conventional recovery
technologies [1]. There are two common processes used to recover
bitumen: open-pit mining and in-situ recovery. The steam assisted
gravity drainage (SAGD2) process is one of the in-situ recovery

processes which have been commercially successful in recovering
bitumen [2].

In the SAGD process, steam is injected into an injector to create
an expanding steam chamber heating bitumen. The SAGD pro-
duction is based on the steam chamber development where
bitumen is heated and transferred on the edge of the steam
chamber. There are three different stages of the SAGD steam
chamber expansion: vertical expansion, horizontal expansion, and
exhaustion [1,3]. The transition of the steam chamber from one
stage to another also leads to a change in the oil production rate.
The oil production rate also presents three periods in the SAGD
process [4]. The oil rate will continually increase in the early-stage
steam chamber growth until it reaches the overburden of a reser-
voir. The oil production rate remains relatively constant as the
steam chamber expands laterally. Finally, with the coalescence of
the steam chamber, the oil production rate will follow a declining
trend typically referred to as depletion or the decline phase [5]. It is
important to identify these three periods as engineers need to
know a production period which has a stable oil rate and they need
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to reset operational conditions when the oil rate begins to decrease.
A large number of related parameters, including reservoir

properties and operational conditions, and a large amount of per-
formance data in the SAGD process, inspire engineers to find effi-
cient tools which help them make a decision in the presence of a
breadth of SAGD information. Numerical simulation is one of the
most widely used tools for studying and optimizing the SAGD
process, but there are inevitable limitations [6]. Detailed analyses
with numerical flow simulation models for the SAGD process lead
to a long turnaround time and a great computer cost, which will
become extremely high for complex models and/or with a large
number of input parameters [7]. Therefore, there has been
increasing interest for engineers to develop data-driven proxy
models for predicting the SAGD production performance.

A data-driven model is a new method that utilizes different
machine learning algorithms to identify and approximate re-
lationships between the system input and output variables, which
enhances the analysis of all data characterizing a system of interest
[8]. An important advantage of a data-driven model is that it does
not require the user to have a thorough understanding of a prob-
lem, which means that it pays more attention to the use of the data
rather than the domain-specific human expertise [9]. A data-driven
model does not have a physical function to calculate data like nu-
merical simulation and incurs less computational cost and shorter
running time than the numerical simulation process. A number of
machine learning algorithms, such as artificial neural network
(ANN3) and gradient boosting decision tree (GBDT4) are commonly
used in data-driven modeling.

ANN is one of the most common machine learning algorithms
which was first introduced by Warren McCulloch [10]. Based on its
neural network architecture, ANN can learn an intrinsic relation-
ship between the input and output variables by being trained with
a big data set. GBDT is another machine learning algorithm that
aims at combining different weak learners to create a strong learner
which improves its model performance and prediction accuracy
[11]. These two machine learning algorithms are commonly used
for prediction, identification, optimization, and history matching of
reservoir performance.

In the previous studies, those two machine learning algorithms
have been utilized in different petroleum areas in the last few years,
such as identifying coals from drilling data [12], searching sweet
spots in shale reservoirs [11], optimizing well locations [13], esti-
mating corrosion growth rates in underground pipelines [14],
ranking influential parameters for analyzing recovery factors [15],
estimating recovery factors in chemical flooding [16], predicting
SAGD recovery factors [17], forecasting polymer flooding in heavy

oil reservoirs [18], predicting unconventional cumulative produc-
tion [19], and predicting cumulative production in tight gas reser-
voirs [20].

Data-drivenmodels have also been applied in the SAGD process.
For example, the previous research looked into ways in identifying
shale barriers in a SAGD reservoir [21e23], forecasting cumulative
oil production [24e26]), estimating recovery factors [27], predict-
ing cumulative steam-oil ratios [28], and optimizing the SAGD
performance [29]. However, a study on dynamical analysis of the
SAGD process is still rare. The different periods in the SAGD process
have not been studied previously. Furthermore, the GBDT algo-
rithms, including extreme gradient boosting (XGBoost5) and Light
gradient boosting machine (LightGBM6), and Catboost are also
rarely utilized in the previous studies on the SAGD process,
particularly the Catboost. It is necessary to utilize and compare
these different machine learning algorithms in predicting the SAGD
periods.

In this paper, a hybrid characterization workflow was proposed
for identifying the SAGD production periods in an oil sand reservoir.
A series of SAGDmodels were constructed based on serval oil sands
reservoir properties and operation conditions. After the parame-
ters’ ranges were compared and selected, a total of twelve param-
eters were selected as input variables to create different production
performances by Latin hypercube sampling, and thousands of the
SAGD models were simulated using Computer Modelling Group
(CMG7) STARS and CMOST software. Three different parameters
relative to a production period were calculated and were selected
as the output variables. Models based on different machine
learning algorithms, including ANN, XGBoost, LightGBM, and Cat-
Boost, were trained with these data. Finally, the accuracy of the
model results was compared and discussed.

2. Methodologies

2.1. Data preparation

A series of 3D simulation models based on the typical SAGD
reservoir properties and operational conditions were constructed.
The base SAGD reservoir model was based on a previous study
model [24]. Compared with the previous study, more model pa-
rameters were varied. In this study, a total of twelve model pa-
rameters were varied in the simulation runs to reflect different
reservoir settings and operational variances. Five parameters were
chosen for the reservoir geological data: horizontal permeability
(Kh), the ratio of vertical permeability to horizontal permeability
(Kv/Kh), porosity (∅), reservoir thickness (h), and initial water
saturation (Swi). The other detailed relevant reservoir properties
used are presented in Ref. [24].

Seven parameters representing operational conditions,
including injection pressure (Pinj), production pressure (Pprod), In-
jection rate (Rinj), production rate (RProd), steam temperature (Ts),
steam quality (w), and preheating period (tpre), are selected in this
study. The injection pressure and production pressure are the
bottom hole pressure of an injector and a producer, respectively.
There is a production well placed on the bottom of the reservoir
model while there is an injection well placed 5 m over it. The
different time selections also lead to different performances of a
SAGD production period. In this study, to study a whole SAGD
production period, an example SAGD model with different total
production time values, including five years (60 months), ten years
(120 months), and 15 years (180 months), was tested and the oil
rate curves of the producer were exported from the CMG. Based on
the results, the five years or ten years plot cannot present the full
production period of a SAGD process while the SAGD model with a
total of 15 years of production time can present the full SAGD

Abbreviations

API American petroleum Institute
SAGD Steam assisted gravity drainage
ANN Artificial neural network
GBDT Gradient boosting decision tree
XGBoost Extreme gradient boosting
LightGBM Light gradient boosting machine
CMG Computer modelling group
SOR Steam-oil-ratio
RMSE Root mean square Error
PO Cumulative oil
IW Cumulative water
CSOR Cumulative steam-Oil-ratio
MLP Multi-layer perception
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production period, as shown in Fig. 1. Considering that a different
parameter selection can lead to a long production period, the total
production time was finally set at 20 years in this study. To avoid
too much steam production due to the low production pressure, a
terminal steam rate is set for the producer, which is 10 m3/d.

Each selected parameter had a series of different values that
followed a certain distribution and all those values were randomly
combined by CMOST CMG 2018. The samples are randomly picked
up by a Latin hypercube sampling method and are simulated by the
CMG program. The selection of reasonable ranges of those reservoir
properties and operational condition parameters are important. A
range of the reservoir properties is mostly set based on the SAGD
simulation data in previous papers [18,23,30]. In addition, the base
model utilized in this study is similar to the wells in the Jackfish
project. The annual report of the Jackfish project by the Alberta
Energy Regulator [31] provided some example reservoir properties
and selected operational condition parameters as a reference.

The data range for each reservoir property parameter is shown
in Table 1. The minimum reservoir thickness of the SAGD model is
15 m which is the minimum thickness of an economic SAGD pro-
cess based on [1,32,33] while its maximum is set at 40 m. The
ranges of Swi and∅ are selected based on the previous research. The
vertical permeability of this SAGDmodel is between 1200 mDwith
3000 mD, which is a typical of the oil sands vertical permeability in
the Alberta oil sands.

For the operational conditions, although some of the parameters
of the operational conditions can be learned in the previous study or
Jackfish project, the injection pressure (Pinj), production pressure
(Pprod), injection rate (Rinj), and production rate (RProd) have not been
made available. In simulation models, those four parameters,
including the maximum injection pressure, the maximum injection
rate, the maximum fluid production rate, andminimum production
pressure, are the constraint parameters and each of them presents a
boundary condition for an operational parameter. When a SAGD
well begins production, its fluid production rate will increase and
reach itsmaximumfluid production rate.When a productionperiod
is ended, the fluid production rate will decrease. The production
pressure can also change, and it is limited by its minimum produc-
tion pressure. The injection parameters have a similar pattern. As a
result, those four parameters are the individual parameters that do
not affect each other and each of which has its own data range.

In this study, the maximum injection pressure is set from
3500 kPa to 4500 kPa which is over the initial reservoir pressure of
3000 kPa while the data range of the minimum production pres-
sure is from 2500 kPa to 3000 kPa which is below the initial
reservoir pressure. To test the data ranges of the injection rate and
fluid production rate, a series of SAGD simulation models with
different injection rate values and fluid production rate values are
compared.

2.2. SAGD production period identification

In this study, the start date (start), end date (end), and the period
length (duration) in each SAGD production period need to be
collected. To judge these SAGD production period parameters, three
production performance factors, including the production oil rate,
Steam-Oil-Ratio (SOR8), and water-cut, were utilized. Those output
results are the average daily performance of each month. An
example model for these production performance characteristics is
shown in Figs. 2e4.

As shown in the oil rate plot of the example model, the oil rate
increases from zero at the beginning to over 40 m3/d in a few
months, and then it decreases to around 40 m3/d and keeps pro-
ducing for a long time. Finally, it begins to decrease again from
40 m3/d to below 20 m3/d on the 240th month. In this study, when
the daily production oil rate decreases to a certain level and then
stabilizes, the production period begins, which is around the 10th
month shown in this Fig. 2. When the oil rate begins to decrease
again, the production period ends, which is around the 100th
month.

During the SAGD production process, when the steam injection
did not change and the production oil rate is reduced, the SOR will
increase. On the other hand, as the production oil rate is reduced,
the percentage of the oil in the produced fluid hence decreases and
leads to an increase in water-cut. As a result, the SOR or the water-
cut can help judge whether the production oil rate is decreasing.
For the SOR of the example model, it begins with 0 and increases to
around 2.5 in a few months. Then it stays at this value for a long
time. After the 100th month, it increases again and finally reaches
around 5. Thewater-cut ratio has a similar pattern. It increases from
0% to around 70% at around the 10th month and remains constant
until the 100th month. Its final value is around 80% in the 240th
month. Based on those results, when the SOR value or thewater-cut
increases to a certain level and stabilizes, the particular month is
defined as the starting month of a production period, which is
around the 10th month as shown in Figs. 3 and 4. When the SOR
value or the water-cut begins to increase again, the production
period is considered to have ended, which is also around the 100th
month.

Fig. 1. The 15 years (180 months) production oil rate of an example SAGD model.

Table 1
Statistic values of reservoir properties used in this study.

Parameters Unit Min Max

Reservoir thickness (h) Meter 15 40
Initial water saturation (Swi) Fraction 0.1 0.3
Oil sand porosity (∅) Fraction 0.15 0.4
Kv/Kh Fraction 0.6 1
Oil sand horizontal permeability (Kh) mD 2000 3000

Fig. 2. The oil rate of the example model.
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Since there are a few “shaking” values in a production period as
in those three curves, determination of the exact Start/End months
is sometimes difficult, the moving average of each month is
employed. The moving average of the nth month mn is Eq 1:

mn ¼
Pnþ4

i¼n xi
5

(1)

mn is not equal to a certain value as the oil production rates may
have a large difference between each other. The judging equation Jn
is selected as the ratio of the difference between mn and the oil rate
of the nth month xn, as in Eq 2:

Jn ¼mn
xn

� 1 (2)

Comparing the example model and several other simulated
models for the production performances, a threshold for Jn for a
SAGD production period is set as 0.01, which means that for the oil
rate, if Jn is larger than �0.01, the nth month is considered falling
inside the production period; or for the SOR and water-cut, if Jn is
smaller than 0.01, the nth month considered falling inside the
production period. Based on that, the Start date of the production
period in the example model is defined as the 7th month, while the
End date is the 97th month and the Duration value of the pro-
duction period is 90 months.

2.3. Data-driven models

In this study, a series of different machine learning algorithms,
including artificial neural network (ANN), extreme gradient
boosting (XGBoost), light gradient boosting machine (LightGBM),
and catboost were employed to predict the SAGD production pe-
riods. Each machine learning model had twelve input parameters
(five reservoir parameters and seven operational parameters) and
three different output parameters relate to each SAGD production
period, which are the Start date, End date, and Duration. The Root

mean square error (RMSE9) and coefficient of determination (R2)
were selected as the error functions for judging model prediction
performance, shown in Eq 3 and 4. A higher R2 value or a lower
RMSE value for a data-driven model means less mismatch between
the model output and the actual target. During the model training,
the model data was randomly separated into 90% training data and
10% testing data. Each machine learning model was trained by the
training data set and was tested by the testing data set. This process
was repeated three times to get the average accuracy, in which the
train-test splitting will randomly re-split the model data each time
to reduce the probability of aggregation of abnormal values in the
training process. Those machine learning models were constructed
by different machine learning application programming interfaces
in Python.

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1

�
YModel
i � YTrue

i

�2
vuut (3)

R2 ¼1�
Pn

i¼1

�
YModel
i � YTrue

i

�2

Pn
i¼1

�
YTrue
i � YTrue

i

�2 (4)

2.3.1. Artificial neural network (ANN)
Artificial neural network (ANN) is one of the most popular

machine learning algorithms which designs the processing of
network structures similar to the human brain organization as a
basis to develop an algorithm that can be utilized tomodel complex
patterns and generate a forecast. Each ANN model has three
different types of layers, including an input layer for getting input
data, an output layer to output the model forecast, and several
hidden layers between them. There are a series of neurons or nodes
in different layers to form a neural network architecture, as shown
in Fig. 5.

In the ANN model training, a data set is utilized to train a model
to the minimum mismatch between the model prediction and
actual target output. It is transported from the neurons in the input
layer to the neurons in the output layer through the hidden layer
between them. A neuron or a node is the basic unit of an ANN
network architecture, as shown in Fig. 6. For each neuron, it collects
all the information from the neurons in the previous layer which is
relative to it, and translates its output information to the neurons in
the next layer [9]. For each output information from the previous
neuron, it is modulated with a correspondent weight (wij) and is
summed with other modified output information and a bias (bi) to
become the input information yi of this neuron. Then this yi is
modified by a nonlinear activation function f and becomes the final
output information oi, which is equal to f ðyi). Finally, this process is
repeated on neurons in the next layer to keep propagating the
information.

Based on the network architecture, the key to get a good ANN
model with an accurate prediction is to find the optimal values of
each weight wij and bias that minimize the prediction error. This is
achieved by the backpropagation algorithm which is a gradient-
based minimization algorithm utilized to provide supervised
learning from errors to improve a model with the network archi-
tecture [27]. For each complete presentation of an entire training
data set in the ANNmodel, the training data is transported from the
input layer to the output layer and then a mismatch is propagated
in the opposite direction [34], while an ANN model estimates the
gradient of the mismatch associated with the prior weight and bias
on each neuron in the last epoch and modifies them to minimize

Fig. 3. The SOR of the example model.

Fig. 4. The water-cut ratio of the example model.

Z. Huang, M. Yang, B. Yang et al. Petroleum 8 (2022) 363e374

366



the mismatch in the next epoch [24], as shown in Figs. 5 and 6.

2.3.2. Gradient boosting decision tree (GBDT)
Ensemble algorithms are one of the most popular machine

learning algorithms which can be applied to both regression and
classification problems. The ensemble algorithms create multiple
weak learner models and then combine them to produce an
improved strong learner model. The combination of those different
models usually creates a more accurate result than a single model
would. The gradient boosting decision tree (GBDT) algorithm is
known to be one of the leading ensemble algorithms. In the GBDT
algorithms, a new weak learner model is a decision tree model and

each newdecision treemodel is trained to predict the residual error
created by the previous decision tree model. The output of the new
decision tree is added to the final output of the existing GBDT
model to decrease the error, as shown in Fig. 7 [11].

In this study, three different GBDT algorithms are utilized,
including extreme gradient boosting (XGBoost), light gradient
boosting machine (LightGBM), and catboost. The main differences
between them are in the tree structure and the feature engineering.

2.3.3. Extreme gradient boosting (XGBoost)
The extreme gradient Boosting (XGBoost) algorithm is based on

the GBDT and optimizes its objective function which considers
regularization as the model complexity. It is first introduced by
Chen et al. [35]. Compared with the traditional GBDT algorithms,
XGBoost takes the second-order Taylor expansion of a cost function
to optimize it and allows it to find the best split point of a feature by
its split gain equationmore easily during decision tree growing. The
consideration of the regularization can reduce the probability of the
overfitting problem occurring and improves the model predictive
accuracy and enhances its generalization ability. A detailed intro-
duction of its loss function derivation has been presented in the
previous study [24].

2.3.4. Light gradient boosting machine (LightGBM)
Light gradient boosting machine (LightGBM) was first intro-

duced by Ke et al. [36]. It is a faster and less computer cost GBDT
algorithm than other GBDT algorithms due to its histogram-based
algorithm and leaf-wise splitting strategy.

In LightGBM, a histogram-based algorithm is employed to dis-
cretize a continuous feature point into a series of integers or bins
and construct a feature histogram before the training process, as
shown in Fig. 8. These histograms reduce the computation cost of
split gain by using those discrete bin values to find the best split
points instead of sorting all the original continuous feature values
[24]. The discrete bin values can also be presented as the regula-
rization to improve the model generalization ability [37]. Another
optimization leaf-wise splitting strategy can improve the model
accuracy and reduce time consumption. Besides, LightGBM also has
other techniques including Gradient-based One-side Sampling and
the Exclusive Feature Bundling to keep improving the model
running speed [36].

2.3.5. Catboost
Catboost, which was first introduced by Dorogush et al. is a new

GBDT algorithm that successfully handles categorical features and
outperforms other existing GBDT algorithms in terms of quality
[38]. Unlike asymmetric trees utilized in XGBoost and LightGBM,
Catboost employed an oblivious tree to solve regression or classi-
fication problems. An oblivious tree is a balanced decision tree ar-
chitecture inwhich the same splitting criterion is utilized across the
entire level of the decision tree, while an asymmetric tree has a
different split criterion, as shown in Fig. 9. This oblivious tree can
lead to a relatively simple model fitting process, speed up the
prediction significantly at the running time, reduce hyper-
parameters, and build a decision tree of less freedom which is less

Fig. 5. An example of artificial neuron network architecture in the ANN model.

Fig. 6. A example neuron in the ANN model.

Fig. 7. The example progress of the GBDT method.
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prone to overfitting [38].
Besides, Catboost also creates a smart preprocessing of cate-

gorical feature data which cannot be used in binary decision trees
directly and employs fighting gradient biases to reduce an over-
fitting problem that occurs. Those optimizations greatly improve
the CatBoost's running speed and model accuracy [38].

3. Results and discussion

In this part, four different results will be presented, including
the results of the effect of a different operation conditions param-
eter value selection; the results of the simulation results which will
be utilized to train the data-driven models; the design of the
different machine learning algorithms employed in this study; and
the comparison of the performance of different machine learning
algorithms in predicting SAGD processes.

3.1. Comparison of different injection rate values and production
rate values

Two different operational parameters were tested, Injection rate
(Rinj) and production rate (RProd). Each time, only one parameter
value was changed while the other three parameters were kept
constant. To evaluate injection performance and production

performance, the cumulative oil (PO10), cumulative injection (IW11),
daily oil production, and daily water injection were compared. The
cumulative steam-oil ratio (CSOR12) is also utilized in some of the
parameters.

3.1.1. Production rate
Six different fluid production rates were tested in this study,

from the range of 100 m3/d to 600 m3/d with a step of 100 m3/d.
The injection performance and the production performance with
different production rates are shown in Table 2. Based on the re-
sults, the resultant cumulative injection and cumulative production
are not sensitive to a production rate when it falls between 500 m3/
d and 600 m3/d. The fluid production rate did not affect the SAGD
injection performance and production performance in this data
range. Too-large a production rate would not affect the SAGD
production.

When the production rate is equal to 400m3/d, the behavior of a
well changes. The cumulative production increased while the CSOR
decreased, as shown in Table 2. When the production rate is equal
to or lower than 300 m3/d which is equal to the injection rate, it
began to affect the injection rate. The injection rate decreases,
which leads to lower cumulative injection water. The cumulative
production of oil is also decreased while the CSOR is increased with
the production rate decreased.

3.1.2. Injection rate
Five different injection rate values were tested in this study,

from the range of 100 m3/d to 500 m3/d with a step of 100 m3/d.
The injection performance and the production performance with
different injection rates are shown in Table 3. It can be concluded
that a higher injection rate leads to higher cumulative injection and
higher cumulative production. The CSOR values from the models
were calculated and presented in Table 3. When the injection rate is
equal to or more than 200m3/d, the CSOR increased as the injection
rate increases. When the injection rate is equal to 100 m3/d, it also
has a higher CSOR. This may be resulted from the fact that a too low
injection rate cannot stimulate the oil sands adequately.

Fig. 8. An example process of the histogram-based algorithm in LightGBM.

Fig. 9. A example comparison of the asymmetric tree and oblivious tree.

Table 2
The comparison of the cumulative performances in the different production rate
values.

RProd (m3/d) PO (m3) IW (m3) CSOR

600 209,443.4 1,091,028 5.209
500 209,038.5 1,091,186 5.220
400 218,470.1 1,091,069 4.994
300 183,461.8 882,626.5 4.811
200 105,266.8 635,618.7 6.038
100 53,686.43 342,763.4 6.385
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Combined with the results of the production rate, the possible
range of the injection rate in this study is selected between 200m3/
d to 400m3/d while the production rate is in 400m3/d to 600m3/d.
For other operational parameters (Steam Temperature (Ts), Steam
Quality (w), and Preheating Period (tpre)), the possible range of
them is dependent on the previous paper and the data from the
Jackfish project.

The final data range of each operational condition parameter is
shown in Table 4. Each of them has its minimum value and
maximum value. Except for the Preheating Period (tpre) which only
has four discrete values, all of the other parameters are following a
normal distribution in their range.

3.2. The results of simulation models

After the ranges of those four operational parameters were
decided, a total of 1588model data points were created by the CMG
program. Each data point is combined with 12 input parameters
and 3 output parameters. The value of each data point input
parameter was randomly created in a rangewith an upper limit and
a lower limit following a normal distribution. The Latin hypercube
method in the CMOST programwas utilized to randomly picked up
the data from each input parameter to create a data group. A data
groupwas simulated by the CMG program to get the output results.
With the calculation and analysis of those output results, the three
output parameters were collected andwere combined with relative
input parameters to become the data point for the data-driven
model. After the data point creation, a simple sorting was
employed for the data group to ensure there is no repetitive input
parameter value in the data group. The statistic tables of those five
reservoir parameters and seven operational parameters are shown
in Tables 5 and 6. The values of those input parameters are evenly
distributed and there is no abnormal data concentration.

The maximum (Max), the minimum (Min), the average (Ave),
and the standard derivation (S.D.) of the three output parameters
are also shown in Table 7. The average value of the Start date is
around the 12th month while the End date is around the 72nd
month and the Duration is about 60 months.

In this study, a total of 1588 model data points were utilized for
different data-driven models, which is equal to a total of 19,056
SAGD input and 4764 output data points. Except for the model data
points, other 159 data points were created as the evaluation data
group which has different input parameter values. To find the best
parameter selection of each machine learning algorithm, each
model group was separated into two parts, a training data set and a
testing data set. The percentage of the train-test split is 10% which
means that randomly a total of 90% of the model data points were
selected as a training data set while the other 10% of the model data
points were selected as a testing data set. After the machine
learning algorithms are trained by the training data set and find
their best parameter selection or best architecture by testing with
the testing data set, they will be evaluated by those evaluation data
points as the new input data to check their prediction performance.

3.3. Machine learning algorithms design

3.3.1. ANN models
In this study, a basic multilayer perception (MLP13) network was

constructed in an ANN model to predict the output data. It has an
input layer for inputting the input parameter, an output layer for
reporting the predictions, and several hidden layers between them.
Three different MLP networks were created for predicting Start
date, End date, and Duration. Each of them had twelve neurons in
the input layer and one neuron in the output layer. The maximum
epoch number of those ANN models was selected as 5000.

The best selection for the number of hidden layers and the
number of neurons in each hidden layer can improve the prediction
accuracy of an ANN model. In this study, the number of hidden
layers in each ANN model is selected from two to four while the
selection of the neuron number in each hidden layer is selected
from two to twelve, except the first hidden layer which has the
same neuron number (12) with the input layer. As a result, a total of
11 kinds of ANN models with two hidden layers (ANN1), 121 kinds
of ANN models with three hidden layers (ANN2), and 1331 kinds of
ANN models with four hidden layers (ANN3) were tested and
compared. The prediction accuracy of those ANN models was pre-
sented by their RMSE and R2 values.

Table 3
The comparison of the cumulative performances in the different injection rate
values.

Rinj (m3/d) PO (m3) IW (m3) CSOR

100 63,465.43 365,240.7 5.755
200 182,469.2 728,390.8 3.992
300 209,443.4 1,091,028 5.209
400 218,029.5 1,453,634 6.667
500 244,056.6 1,761,521 7.218

Table 4
The statistic values of operational conditions used in this study.

Parameter Unit Min Max

Injection Pressure (Pinj) kPa 3500 4500
Production Pressure (Pprod) kPa 2500 3000
Injection Rate (Rinj) m3/d 200 400
Production Rate (RProd) m3/d 400 600
Steam Temperature (Ts) oC 225 260
Steam Quality (w) Fraction 0.8 1
Preheating Period (tpre) Month 3 6

Table 5
The statistic table of the five reservoir properties parameters.

Parameter Ave S.D. Min Max

Kh (mD) 2490.627 289.127 2000 3000
Kv/Kh Ratio 0.801 0.116 0.6 1
∅ 0.275 0.072 0.15 0.4
Swi 0.199 0.058 0.1 0.3
h (m) 27.461 7.160 15 39.99

Table 6
The statistic table of the seven operational conditions parameters.

Number Ave S.D. Min Max

Pinj (kPa) 4004.94 292.190 3500 4500
Rinj (m3/d) 299.204 58.060 200 400
Pprod (kPa) 2746.432 145.181 2500 3000
RProd (m3/d) 500.011 58.284 400 600
w 0.899 0.057 0.8 1
Ts (oC) 242.539 10.141 225 260
tpre (month) 4.485 1.115 3 6

Table 7
Statistic value of the SAGD production period parameter.

Ave S.D. Min Max

Start 12.15 6.73 4 39
End 72.21 40.05 8 234
Duration 60.06 37.46 3 218
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Before the ANN training, a Minmax Scaler normalization was
utilized to transform all the input data values into a unity range
[0,1] based on Eq 5. To keep improving an ANN model, the Adam
algorithm was utilized, and a rectified linear unit activation func-
tion was used instead of the traditional sigmoid activation function
in this study. To reduce the potential overfitting during the training
process which may affect the error function, an Early Stopping
method was employed in all the ANN models.

X* ¼ X � XMin

XMax � XMin
(5)

3.3.2. GBDT models
To find the best fit model for a data group, several parameters of

those three different GBDT algorithms were adjusted in this study,
including XGBoost, LightGBM, and CatBoost. The selected range for
each hyperparameter for those models is shown in Table 8. Among
those hyperparameters, some of them are the hyperparameter of a
decision tree, such as max_depth, num_leaves, and min_child_-
weight; others are the description of a data-driven model ability,
like learning rate and n_esitimate. The meanings of those hyper-
parameters in XGBoost and LightGBM have been introduced in
detail in the previous study [24]. Compared with the adjusted
hyperparameters in XGBoost and LightGBM, there are only four
hyperparameters that must be adjusted in CatBoost, including the
decision tree depth “depth”, the regularization parameter
“l2_leaf_reg”, and two machine learning model hyperparameters
“iteration” and “learning rate”, which each presents the number of
the iterations and the learning rate of a CatBoost model. In the
range of each hyperparameter value shown in Table 8, each selected
hyperparameter value was tested in each model and the best
hyperparameter group was chosen based on their RMSE values and
the R2 values.

3.3.3. Hyperparameter tuning
In this study, the hyperparameter tuning for an ANN model and

a GBDT model is different. For an ANN model, all the other pa-
rameters were kept the same while the architectures of the ANN
model were changed. Different neuron combinationswere tested in
each ANNmodel with different hidden layer numbers. Each time, a
total of 1463 ANN architectures were tested and compared in the

different data groups.
For a GBDT model, different value selections of the hyper-

parameters shown in Table 8 were tested. Some hyperparameters
were tested together. For example, the hyperparametersmax_depth
and min_child_weight were tested in the same group in XGBoost as
they are both hyperparameters for decision tree creation. After the
last hyperparameter group has found its optimal value, the data-
driven model updated its hyperparameter and then tested the
next hyperparameter group until all of them were tested. The
selected value of each hyperparameter was first picked up by the
Step Size. After all those values were tested and the best hyper-
parameter values were found, the Detail Size was used to find a
better value around the best hyperparameter values found before.
For each data group, all the ANN architectures or all the parameters
in XGBoost, LightGBM, and CatBoost are tested again to ensure their
fairness.

3.4. Results and comparisons of different machine learning
algorithms

A total of six different machine learning algorithms (ANN1,
ANN2, ANN3, XGBoost, LightGBM, and Catboost) with different
parameter selections were tested and compared in different
simulation data groups. In this study, different numbers of model
data groups were picked up to compare the effect of model data
numbers on the prediction accuracy. These machine learning al-
gorithms were trained with around 1588 data points. A subset
constituting 90% of the data (1,429) in each data set was utilized as
the training data to find the optimal parameters or the optimum
architecturewhile the remaining 10% of them (159) were applied as
the testing data of a trained model to assess its prediction capa-
bility. Except for those model data points, 159 evaluation data
points were also utilized to evaluate a model after training.

An example comparison process is shown based on the example
model shown before in Figs. 2e4. The Start date, End date, and
Duration values shown before are 7, 97, and 90, which are collected
from the simulation results. The XGBoost is utilized in this example
comparison. After being trained by 90% of the 1588 data-point sets
(1429 data-point sets), the example data set is selected as one of the
159 testing data-point sets and is tested in three different XGBoost
models. Twelve input parameters are sent into themodels and each
model predicts one of the output parameters. The results of the
prediction and the mismatch between it and the actual target are
shown in Table 9. After all the testing data sets are predicted and
their mismatch is calculated, the R2 and RMSE values are utilized to
calculate the prediction accuracy of the XGBoost algorithm on each
output parameter based on those mismatches.

3.4.1. Comparison of the model performance in different simulation
data number

To compare the effect of a model data number on prediction
accuracy, several of the machine learning algorithms were trained
with a model data group. The best prediction R2 and RMSE values of
the different machine learning algorithms are shown in Tables 10
and 11. A series of histograms were created to present the differ-
ences of the R2 value and RMSE value in the three output

Table 8
The hyperparameter selected ranges of different GBDT algorithms.

Algorithms Hyperparameters Min Max Step Size Detail Size

XGBoost max_depth 3 15 1 N/A
learning rate 0.01 0.2 0.01 0.001
n_esitimate 25 5000 25 1
min_child_weight 1 10 1 N/A
Gamma 0 2 0.1 0.01
subsample 0.6 0.9 0.1 0.01
colsample_bytree 0.6 0.9 0.1 0.01
reg_alpha 0 0.2 0.01 0.001

LightGBM max_depth 3 15 1 N/A
learning rate 0.01 0.2 0.01 0.001
n_esitimate 25 5000 25 1
num_leaves 5 100 5 1
max_bin 5 125 5 1
min_child_samples 1 101 10 1
subsample 0.6 0.9 0.1 0.01
colsample_bytree 0.6 0.9 0.1 0.01
reg_alpha 0 0.2 0.01 0.001
min_split_gain 0 1 0.1 0.001

CatBoost depth 3 15 1 N/A
learning rate 0.01 0.2 0.01 0.001
iteration 25 5000 25 1
l2_leaf_reg 0 0.2 0.01 0.001

Table 9
The results of the example model.

Actual Prediction Mismatch

Start 7 7.488 0.488
End 97 97.324 0.324
Duration 90 90.112 0.112
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parameters in different machine learning algorithms, as shown in
Figs. 10 and 11.

Based on the results above, it can be found that the prediction
accuracy of the End date is greater than that of the other two output
parameters while the Start date is much less accurate than the
other two output parameters. The best R2 value of the End date is
94.48% and the best R2 of the Duration value is 92.76%, which is
much higher than the best R2 value of the Start date 78.09%. On the
other hand, the Start date value also has the smallest RMSE value
which is around 3 while the RMSE values of the End date and
Duration are both more than 10. It might be because the ranges of
those SAGD production period parameters have many differences
between each other. The range of the Start date values is much
smaller than those of the End date and Duration values.

Comparedwith differentmachine learning algorithms in Figs.10
and 11, it can be found that the GBDT algorithms have a better
prediction accuracy on the Start date than the ANN algorithms
while the ANN algorithms have a higher R2 value and lower RMSE
value on the End date and Duration values. The R2 value of the Start
date is larger than 75% in the GBDT algorithms while it is smaller
than 70% in the ANN models.

Compared with different GBDT algorithms (XGBoost, LightGBM,
and CatBoost), the LightGBM has the highest prediction accuracy in
the Start datewhile the CatBoost has the highest R2 value in the End
date and Duration value. Compared with the other two GBDT al-
gorithms, the CatBoost not only has fewer hyperparameters to be
adjusted but also has a similar prediction ability to the other two
GBDT algorithms.

Compared with different ANN architectures (ANN1, ANN2, and
ANN3), ANN3 has the best prediction accuracy in all three output
parameters while ANN1 is the worst. It means that a larger layer
number may cause a more complex neural network which leads to
better prediction accuracy, but the different neuron numbers in
each hidden layer did not show an obvious pattern in the ANN
models.

3.4.2. Comparison of model performance by evaluation data
In this section, each machine learning model was evaluated by

the same 159 evaluation data points after being trained with its
best architecture or hyperparameter combination. An evaluated
model is based on the models which have the best prediction ac-
curacy in the 1588 data-point groups. After data-driven models
were trained by the model data group, they were evaluated by
evaluation data points. The prediction accuracy values of the
evaluation results in the Start date, End date, and Duration are
shown in Tables 12 and 13. Compared to the previous model results
in Tables 10 and 11, the R2 values in predicting evaluation data have
a little decrement, while the RMSE value is increased. A series of
histograms were created to present the prediction accuracy of the
different machine learning algorithms in the 159 evaluation data
points, as shown in Figs. 12 and 13.

Based on the results, the three GBDT algorithms still have a
better prediction accuracy in the Start date while the ANN models
also have a better prediction performance in the End date and

Duration value. The best R2 of the Start date is 73.3% in the XGBoost
algorithms. The ANN3 still has the highest prediction accuracy
(91.2% in the R2 value) in the End date while the CatBoost has the
best prediction ability in the Duration value (88.0% in the R2 value).

Compared with the different machine learning algorithms, the
CatBoost has the smallest drop down in predicting the End date and

Table 10
The R2 value of the different machine learning methods in the model data set.

R2 Start End Duration

XGBoost 76.27% 91.71% 90.39%
LightGBM 78.09% 92.15% 90.94%
CatBoost 71.93% 92.86% 91.34%
ANN1 62.79% 89.92% 87.73%
ANN2 63.15% 93.88% 90.60%
ANN3 67.38% 94.48% 92.76%

Table 11
The RMSE value of the different machine learning methods in the model data set.

RMSE Start End Duration

XGBoost 2.64 12.18 12.49
LightGBM 2.54 11.85 12.13
CatBoost 2.87 11.31 11.86
ANN1 3.31 13.43 14.11
ANN2 3.29 10.46 12.35
ANN3 3.10 9.94 10.84

Fig. 10. The comparison of the R2 value of the different machine learning methods in
the model data set.

Fig. 11. The comparison of the RMSE value of the different machine learning methods
in the model data set.

Table 12
The R2 value of different machine learning methods tested by the 159 evaluation
data points.

R2 Start End Duration

XGBoost 73.30% 85.70% 82.50%
LightGBM 70.00% 86.40% 84.20%
CatBoost 67.60% 90.80% 88.00%
ANN1 35.80% 88.60% 80.00%
ANN2 38.50% 89.70% 82.10%
ANN3 37.80% 91.20% 85.00%
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Duration value compared with the other two GBDT algorithms.
Compared with the R2 values in Tables 10 and 12 as shown before,
the R2 value of the CatBoost only drops around 3% while the R2

values of the other two algorithms drop around 6%e8%. The R2

value of an ANN model on the Start date prediction has a much
higher drop down and it also has a larger RMSE value. The pre-
diction accuracy of the End date did not change much while the
duration value drops about 7%e8%. As a result, the XGBoost is a
better choice in predicting the Start date. The ANNmodel (ANN3) is
still a better choice for the End date predictionwhile the CatBoost is
better than ANN3 for the prediction of Duration.

The reason that the XGBoost has a better prediction accuracy in
the Start date than the other two GBDT algorithms lies in a differ-
ence in their decision tree architectures. As introduced in the
methodologies, a LightGBM model follows a leaf-wise splitting
strategy in its decision tree growthwhile an XGBoostmodel follows
a level-wise one. The latter decision tree architecture can improve
the model accuracy and reduce time consumption, but it can also
cause an overfitting problem with a too-deep decision tree.
Compared with the results of an accuracy drop, it also showed that
the LightGBM model has a higher accuracy dropdown which may
have been caused by overfitting. For the CatBoost, its oblivious
decision tree architecture is not suitable for the Start date data set,
but it also presented a consistent result that has a less accurate
dropdown than the XGBoost model. For the ANNmodel, it employs
a complex neuron network architecture whose functions are like a
multiple high-order regression equation to predict data. Unlike
other GBDT algorithms which are the decision tree architectures,
ANN is more suitable for predicting a data set with a larger data
range or a more dispersed distribution (End date) while a decision
tree has better performance on predicting a data set with a smaller
data range or a more compact distribution (Start date).

3.4.3. Employing two output parameters to predict another output
parameter

As the results shown before, the End date and Duration value
have a higher R2 value than the Start date, and the Start date value is
the difference between the End date and Duration. On the other
hand, the RMSE of the Start date is smaller than the End date and
Duration value. It is a better choice to utilize the two output pa-
rameters to derive the third.

In this test, different machine learning algorithms were trained
by the 1588 model data points to predict the End date and Duration
values by their own best architecture or best hyperparameter
choice. Then thosemodels were utilized to predict the End date and
Duration values of the 159 evaluation data points. After calculating
their difference between the End date and Duration value as the
predicted Start date, those predicted Start date values were
compared with the original Start date values in the evaluation data
set. The results of those models are shown in Table 14. A series of
different machine learning algorithms, including ANN, XGBoost,
LightGBM and Catboost, were tested.

Compared with the previous results shown above in
Tables 12e14, the results of Table 14 are very poor, which have a
much higher RMSE value, and the R2 value is closed to zero. It is due
to the fact that two output parameter predictions all have mis-
matches and those mismatches were not totally counteracted in
calculating the start date value. But their RMSE is also smaller than
the RMSE in the End date or Duration which means that the mis-
matches were still partly counteracted. As a result, using a machine
learning algorithm to directly predict the start date value is better
than utilizing two models to predict the end date and duration and
then calculate the start date.

Another test is also created in which the end date and the start
date were utilized to predict the duration value in different ma-
chine learning algorithms. The workflow is similar to the previous
Start date test and the results are shown in Table 15. Based on the
results, the R2 value is similar to the results in Table 12. What is
more, an ANNmodel even has a better prediction performance. It is

Table 13
The RMSE value of different machine learning methods tested by the 159 evaluation
data points.

RMSE Start End Duration

XGBoost 2.77 15.77 16.53
LightGBM 2.92 15.38 15.74
CatBoost 3.04 12.61 13.71
ANN1 4.27 14.06 17.73
ANN2 4.18 13.35 16.76
ANN3 4.21 12.32 15.36

Fig. 12. The comparison of the R2 value of different machine learning methods in 159
evaluation data points.

Fig. 13. The comparison of the RMSE value of different machine learning methods in
159 evaluation data points.

Table 14
The R2 value and RMSE value of the End-Duration test in different machine
learning methods.

RMSE R2

XGBoost 5.168 6.10%
LightGBM 8.901 0%
CatBoost 6.695 0%
ANN 9.547 0%
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because the RMSE of the start date is much smaller than those of
the end date and duration. During the calculations, part of the
mismatch in the end date is counteracted which leads to a smaller
RMSE in the duration prediction and gets a better prediction
accuracy.

Based on the results shown before, an ANN model and a Cat-
boost model showed a higher prediction ability in the End date but
did not have the best prediction performance in the Start date
prediction, while the other two GBDT models have a better pre-
diction performance in the start date prediction. Therefore, a
combined model in which the XGBoost and LightGBM are utilized
to predict the Start date and the ANN and CatBoost are used for the
End date is created and tested by an evaluation data set.

The RMSE value and R2 value of the combined model are shown
in Table 16, which are worse than using an ANN model to predict
the Start date before in Table 15. It is because the prediction algo-
rithm in the GBDT is based on a decision tree which has a large
difference from the neural network architecture in an ANN model.
Their mismatch in these two different kinds of machine learning
algorithms is not counteracted as much as using the same machine
learning algorithm. Compared with a CatBoost model in Table 15,
the prediction accuracy of the CatBoost combined model did not
showmuch difference. But comparedwith an XGBoost model and a
LightGBM model before in Table 15, the prediction performance of
the combined model is better when the end date is predicted by an
ANN model or a Catboost model. As a result, using an ANN model
with multiple hidden layers (ANN3) to predict the end date and the
start date to calculate the duration value is a better choice.

3.4.4. Comparison of data-driven models and numerical simulation
Compared with the numerical simulation in the CMG program,

the average simulation time for each model is around 1 h while a
data-driven model only takes less than 25 s to be trained by the
1588 model data points and be utilized to predict those 159 model
data points. What is more, the numerical simulation will spend
more time collecting the production period information in drawing
production performance lines and judging a period in those lines.
The time for an ANN model to predict the 159 evaluation data
points after being trained by the 1588 model data points is around
24 s while the time for the GBDT algorithms is less than 10 s.
Compared with the numerical simulation, the computer time of a
data-driven model in the SAGD process was reduced to a small
fraction under the same computer conditions and this difference
will further increase with a more complex, heterogeneous SAGD
reservoir than the one currently simulated.

In terms of operational difficulty, a data-driven model does not
require a difficult and complex SAGD model construction, and it
requires less computational cost and less requirement of specific
tools than numerical simulation, which requires a certain program
(e.g., CMG) and a larger number of processors to run adequately.
But the data-driven model is also limited by input and output pa-
rameters. A data-driven model required re-training for new input
parameters and new target output parameters while numerical
simulation can calculate a series of target values with the same
SAGD model. On the other hand, a data-driven model requires a

large data set for the training. It cannot predict new data without a
training process while the numerical simulation can still calculate a
target based on relevant formulas. But with the development of the
SAGD production, engineers can employ more and more real-life
historical data in data-driven models.

The integration of the data workflow and machine learning al-
gorithms can also be offered in many other interesting applications
for the SAGD process. It shows a significant potential to extend the
data-driven algorithms for the SAGD production dynamical anal-
ysis. The results also serve to support the utilization of data-driven
models as efficient tools for predicting a SAGD production period.
But a data-driven model still has some limitations. It may need a
longer training time and a greater training data requirement with
more parameters. Besides, a data source of the training data may
also affect the prediction accuracy. As a result, more studies about
data-drivenmodels in the SAGD dynamical analysis are still needed
in the future.

4. Conclusions

In this study, a total of six different machine learning algorithms
were utilized to predict the Start date, End date, and Duration in a
SAGD production period. After the selection of a data range of each
input parameter, a series of SAGD parameters, including five
reservoir properties and seven operational conditions, were uti-
lized to simulated different SAGDmodels. Three output parameters
were collected based on the average daily production of oil, SOR,
and water-cut ratio of each SAGD model in each month, and 1588
model data points were employed to train the data-driven models
while other 159 evaluation data points were utilized to evaluate the
trained models. Based on the study results shown before, a number
of conclusions are drawn as follows:

(1) The GBDT algorithms are a better choice to predict the Start
date while the ANN algorithms have better prediction per-
formances on predicting the end date and duration values.

(2) Utilizing a machine-learning algorithm to directly predict
the start date value is better than utilizing two algorithms to
predict the end date and duration values and then calculating
the start date value. But using an ANN model (ANN3) to
predict the End date and the Start date, and then calculating
the duration value is better than directly predicting the
duration values.

(3) A combination of different machine learning algorithms did
not show a higher prediction accuracy than a single machine
learning algorithm.

(4) Utilizing data-driven models takes less computational time
than numerical simulation in predicting SAGD production
periods.
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Table 15
The R2 value and RMSE value of the End-Start test in different machine learning
methods.

RMSE R2

XGBoost 16.274 83.10%
LightGBM 15.962 83.80%
Catboost 15.443 84.80%
ANN3 13.410 88.60%

Table 16
The R2 value and RMSE value of the combined models.

RMSE R2

ANN-XGBoost 14.138 87.30%
ANN-LightGBM 14.377 86.80%
Catboost-XGBoost 15.358 85%
Catboost-LightGBM 15.577 84.60%
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