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Abstract: Conformance control is an effective method to enhance heavy oil recovery for cyclic-steam-
stimulated horizontal wells. The numerical simulation technique is frequently used prior to field
applications to evaluate the incremental oil production with conformance control in order to ensure
cost-efficiency. However, conventional numerical simulations require the use of specific thermal
numerical simulators that are usually expensive and computationally inefficient. This paper proposed
the use of the extreme gradient boosting (XGBoost) trees to estimate the incremental oil production of
conformance control with N2-foam and gel for cyclic-steam-stimulated horizontal wells. A database
consisting of 1000 data points was constructed using numerical simulations based on the geological
and fluid properties of the heavy oil reservoir in the Chunfeng Oilfield, which was then used for
training and validating the XGBoost model. Results show that the XGBoost model is capable of
estimating the incremental oil production with relatively high accuracy. The mean absolute errors
(MAEs), mean relative errors (MRE) and correlation coefficients are 12.37/80.89 t, 0.09%/0.059%
and 0.99/0.98 for the training/validation sets, respectively. The validity of the prediction model
was further confirmed by comparison with numerical simulations for six real production wells in
the Chunfeng Oilfield. The permutation indices (PI) based on the XGBoost model indicate that net
to gross ratio (NTG) and the cumulative injection of the plugging agent exerts the most significant
effects on the enhanced oil production. The proposed method can be easily transferred to other heavy
oil reservoirs, provided efficient training data are available.

Keywords: heavy oil reservoirs; cyclic steam stimulation; conformance control; numerical simulation;
extreme gradient boost (XGBoost) trees; prediction model

1. Introduction

Heavy oil and bitumen resources are estimated to be 158.43 billion ton, which account
for more than 2/3 of the worldwide oil reserves (236.73 billion ton), according to OGL’s oil
reserves summary [1]. The efficient development of heavy oil reserves is considered as a
significant means to add to world energy supply [2].

To date, thermal recovery is the primary method to improve the production of heavy
oils [3], among which cyclic steam stimulation (CSS) has proven a cost-efficient tech-
nique widely applied in field practices [4,5]. The CSS technology was first applied on
vertical wells [6,7] for heavy oil reservoirs with thick layers; it is, however, usually un-
economic to develop thin-layer heavy oil reservoirs, due to severe heat losses [8,9]. For
thin-layer reservoirs, the use of horizontal wells has proven to be more cost-effective than
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vertical wells [10], thus the CSS integrated with horizontal wells has been widely used
worldwide [8,9]. A significant issue with the CSS is that steam channeling exacerbated
greatly after multiple cycles of steam injections, due to reservoir heterogeneities [11,12].
The channeled steams along high permeability areas lead to reducing the sweep efficient,
and hence the oil recovery factors are approximately 10~20% [13,14].

The conformance control is an efficient technology to increase steam sweep efficiency
and oil recovery factors in heavy oil reservoirs [15,16]. To date, the high-temperature-
resistant gel [17,18] and foam [19,20] system are the primary agents that have been used to
realize conformance control [21,22]. The gel system is typically formulated using polymer
and cross-linker [23,24]. The primary plugging mechanism of gel is that the injected gel
flows through the high-permeability channels and remains therein, which plugs steam
channels effectively [25]. When gel is injected by injection wells, it can change the direction
of flow to a lower permeability zone and block the offended areas [26]. As a result, the
steam sweep efficiency is improved during steam injection operations and then excess
coproduction of injection fluids (i.e., steam and water) is reduced [25]. However, the
conventional cross-linker decreased the performance when the reservoir temperature
rises over 120 ◦C [27]. A number of gel systems that can be used in high temperature
conditions were invented [28,29] and have been implemented successfully on many heavy
oil reservoirs [30,31].

Foam system usually includes foam and other gas, such as nitrogen (N2) and carbon
dioxide (CO2), in addition to hydrocarbon gas [32,33]. Compared with CO2 and hydrocar-
bon gas, N2 is capable of better stability and flooding in high temperature reservoirs [34].
Foams injected into formation can increase the steam viscosity to stabilize the displacement
process and reduce the capillary by the presence of surfactant [35,36]. Foams can also
restrain steam overlying to the top of reservoirs and prevent steam channeling in the
high permeability regions [37]. Meanwhile, the foams help reduce the heat loss of steam
injection and steam migration, due to low thermal conductivity [38]. Compared with the
gel systems, the N2-foam system exhibits better temperature-resistance capability and is
beneficial to reducing underground heat loss [39,40]. However, the presence of oil has a
significant effect on the stability of foam [32,33]. Many experiments confirmed that they
could overcome this problem by optimizing the foaming agent system [41,42]. The injected
foam is capable of blocking the water flow pathways without affecting the oil, which
therefore is advantageous to reducing produced water volume.

It is important to evaluate the improved oil production of conformance control prior to
field implementation, in order to ensure the cost-efficiency. To date, preliminary evaluations
are commonly undertaken with numerical simulations, which require specific numerical
simulators that are usually expensive. Besides, numerical simulations are usually quite
time-consuming. Thus, it should be of practical significance to construct an accurate and
robust model for the fast prediction of the improved oil production of conformance control
after CSS. This paper proposes the use of the extreme gradient boost (XGBoost) [43,44]
to estimate the EOR of CSS, with a focus on the heavy oil reservoirs of the Chunfeng
Oilfield. The validity of the prediction model was tested using both synthetic and real field
production data. Sensitivity of the influencing factors was quantified using the permutation
information (PI) method.

2. Methods
2.1. Database

Valid and extensive data are mandatory for the construction of a reliable prediction
model based on supervised learning methods [45–47]. In this study, the datasets were
constructed by numerically simulating the CSS and the subsequent conformance control
process, based on the geological feature and fluid property of the Southern P601 block of
the Chunfeng Oilfield [48].
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2.1.1. Construction of the Geological Models

The reservoir models used for constructing the datasets were extracted from a pre-built
base geological model for the Southern P601 block in the Chunfeng Oilfield, which is an
extreme high-viscosity reservoir that is characterized with low thickness, high permeability
and high oil viscosity (Table 1). The base model for the Southern P601 block was initially
constructed using the sequential Gaussian–Bayesian simulation [49], based on the logging
data of 98 wells (Appendix A). A number of 200 scenarios of the sub-model were extracted
from the base model (Figure 1). Each extracted model consists of 40, 21 and 10 grid blocks
in the x-, y- and z-directions, respectively. The dimension of each grid block is 10 m, 10 m
and 0.5 m in the x-, y- and z-directions, respectively. The uncertainty of top depth, net to
gross ratio, permeability and porosity were considered in real reservoirs (Figure 2).

Table 1. The properties of the Southern P601 block in the Chunfeng Oilfield.

Property Minimum Value Max Value

Depth (m) 500 700
Thickness (m) 3 6

Porosity 0.18 0.41
Permeability (mD) 340 14,200

Formation temperature (◦C) 28 36
Formation pressure (MPa) 5.7 6.1
Viscosity at 34 ◦C (mPa·s) 55,000 57,211
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The heterogeneity has a great influence on production performance in heavy oil
reservoirs. Therefore, it is very necessary to consider the heterogeneity in numerical
simulation models of cyclic steam stimulations. To reflect the heterogeneity of heavy
oil reservoirs, we calculate the average of top depth, NTG, permeability and porosity in
numerical simulation models. Variation coefficient of permeability (vk see Equation (1)) and
permeability ratio (αk see Equation (2)) are also important parameters for the heterogeneity
of reservoirs. Therefore, we incorporate the average of NTG, permeability and porosity,
variation coefficient of permeability and permeability ratio into the geological features and
take them into account in XGBoost model training.

vk =
1
k

√√√√ 1
n

n

∑
j=1

(
k j − k

)2
(1)

αk =
kmax

kmin
(2)

where vk is the variation coefficient of permeability; k j is the average permeability of j layer;
k is the average permeability of reservoir; kmax is the maximum permeability of reservoir;
kmin is the minimum permeability of reservoir.
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2.1.2. Numerical Simulation Setup

Numerical simulations were conducted using the CMG’s STARS simulator in this
study. The STARS is capable of simulating water/gas/oil flow, heat transfer, plugging
agent chemical reactions and the associated plugging effects, which has been used widely
for predicting the performance of thermal recovery in heavy oil reservoirs [50,51].

The injection of high-temperature steam into heavy oil reservoirs tends to reduce the
oil viscosity and enlarge the two-phase flow span of relative permeability curves [52]. The
dependence of oil viscosity on temperature is shown in Figure 3. For relative permeability,
we defined saturation endpoints at different temperatures (Figure 4), and then relative
permeability can be determined by endpoint scaling due to the similarity [53]. The heat
loss through the roof and ceil layers was considered using the semi-analytical infinite-
overburden heat loss model that was proposed by Vinsome, P.K.W. [54]. Key thermal
parameters of the reservoir and formation fluids are given in Table 2.
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Table 2. The key thermal reservoir parameters.

Parameter Value

Reservoir rock thermal conductivity (J/m·day·C) 1.634 × 105

Water phase thermal conductivity (J/m·day·C) 5.99 × 104

Oil phase thermal conductivity (J/m·day·C) 9.77 × 103

Gas phase thermal conductivity (J/m·day·C) 1.9 × 103

Volumetric heat capacity of over-/under-burden rock (J/m3·C) 2.575 × 106

Thermal conductivity of over-/under-burden rock (J/m·day·C) 1.055 × 105

Thermal expansion coefficient 1 × 10−6

In this study, we considered two popular plugging agents that have been widely used
for conformance control, namely the gel and nitrogen foam. When cross-linker and polymer
were injected underground, they formed a mixture in the high permeability region that
is called in situ gel [55]. The blocking mechanisms of the gel are based on the adsorption
of injection chemicals in the porous media and the residual resistance factor (RRF) that
reduces the effective permeability [56,57]. We set that the value of RRF was 40 in our model.
Meanwhile, a chemical reaction was set up to complete the underground gelation process.
Firstly, three components of the gel are designed, including the xlinker, the xanthan and
the gel generated by the reaction. The chemical reaction rate is set at 16, and different gel
injections are simulated by controlling the injection amount of xlinker and xanthan. The
concentration of xlinker and xanthan is 0.002% and 0.1%.

Two methods, namely the mechanism method and the empirical approach, are im-
plemented in STARS to simulate nitrogen foam conformance control. In this study, the
empirical approach was used, considering foam plugging water without plugging oil,
through an interpolating relative permeability curve that decreased the fluidity of foam,
which needed fewer parameters and conveniently used the field scale [53,58]. The relative
permeability is interpolated based on a dimensionless “interpolation factor (FM)” that is
shown on Equation (3) [53].

FM =

{
1 + MRF

( ωs
ωsmax

)es
(

Smax
o − So

Smax
o

)eo
(

Nre f
c

Nc

)ev}−1

(3)

where FM varying between 1 (no foam) and (MRF)−1 (strongest foam) where MRF was
the maximum mobility reduction factor obtained via maximum surfactant concentration
(ωsmax) or capillary number (Nre f

c ), and was valued at 100, 5 × 10−5 and 2 × 10−4, respec-
tively, in our model. The es, eo and ev were exponents, and were chosen as simply 1, 1 and
0.3, respectively. Smax

o was the maximum oil saturation above which no foam will form and
the value of Smax

o was set at 0.6 in our model [59].
Three components (i.e., water, foaming agent and nitrogen) were used to generate

a nitrogen foam system. We controlled the injection rate of foaming agent and nitrogen
to simulate different injection rates of nitrogen foam. In the numerical simulation model,
relative parameters with the nitrogen foam system were set as follows: an injection rate
of nitrogen at 10,000 m3/d, foaming agent concentration of 0.6%, injection rate of the
foaming agent between 0.2 and 0.6 PV, injection temperature of 34 ◦C and injection mode
of continuous injection.

To perform CSS in the numerical simulation model, we set up an injection well at the
same location as the production well to simulate the injection of steam, and cycling group
events were used to control the cycles switch. Cycling group events included three cycle
parts (i.e., steam injection, soaking and production that were altered by setting the injection
rate, soaking time and production rate). When the oil rate reached 3 m3/d or the production
time lasted 180 d, a new cycle was started. Different cycle parts parameters were set in
different geological models, as operation features trained in XGBoost models. Steam quality
and steam injection temperatures also have an effect on well production performance [60].
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Hence, we also selected both steam quality and steam injection temperatures as operation
features. With the production continuing, oil rate did not meet our requirements, and
we took conformance control for production wells using different plugging agents in
different development stages (i.e., water cut, oil rate and oil recovery). After conformance
control in a cycle, the production well also performed ten cyclic steam stimulations in
the same operation parameters. Another cyclic steam stimulation model that had the
same production cycles was compared with the cumulative oil result of the model of
conformance control to calculate the oil increment of measures (Figure 1). The parameters
of development stages were also selected as training features to train the XGBoost model.

In conclusion, three types of feature parameters (i.e., geological parameters, operation
and conformance control timing) will be input data. Considering a reasonable range
of parameter variations, we generated 200 simulation cases for every plugging agent to
randomly make up the input database. Ranges of the geological parameters, operation and
conformance control timing are summarized in Table 3. According to the design above,
we constructed 800 numerical simulation models to obtain oil increments of conformance
control measure. Therefore, the datasets need to be collated after carrying out the numerical
simulations. Consequently, a total of 400 completed samples, including a different plugging
agent, composed of oil increment and corresponding parameters, constitute the production
dynamic database required for XGBoost training.

Table 3. Summary of the database used for constructing the estimation model.

Parameter Types Parameter Name Minimum Value Maximum Value

Geologic parameters

Top depth (m) 509.91 592.81
Porosity 0.29 0.36

Net to gross 0.36 0.80
Permeability (mD) 4217.06 6747.66

Variation coefficient of permeability 0.12 0.36

Operation parameters for
cyclic steam stimulation

Steam quality 0 1
Steam injection temperature (◦C) 270 350

Soak time (d) 2 7
Cumulative injection of plugging agent (PV) 0.2 0.8

Conformance control timing

Production rate (t/d) 25 40
Water cut (%) 60 95
Oil rate (t/d) 3.49 18.83

Oil recovery (%) 2.38 7.58

2.2. Principal of XGBoost Trees

The XGBoost is a supervised learning algorithm proposed by Chen [43] under the gra-
dient boosting framework. The XGBoost integrates multiple classification and regression
tree (CART) models to form a classifier with strong generalization abilities. Each CART
consists of a root node, a set of internal nodes and a set of leaf nodes (Figure 5a). Given a
dataset D = {(Xi, yi)}, (Xi ∈ Rm, yi ∈ R, i = 1, 2, . . . , n) that consists of n samples with m
feature variables, the XGBoost output is computed as the sum of the predicted values of a
number of K CARTs (Figure 5b), with the mathematical model expressed as

ŷi =
K

∑
k=1

fk(Xi), fk ∈ F (4)

where fk is the Kth independent tree; ŷi is the output computed using XGBoost tree. The
space of a CART tree (F ) is represented with

F =
{

f (X) = ωq(X)

}
,
(

q : Rm → T, ω ∈ RT
)

(5)
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where q is a decision rule that maps an example to a binary leaf index; ωq(X) is the fractions
of leaves that form a set; T is number of leaf nodes; ω is the weight of leaf.
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In order to establish the prediction model f(x), the following objective function L(φ)
is to be minimized

L(φ) =
n

∑
i

l(ŷi, yi) +
K

∑
k

Ω( fk) (6)

Ω( f ) = γT +
1
2

λ‖ ω ‖2 (7)

where l is a differentiable convex loss function; Ω is regularized terms that limit the
complexity of the model; γ is the coefficient of loss function; λ is the regularized term
coefficient; ω is the weight of the leaf.

The first term on the right side of Equation (6) is the loss function term that is a
differentiable convex function. For regression problems, the mean square error is common.
By adding the loss function, we can obviously reduce the mean square error. The second
term is the regularization term, which stands for the sum of the complexity of each CART.
In the process of minimizing the objective, XGBoost applies a series of techniques to control
the complexity of the model and prevent overfitting, e.g., regularization, optimize hyper-
parameters and set early stopping rounds [61–63]. For more details on the mathematical
formulations of the XGBoost model, readers are referred to [43,46,47].

2.3. Construction of the Prediction Model

In this paper, the open source XGBoost package in Python [43] was implemented
to construct the prediction model for the prediction of potential conformance control
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after multi-cycle steam stimulation on three types of input features, namely geological
parameters, operation and conformance control timing. There are thirteen parameters in
the database and the whole database was randomly divided into two parts, namely the
training (80%) and testing (20%) sets. The 320 samples consisting the training set were
used to train the XGBoost model and to determine the optimal hyperparameter values for
the XGBoost trees; the remaining 180 samples constructing the testing set were used to
examine the stability and robustness of the prediction model.

There is a type of parameter called hyperparameters in machine learning, which must
be set manually before the process of learning. Empirically, the optimal hyperparameters
can significantly improve the performance and effect of the XGBoost model. Learning rate
(LR) can improve the generalization ability of the XGBoost model by reducing the feature
weight. Min child weight (MCW) determines the sum of weight in a minimum child.
A large MCW value makes the boost model avoid learning part of the special samples,
while an exorbitant MCW value will lead to underfitting. Maximum tree depth (MTD)
is connected with the complexity of the ensemble model, and increasing the MTD value
can find more specific and more local samples [64–67]. The number of trees (n) is another
important hyperparameter; eliminating potential overfitting requires one to add a larger
n value and smaller LR value to the boosting model [68]. To get the optimal compound
mode of these four key hyperparameters, we adopt the K-fold cross-validation integrated
with the exhaustive grid search approach for the optimization [69–72].

In our XGBoost model, we first specify the range of hyperparameters that search the
space with manual tuning. Five grid values in each of hyperparameters will be adjusted,
and 5× 5× 5× 5 = 625 searching scenarios were produced (Table 4). There were remaining
hyperparameters that may exert minor effect on the performance, for which we adopted
default values [53,68]. For each searching scenario, the K-fold (K = 5) cross-validation
approach was applied to calculate the coefficient of determination (R2) for each fold.
The maximum averaged R2 on the 5-fold subsets was the optimal compound mode of
hyperparameters that will be set in our XGBoost model.

Table 4. Ranges of key hyperparameter values for the XGBoost used in cross-validation.

Hyperparameter Description Range

LR Learning rate used for preventing over-fitting 0.01, 0.05, 0.10, 0.15, 0.2
n The number of independent trees that form the ensemble 1000, 1500, 2000, 2500, 3000

MTD The maximum number of edges from the leaf to the root node 2, 3, 4, 5, 6
MCW The minimum sum of weights of all observations required in a child 1, 3, 5, 7, 9

γ The minimum loss reduction term required to further split a leaf 0
Subsample The ratio of observations for sampling to construct each tree 1

Column sample by tree The ratio of columns for sampling to construct each tree 1
α L1 regularization term on weights that is similar to lasso regression 0
λ L2 regularization term on weights that is similar to ridge regression 1

2.4. Evaluation of the Prediction Model

To quantitatively evaluate the performance of the prediction model, three statistical
matrices were used, namely the mean absolute error (MAE), mean relative error (MRE)
and coefficient of determination (R2), which are written as

MAE =
1
N

N

∑
i=1
|yi − ŷi| (8)

MRE =
1
N

N

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (9)

R2 =
N

∑
i=1

(yi − ŷi)
2

/
N

∑
i=1

(yi − y)2 (10)
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where yi and ŷi are the true and prediction models of the oil increment of conformance
control, respectively, y is the mean value of the calculated oil increment of conformance
control, and n is the number of data sample points.

3. Results and Discussion
3.1. Training and Validation of the Prediction Model

The exhaustive grid search approach integrated with the five-fold cross-validation
shows that the XGBoost predictions are obviously affected by the hyperparameter setting.
Table 5 gives the top five scenarios with the highest averaged R2. As can be observed,
both the MTD (3) and the LR (<0.1) are relatively small among these top five scenarios,
which is consistent with the previous studies [46,47,73] that recommended small MTD and
LR values in order to attain the strong generalization capability. The MCM is consistent
(7) among these five scenarios, which is larger than the default value given in [68]. A
higher MCW value is beneficial to the improvement of generalization capability for the
XGBoost model [74,75]. The number of trees (n) exhibits significant variations among these
five scenarios, which indicates that this hyperparameter exhibits a minor effect on the
prediction accuracy for the specific problem in this paper.

Table 5. Top five R2 for MTD, LR, MCW and n, determined with cross-validation.

No. MTD LR MCW n Average R2

1 3 0.01 7 3000 0.971
2 3 0.01 7 2500 0.970
3 3 0.01 7 2000 0.970
4 3 0.01 7 1500 0.969
5 3 0.05 7 1000 0.968

Figure 6 depicts the prediction results of different plugging agents for training sets
and testing sets using the constructed XGBoost prediction model (with the hyperparam-
eter values producing the highest R2). It is shown that the sample points in the training
sets for both N2-foam and gel are approximately located on the 45-degree line (Figure 6),
representing relatively high training accuracies. The majority of the data points in the
testing sets are grouped around the 45-degree line, although several outliers deviate obvi-
ously from the 45-degree line. Generally, the distribution of the data points in the testing
sets exhibits a more scattered pattern than the training sets, which may be attributed to
the uncertainties with the XGBoost modelling process [68]. Recall that the datasets were
generated using numerical simulations based on stochastic geological models and that
the information on the spatial heterogeneity was not included in the model input. As
the spatial heterogeneity exerts non-negligible effect on the thermal recovery of heavy
oil [76,77], the exclusion of information on spatial distribution of formation properties such
as NTG, porosity and permeability inevitably result in predication inaccuracies. To possibly
eliminate uncertainties with modeling process, we calculated average values of formation
properties as input parameters for XGBoost model. However, the same formation parame-
ters and input parameters inevitably include different spatial distributions. Nonetheless,
the evaluation matrices, as shown in Table 6, demonstrate overall acceptable error ranges
for the validation sets, indicating the constructed models have relatively strong robustness
and generalization capability in predicting the unseen data. Besides, this paper is targeted
at developing a prediction model for the preliminary screening of the conformance control
performance, in order to quickly determine the most suitable well(s) for possible field
applications of conformance control; thus, the modeling accuracies are generally acceptable
from the perspective of engineering applications.

3.2. Verification of the Model with Real CSS Horizontal Wells

In this section, the constructed prediction model was further verified with real CSS
horizontal wells in the P601 heavy oil reservoir of the Chunfeng Oilfield. Field production
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practices suggest that the CSS horizontal wells in the target area can be generally grouped
into three categories according to their production characteristics. The first type includes
wells that exhibit relatively initial high oil production rates (>20 t/d) and subsequent
sharply decreasing trends after approximately five to seven steam stimulation cycles
(Figure 7a). The second type of wells are characterized with a gradual climbing trend
of oil rates in the initial 5–7 steam stimulation cycles and then a decreasing trend after
7–10 steam stimulation cycles (Figure 7b). The peak oil rates are generally less than 20 t/d
for these type of wells. The third type of wells demonstrate relatively low oil rates (<10 t/d)
throughout the production life-span (Figure 7c), which were generally shut-in after only
5–10 steam stimulation cycles, due to uneconomic production rates (<2 t/d).
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Table 6. Summary of the evaluation matrices for N2-foam and gel.

Matrices N2-Foam Gel

Training set
MAE, t 5.25 12.37
MRE, % 0.57 0.09

R2, fraction 0.995 0.999

Testing set
MAE, t 45.93 80.89
MRE, % 5.01 0.059

R2, fraction 0.901 0.944

Whole set
MAE, t 21.41 26.07
MRE, % 2.6 0.019

R2, fraction 0.967 0.988
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A number of six horizontal wells with production characteristics that can be catego-
rized into one of the above three types were picked out from the target block. History
matching and subsequent conformance control simulations were conducted for these wells
(Figure 8). For each well, the properties for the N2-foam and gel were assigned with the
same identical values as previously set. Operational parameters associated with N2-foam
were set with an injection rate and total injection volume of 10,000 m3/d and 0.2 PV, re-
spectively. Operational parameters associated with gel generation were the injection of
polymer and xlinker, which were 0.2 PV and 0.02 PV, respectively.
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matching of cumulative oil and oil rates for P226, P235, P188, P185, X296 and X265, respectively. (g–l) History matching of
water cut for P226, P235, P188, P185, X296 and X265, respectively. P226 well and P235 well belong to the first type, P188 well
and P185 well belong to the second type and X296 and X265 belong to the third type.

Key reservoir parameters calibrated with history matching were used as inputs into
the XGBoost model to estimate the conformance control performance. Figure 9 compares
the predicted incremental oil productions using numerical simulations and using the
XGBoost model. As can be observed, the incremental oil productions estimated with the
XGBoost agree well with the simulated values for both the N2-foam and gel agents. The
MAE and MRE for the N2-foam agent are 67.65 t and 7.99%, respectively. The MAE and
MRE for gel agent are 132.68 t and 12.55%, respectively. These matrices suggest a relatively
strong reliability of the constructed model for evaluating the conformance performance of
real wells.

3.3. Quantitative Evaluation of the Input Feature Importance

In this section, the permutation importance (PI) [78,79] was used to quantify the effect
of each input variable to the incremental oil production using different plugging agents.
The PI is able to accurately evaluate the non-monotonicity of the input variable, which is
superior to other commonly used measures, such as Pearson and Spearman correlation
coefficients, which can only reflect linear correlations [78].
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Figure 10a showed that the NTG has the highest PI value and exerted the most sig-
nificant influence on the potential of N2-foam conformance control among all the factors
investigated. The net to gross can affect the value of geological reserves; therefore, the
geological reserves can make a great impact on the potential of N2-foam conformance
control. The PI of the N2-foam injection and variation coefficient of permeability are
comparable, which are slightly higher than that of oil recovery and steam quality. The
variation coefficient of permeability affected the degree of stratigraphic heterogeneity, and
the heterogeneity, to some extent, impacted the potential of N2-foam conformance control.
The steam quality can influence oil recovery of thermal recovery in the heavy oil reservoir,
so the PI of steam quality was similar to that of oil recovery. The PI of the oil rate was
less than the PI of the parameters mentioned above, and the oil rate can also affect the
potential of N2-foam conformance control. The injector temperature, soaking time, porosity,
water cut and production rate has the lower PI among all factors investigated and these
parameters had little influence on the potential of N2-foam conformance control. As a
summary, the ranking of input variables in terms of decreasing importance to the potential
of N2-foam conformance control was net to gross>>N2-foam injection> variation coeffi-
cient of permeability>oil recovery>steam quality>oil rate>injector temperature>soaking
time>porosity>water cut>production rate.



Energies 2021, 14, 8161 16 of 22

Energies 2021, 14, x FOR PEER REVIEW  17 of 23 
 

 

time, porosity, water cut and production rate has the lower PI among all factors investi‐

gated and these parameters had little influence on the potential of N2‐foam conformance 

control. As a summary, the ranking of input variables in terms of decreasing importance 

to  the potential of N2‐foam  conformance  control was net  to gross>>N2‐foam  injection> 

variation  coefficient  of  permeability>oil  recovery>steam  quality>oil  rate>injector  tem‐

perature>soaking time>porosity>water cut>production rate. 

 

Figure 10. PI values for input variables in (a) N2‐foam and (b) gel conformance control. 

Figure 10b showed the results of permutation importance of gel conformance con‐

trol. The process of calculation and sorting PI was similar to N2‐foam conformance con‐

trol, which need not be specifically described again. As a short summary, the ranking of 

input variables  in  terms of decreasing  importance  to  the potential of gel  conformance 

control were: oil recovery >> Net to gross > gel injection > steam quality > variation coef‐

ficient of permeability > oil rate > production rate > water cut >  injector  temperature > 

porosity > soaking time. Compared with the PI of N2‐foam conformance control, the oil 

recovery before conformance control can exert more significant impact on the potential of 

gel conformance control. This is due to the different conformance control mechanisms of 

N2‐foam and gel. Gel injected into formation blocks the steam channel and achieves the 

conformance control, while N2‐foam implements conformance control through two pro‐

cesses, one  is  that N2  is an  inert gas which can reduce  the heat  loss and maintain high 

temperature in formation, another is that foam prevents the flow of water and does not 

affect the flow of oil. Gel conformance control cannot hold the process of thermal recov‐

ery but N2‐foam can keep  this process. Therefore,  the oil recovery of  thermal recovery 

influenced by the potential of gel conformance control is more important than N2‐foam 

conformance control. 

Figure 10. PI values for input variables in (a) N2-foam and (b) gel conformance control.

Figure 10b showed the results of permutation importance of gel conformance control.
The process of calculation and sorting PI was similar to N2-foam conformance control,
which need not be specifically described again. As a short summary, the ranking of
input variables in terms of decreasing importance to the potential of gel conformance
control were: oil recovery >> Net to gross > gel injection > steam quality > variation
coefficient of permeability > oil rate > production rate > water cut > injector temperature >
porosity > soaking time. Compared with the PI of N2-foam conformance control, the oil
recovery before conformance control can exert more significant impact on the potential
of gel conformance control. This is due to the different conformance control mechanisms
of N2-foam and gel. Gel injected into formation blocks the steam channel and achieves
the conformance control, while N2-foam implements conformance control through two
processes, one is that N2 is an inert gas which can reduce the heat loss and maintain
high temperature in formation, another is that foam prevents the flow of water and does
not affect the flow of oil. Gel conformance control cannot hold the process of thermal
recovery but N2-foam can keep this process. Therefore, the oil recovery of thermal recovery
influenced by the potential of gel conformance control is more important than N2-foam
conformance control.

4. Conclusions

By coupling supervised learning and reservoir numerical simulation techniques, this
paper proposes a fast and accurate method for predicting the potential of conformance con-
trol for heavy oil after multi-cycle steam stimulation. We used the K-fold cross-validation
integrated with the exhaustive grid search approach to optimize the hyperparameters of
XGBoost. After training the boosting trees using a database obtained from numerical simu-
lations, the trained XGBoost model is capable of predicting the potential of conformance
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control for wells with better efficiency and accuracy. The performance of the new model
was examined by statistical matrices, including mean absolute error (MAE), mean relative
error (MRE) and coefficient of determination (R2). In addition, we used PI to quantify the
importance of each input variable for the potential of conformance control for N2-foam
and gel. Furthermore, this constructed model was implemented in real production wells
of the Chunfeng oilfield and achieved excellent results. The key results are summarized
as follows:

(1) The XGBoost model can predict the potential of conformance control by reproducing
the underlying correlation between each input feature and oil increment measures.
The statistical matrices (MAE, MRE and R2) for N2-foam are 5.25 t, 0.57% and 0.995 for
the training set and 45.93 t, 5.01% and 0.901 for the testing set, respectively. The
statistical matrices for the gel are 12.37 t, 0.09% and 0.999 for the training set and
80.89 t, 0.059% and 0.944147 for the testing set, respectively. For the two types of
plugging agent, the absolute relative errors for most of the data samples are less than
10%, and the maximum relative error is less than 20%.

(2) The input variables in a sequence of decreasing importance to the potential of
conformance control for N2-foam, as quantified by the PI, are net to gross>>N2-
foam injection>variation coefficient of permeability>oil recovery>steam quality>oil
rate>injector temperature>soaking time>porosity>water cut>production rate. While
for gel the PI are oil recovery>>net to gross>gel injection>steam quality>variation
coefficient of permeability>oil rate>production rate>water cut>injector tempera-
ture>porosity>soaking time. Different arrangements of PI are caused by the con-
formance control mechanism of N2-foam and gel.

(3) The XGBoost model showed excellent performance that predicted the potential of
conformance control for three types of real production wells in the Chunfeng oilfield.
The maximum absolute error and relative error were 186.49 t and 17.28%, respectively.
Comparing with the traditional numerical simulation method, our proposed model
reduced the prediction time greatly, with similar prediction accuracy. This method can
be applied in actual situations and provide a new view on the design of governance
processes after multi-cycle steam stimulation.
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Appendix A

Based on geological features of southern P601 block, we constructed the base geologi-
cal model by using random geostatistical simulation (i.e., the sequential Gaussian–Bayesian
simulation) [79]. The base geological model was imported to commercial numerical simu-
lation software (i.e., CMG [38]) generating a base numerical simulation model. The grid
top, net to gross ratio, permeability and porosity of numerical simulation model can be
seen in Figures A1–A4, respectively.
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78. Altmann, A.; Toloşi, L.; Sander, O.; Lengauer, T. Permutation importance: A corrected feature importance measure. Bioinformatics

2010, 26, 1340–1347. [CrossRef]
79. Mariethoz, G. A general parallelization strategy for random path based geostatistical simulation methods. Comput. Geosci. 2010,

36, 953–958. [CrossRef]

http://doi.org/10.1016/j.enbuild.2019.109564
http://doi.org/10.1016/j.petrol.2020.106937
http://doi.org/10.1016/j.aap.2012.08.015
http://doi.org/10.1016/j.tra.2018.02.009
http://doi.org/10.1016/j.aei.2019.100922
http://doi.org/10.1016/j.jad.2018.08.073
http://www.ncbi.nlm.nih.gov/pubmed/30153635
http://doi.org/10.1016/j.jag.2017.12.012
http://doi.org/10.1016/j.eswa.2017.02.017
http://doi.org/10.1016/j.ins.2021.04.063
http://doi.org/10.1016/j.eswa.2021.114892
http://doi.org/10.1016/j.petrol.2020.106954
http://doi.org/10.1016/j.fuel.2018.01.007
http://doi.org/10.1023/A:1010933404324
http://doi.org/10.1093/bioinformatics/btq134
http://doi.org/10.1016/j.cageo.2009.11.001

	Introduction 
	Methods 
	Database 
	Construction of the Geological Models 
	Numerical Simulation Setup 

	Principal of XGBoost Trees 
	Construction of the Prediction Model 
	Evaluation of the Prediction Model 

	Results and Discussion 
	Training and Validation of the Prediction Model 
	Verification of the Model with Real CSS Horizontal Wells 
	Quantitative Evaluation of the Input Feature Importance 

	Conclusions 
	
	References

