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*e objective of this study is to determine the influence of operational parameters of CO2 Huff-n-Puff EOR process in the Eagle
Ford shale oil reservoirs using response surface methodology (RSM). Single-factor analysis was first conducted for establishing the
Box-Behnkenmodel in RSM.We selected the primary depletion time, gas injection time, cycle number, production time per cycle,
and injection rate as the primary input variables using RSM.*e cumulative oil production and net present value are optimized as
the output factors. After that, Design of Expert 12 software was used to design the experimental table for the above setting factors.
Corresponding to the results taken from the optimization, the most significant factor is injection rate, followed by injection time,
cycle number, and primary depletion time, and production time per cycle is the least significant. Additionally, the optimum
responses were found as primary depletion time of 2.37 years, injection time of 3.4 months, cycle number of 3, production time per
cycle of 2.2 years, and injection rate of 5000MSCF/D. Moreover, correlation coefficient (R2) of the regression model is 0.9977, and
adjusted model R2 is 0.8898, which further indicates that the model has good reliability. Results show that RSM is a useful
technique for optimization, and it also provides insights into optimizing and designing the CO2 Huff-n-Puff process in the shale
oil reservoirs.

1. Introduction

In recent years, more attention has been paid to the specific
potential of unconventional reservoirs. Tight oil and shale oil
contribute to the oil production all over the world. *e
global energy landscape was changed by the successful
development of shale oil reservoirs in USA [1, 2]. Shale oil
reserves are rich with huge development potential in China
[3]. However, due to the low porosity and permeability of
tight reservoirs, conventional waterflooding is not ideal. CO2
injection has been proved to be a good choice to improve the
oil recovery in the unconventional reservoirs [4, 5].

Researchers carry out a series of studies to determine the
applicability of CO2-EOR process in the unconventional
reservoirs [6–8]. Song and Yang [9] have conducted several
experiments to evaluate the performance of CO2 injection in
enhanced oil recovery from tight oil reservoirs. Results

indicate that CO2 flooding results in a significant increment
in the oil recovery. Ding et al. [10] performed core flooding
tests to examine the performance of CO2 Huff-n-Puff
process, concluding that CO2 Huff-n-Puff injection is ca-
pable of effectively recovering tight matrix oil, but the
performance is impacted by matrix size and permeability.
Alfarge et al. [11] and Song et al. [12] found that molecular
diffusion is the main mechanism controlling the develop-
ment of CO2-EOR for shale oil reservoirs by combining
numerical simulation methods with field production data.
Hejazi et al. [13] optimized the cycle number for the CO2-
EOR used in the Bakken.

A number of numerical simulation studies have assessed
the impact of CO2 concentrations in tight oil reservoirs on
development [14–17]. Gamadi et al. [18] studied the effect of
circulating gas injection on shale oil reservoirs to improve oil
recovery and found that CO2 injection was better than N2
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injection. Yu et al. [19, 20] conducted numerical simulation
of CO2 Huff-n-Puff EOR process in Bakken tight oil res-
ervoir and found that CO2-EOR process significantly im-
proved the oil recovery. *ey also pointed out that CO2
diffusion coefficient is a key parameter affecting the ultimate
oil recovery. In the studies by Ma et al. [21], injection rate
and injection volume had a great influence on the perfor-
mance of enhanced oil recovery.

Zhang et al. [22] investigated the factors affecting the
CO2 Huff-n-Puff process in tight oil reservoirs; however,
only injection rate and CO2 diffusion coefficients are con-
sidered. Wang et al. [23] adopted the orthogonal experi-
mental design to analyze the influence of parameters in the
CO2 Huff-n-Puff process; however, injection time, soaking
time, and cycle number were not included in their models.
Moreover, they did not consider the interaction between
different parameters. Tang et al. [24] conducted a numerical
simulation study on CO2 injection in tight oil reservoirs, and
single-factor analysis was applied to optimize the CO2 Huff-
n-Puff schemes. However, it can only screen the listed
schemes, and the optimal design cannot be obtained in their
model.

As aforementioned, current studies focus on the single-
factor sensitivity analysis, and the mutual interactions be-
tween different parameters are always neglected. Addi-
tionally, the economic cost is also significant in the design of
CO2 Huff-Puff process [25, 26]. *erefore, a comprehensive
model for optimizing the operational parameters is essential.

At present, the main optimization algorithms include
RSM, ANN, and Taguchi orthogonal analysis. In the pre-
vious study, Taguchi orthogonal analysis is often used to
evaluate the influence factors of CO2 Huff-n-Puff process,
which can determine the general influential factor. However,
it cannot optimize the parameters of the actual projects,
which means that engineers still need some “empirical” to
set the value of parameters. Compared to the traditional
Taguchi orthogonal analysis, the RSM can get the multiple
regression equation relation according to the result of the
design of experiment analysis with multiple inputs and
outputs [27]. Within the scope of the experimental design of
planning, RSM can find the best combination of the de-
pendent variable in the experiments through the analysis of
regression equation. In this way, RSM could determine the
optimal combination plan and fill the limitation of Taguchi
orthogonal analysis. ANN has a similar optimization ability
to RSM, and, in most application cases, the fitting equation
and optimization scheme are slightly better than the results
of RSM. However, the information processing system in
ANN that simulates the biological human nervous system
needs more experimental samples before it can be suc-
cessfully modeled than RSM. Hence, RSM is thought to be a
good choice in the optimization analysis [28–31].

Among the experimental models in design of experi-
ment, RSM is outstanding in many fields such as the
chemistry, food science, and biology science [32–35]. In
recent years, RSM has gradually gained favor in the engi-
neering field [36–39], including in the oil-gas field devel-
opment [40–42]. RSM can not only build a continuous
variable surface model with limited experimental data

points, but also evaluate the interaction between the influ-
ential factors, which fills in the lack of research on the in-
teraction of factors in the current study. *erefore, RSM is a
useful tool for design and optimization in the CO2-EOR
operation.

In this work, we first conducted a series of single-factor
analysis of operational parameters in the CO2 Huff-n-Puff
process, including injection time, injection rate, soaking
time, production time per cycle, and cycle number. *e
cumulative oil production and economic benefits are se-
lected as the optimization outputs. Box-Behnken design was
then utilized to analyze the interaction between operational
parameters. Finally, the optimal CO2 Huff-n-Puff process
was obtained, and the economic benefits were also evaluated.
By introducing RSM into the optimization of CO2 Huff-n-
Puff process, the impacts of different parameters can be
effectively distinguished, and the optimal scheme can be
determined, which provides useful guidance for the design
and operation of CO2-EOR process.

2. Materials and Methods

2.1. Response Surface Methodology. In 1951, RSM was for-
mally proposed by British scholars Box and Wilson. With
mathematical statistics, design of experiment modeling and
statistics, the multiple input variables can be analyzed in
RSM. *e objective of this method is to determine and
optimize the effects on the dependent variable and degrees of
effects of input factors. By RSM, we can use the least number
of operations to evaluate the uncertain factors on the
quantitative evaluation of the influence of target size, which
can save time and money. *is method optimizes the re-
sponses by deriving the relationship between the input
parameters and outputs.

In order to obtain the optimal parameter value of the
experimental scheme and optimize the whole project
implementation, the following equation can be drawn:

y � f x1, x2, . . . , xz(  + ε, (1)

where y is the output, xi(i � 1, 2, 3, . . . , z) are the values of
input parameters, f(x1, x2, . . . , xz) is the regression equa-
tion obtained by regression analysis of the impact factors,
and ε is the error of the regression equation.

*e RSMneeds tomeet the requirement that the test area
is close to the optimal area; that is, the designed experimental
site should include the optimal experimental conditions. If
without the single-factor analysis, improper selection of
experimental points will be caused, and good optimization
results cannot be obtained by using RSM. *erefore, the
single-factor analysis is needed to determine the reasonable
factors and their ranges of value in the RSM, which is benefit
for screening significant factors and reducing the number of
experiments.

Box-Behnken design is a spherical design with rotation,
which greatly reduces the number of experiments compared
with the Central Composite Design experiment. For an
experiment with 6-factor and 3-levels, it only needs 54
experiments, and the interaction between parameters can
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still be considered [43]. With these characteristics, Box-
Behnken design is often acted as the preferred experimental
design in RSM.

In this study, we applied Box-Behnken design to de-
termine the influential factors of the CO2 Huff-n-Puff
project in the Eagle Ford shale oil reservoirs. According to
ANOVA, the significance and applicability of the regression
model can be tested and the degrees of the influence on the
dependent variable can be determined.*e RSM flowchart is
shown in Figure 1.

2.2.EconomicEvaluation. *emain purpose of CO2 Huff-n-
Puff process is to obtain economic benefits from oil and gas
extraction and incremental oil recovery. *erefore, opera-
tional costs should also be considered when designing the
relevant parameters of stimulation process. In this study,
cumulative oil production and economic benefits are set as
the objective to determine a feasible and reasonable CO2-
EOR project in the Eagle Ford shale oil reservoirs. *e
cumulative oil production at the end of 21 years is predicted
and the dynamic evaluation method is adopted to evaluate
the net present value (NPV).

*e NPV method refers to the net present value of the
net cash flow discounted to the initial construction period.
*e NPV is greater than 0 when the scheme generates
additional benefits, which is expressed as

NPV �


n
t�0 Ca − C0( t

(1 + e)
t , (2)

where n is the total prediction calculation period of the
investment plan; (Ca − C0)t is net cash flow in tth year; e is
the discount rate; (1 + e)t is the discount coefficient in the tth
year.

*e dynamic payback period, which is defined as the
time required when the sum of investment and income is 0,
is calculated. *e investment payback time after the project
put into production can be determined as


Pt

t�0 Ca − C0( t

(1 + j)
t � 0, (3)

where j is internal rate of return.
In the economic evaluation, the following assumptions

are made: (1) Excluding the interest of the construction
period, depreciation is divided into ten years. (2) Only crude
oil is produced from wells. (3) *e life period, construction
period, and production period of oil wells are determined
values. (4) *e benchmark discount rate is set as 9%.

*e sales revenue is the total revenue calculated by
combining the annual oil production at the current crude oil
price and the crude oil commodity rate (96%). Based on the
oil price in 21 years, the crude oil price of $50 per barrel is
now used for this calculation.

As reported, capital expenditure in oil and gas field
development includes one-time investment cost of hori-
zontal well and fracturing construction, ground supporting
cost of injection equipment, gathering and transportation
equipment, power and off-site system, and operating cost in

production. It mainly includes comprehensive costs such as
employee salary, test maintenance cost, engineering material
cost, and oil and gas processing cost. *e taxes are mainly
calculated as federal income taxes. Expenditure items are
shown in Table 1.

2.3. Reservoir Profile. In this study, a typical block in the
Eagle Ford is selected for the simulation study. *e CMG-
GEM module is used to establish the corresponding res-
ervoir model with the size of 7785 ft× 1300 ft× 100 ft. *ere
are 173 grids in x direction, 65 grids in y direction, and 1
block in z direction. One horizontal well is set in the middle,
which can act as the injection well or production well during
CO2 Huff-n-Puff process, as shown in Figure 2. *e basic
data of the reservoir model are listed in Table 2. It should be
noted that the reservoir heterogeneity is not included in this
model.

As detailed fluid composition data for the Eagle Ford
well is not available, the WINPROP module is used to es-
tablish a tight oil fluid model for the reservoir, using six
pseudocomponents including CO2, N2, C1, C2-C5, C6-C10,
and C11+. *eir critical properties and interaction param-
eters are shown in Tables 3 and 4, respectively. *e for-
mation volume factor of 1.65rb/STB, bubble point pressure
of 3446 psi, and gas-oil ratio of 1900 scf/STB were deter-
mined using the Peng-Robinson equation of state and flash
calculations. Relative permeability curves are taken from Yu
et al., which are obtained after history matching, as shown in
Figure 3.

3. Result and Discussions

3.1. Single-Factor Analysis. In this section, we conducted a
series of sensitivity analysis to determine the input pa-
rameters and their reasonable ranges in the CO2 Huff-n-Puff
process. Bottom-hole pressure, CO2 diffusion coefficient,
primary depletion time, CO2 injection time, CO2 injection
rate, soaking time, production time per cycle, and cycle
number are initially selected as the influencing parameters,
while cumulative oil production is set as the response value.
We only change one factor at one time while keep other
parameters as constant. Detailed results are illustrated in the
following sections.

Additionally, a base case of CO2 Huff-n-Puff process is
set with bottom-hole pressure of 1500 psi, diffusion coef-
ficient of 0.01 cm2/s, and primary depletion time of 2 years.
In each cycle, injection time of 4 months, CO2 injection rate
of 3000MSCF/D, soaking time of 1 month, and production
time per cycle of 2 years are set. *e well will experience 5
cycles during the total production time.

3.1.1. Bottomhole Pressure. Figure 4 shows the difference
between depletion and CO2 stimulation under different
bottom-hole pressure of 1000 psi, 1500 psi, 2000 psi, and
2500 psi, respectively. Results indicate that the production
gradually decreases in the case of depletion drive, and the
deviation between the CO2 Huff-n-Puff process and de-
pletion derive is more significant with the increase of
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bottomhole pressure. As shown in Figure 4, the production
of CO2 Huff-n-Puff process reaches the maximum when the
bottom-hole pressure is 1500 psi, after that, it gradually
decreases with the continuous increase of bottom-hole

pressure. Since bottomhole pressure has such a great in-
fluence on the production, the bottomhole pressure is set as
1500 psi in the following simulation, which could obtain the
highest cumulative oil production.

3.1.2. Injection Time. As shown in Figure 5, we set the gas
injection time as 2 months, 4 months, and 6 months, re-
spectively. It can be seen that cumulative oil production
increases with the increase of the injection time. However,
the increment with injection time increasing from 2 to 4
months is larger than that from 4 to 6 months.*erefore, the
injection time is determined as 4 months for the following
design, and the minimum and maximum levels are set as 2
months and 6 months, respectively.

3.1.3. Diffusion Coefficient. Figure 6 shows the improvement
of oil production with the CO2 Huff-n-Puff process with
CO2 diffusion coefficients of 0.0001 cm2/s, 0.001 cm2/s, and
0.01 cm2/s, respectively.

As shown, the CO2 diffusion coefficient has noticeable
impact on the production; additionally, for this specific
block, only when the CO2 diffusion coefficient is 0.01 cm2/s,
CO2 Huff-n-Puff process is more effective than depletion
production. *e CO2 diffusion coefficient is finally set as a
constant value of 0.01 cm2/s, not considered in the following
design.

3.1.4. Primary Depletion Time. Primary depletion time is
another important factor affecting the performance of CO2
Huff-n-Puff process. As shown in Figure 7, the depletion
production time is set as 1 year, 2 years, and 3 years, re-
spectively. We compared the production of depletion drive
and the CO2 Huff-n-Puff process under different depletion
production time of 1 year, 2 years, and 3 years. Results il-
lustrate that the depletion production time has a little in-
fluence on the increment of the cumulative oil production.
However, the length of depletion production time will affect
the economic costs. Considering the effect of increase cu-
mulative oil production and economic benefits, the primary
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Figure 1: RSM flowchart.

Table 1: Economic parameters used to evaluate NPV.

Item Value Unit
Commodity rate 96% —
Federal income tax 35% —
Oil price 50 $/bbl
Running cost 18.1 $/bbl
CO2 storage credit 2 $/MSCF
CO2 purchase price 1 $/MSCF
CO2 injection cost 1.5 $/MSCF
Inflation rate 9% —
Capital expenditure 4.986 million $

Figure 2: Schematic of reservoir model in the simulation study.

Table 2: Basic properties of reservoir and fractures.

Properties Value Unit
Reservoir temperature 270 °F
Initial reservoir pressure 8125 psi
Production time 21 Years
Number of gridlocks (x× y× z) 173× 65×1 —
Model dimension (x× y× z) 7785×1300×100 ft
Matrix porosity 0.7/12% —
Matrix permeability 0.01 md
Initial water saturation 0.3/17% —
Well length 6913 ft
Fracture half-length 210 ft
Fracture height 36 ft
Fracture conductivity 200 md-ft
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Table 3: Compositional data of the fluid components.

Component Molar
fraction

Critical pressure
(atm)

Critical temperature
(K)

Critical volume
(l/mol)

Molar weight
(g/mol) Acentric factor

CO2 0.01183 72.80 304.20 0.0940 44.01 0.2250
N2 0.00161 33.50 126.20 0.0895 28.01 0.0400
C1 0.11541 45.40 190.60 0.0990 16.04 0.0080
C2-C5 0.26438 36.50 274.74 0.2293 25.02 0.1723
C6-C10 0.38089 25.08 438.68 0.3943 103.01 0.2839
C11 0.22588 17.55 740.29 0.8870 267.15 0.6716

Table 4: Binary interaction parameters for components.

Component CO2 N2 C1 C2-C5 C6-C10 C11

CO2 0 0.0200 0.1030 0.1299 0.1500 0.1500
N2 0.0200 0 00310 0.0820 0.1200 0.1200
C1 0.1030 0.0310 0 0.0174 0.0462 0.1110
C2-C5 0.1299 0.0820 0.0174 0 0.0073 0.0444
C6-C10 0.1500 0.1200 0.0462 0.0073 0 0.0162
C11 0.1500 0.1200 0.1110 0.0444 0.0162 0
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Figure 3: Relative permeability curves [44]. (a) Water/oil relative permeability curve. (b) Gas/oil relative permeability curve.
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depletion time is finally set at 5 years, with a minimum level
of 3 years and a maximum level of 7 years.

3.1.5. Injection Rate. Figure 8 compared the well perfor-
mance with the gas injection rates of 1000MSCF/D,
3000MSCF/D, and 5000MSCF/D, respectively. As shown,
increase in the gas injection rate results in the higher

cumulative oil production. When the injection rate increases
from 3000MSCF/D to 5000MSCF/D, the increment with
injection rate increasing from 1000 to 3000MSCF/D is much
larger than that from 3000 to 5000MSCF/D. *at is, the
injection rate has a reasonable range. In the following design,
the injection rate is finally set as 3000MSCF/D. *e mini-
mum level is 1000MSCF/D and the maximum level is
5000MSCF/D.

3.1.6. Soaking Time. As shown in Figure 9, the difference
between depletive production and CO2 Huff-n-Puff process
under soaking time of 1 month, 2 months, and 3 months
indicates that soaking time has a minimal effect on the
improvement of cumulative oil production. In the previous
studies, soaking time has an effect within a certain range, and
beyond the upper limit of the range, the effect becomes
limited and can be ignored [28, 30]. Finally, the soaking time
was set as a fixed value of 1 month, which was not analyzed
as an engineering factor in the following.

3.1.7. Production Time per Cycle. Appropriate production
time during each cycle is essential for pressure maintenance.
As shown in Figure 10, we set the production time per cycle
as 1 year, 2 years, and 3 years, respectively.

Comparing the production of depletive drive and CO2
Huff-n-Puff process under different production time per
cycle, it can be found that production time per cycle has a
little effect on the increase in the cumulative oil production.
However, the length of the production time per cycle will
affect economic costs, which needs to be considered as
engineering factor. When this factor is 2 years, the depen-
dent variable reaches the maximum. As a result, the pro-
duction time per cycle is set at 2 years, with a minimum level
of 1 year and a maximum level of 3 years.

3.1.8. Cycle Number. As presented in Figure 11, cycle
number is set as 3, 5, and 7, respectively. When the number
of cycles increases from 3 to 5, the cumulative oil production
increases, but it begins to decrease with the cycle number
from 5 to 7. *erefore, the cycle number has an appropriate
range to maximize its effectiveness. For this specific block,
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Figure 8: Influence of injection rate on cumulative oil production.
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the production reaches the highest at cycle number of 5. In
the following design, the cycle number is set to 5, the
minimum level is 3, and the maximum level is 7.

3.2. Box-Behnken Design. With the single-factor analysis,
primary depletion time, injection time, cycle number,
production time per cycle, and injection rate are selected as

the input variables in the Box-Behnken design. *e input
variables and their levels are shown in Table 5. “−1”and “1”
represents the minimum and maximum of the variables.
Design of Expert 12 was used to select Box-Behnken design
module and input the prescreened single factor and its level
range. A response surface analysis table was designed au-
tomatically by Design of Expert 12, and 46 experiments were
obtained. After setting the Box-Behnken design models, 46
groups of reservoirs simulation models are totally run by
CMG-GEM module, and the cumulative oil production and
accumulated cash flow of each scheme are selected as the two
output parameters. Since economic evaluation has its own
formula, it is not included in the regression analysis, but it
still needs to be taken into consideration in Box-Behnken
design as a response value.

Regression analysis was conducted on the cumulative oil
production to screen out the applicable model. Table 6 il-
lustrates the fitness for different regression methods. As
listed, the quadratic model is used for the regression analysis
in this study, which provides higher correlation coefficient
(R2). After that, variance analysis (ANOVA) was applied to
offer the numerical information for the parameters and their
combination terms.

Table 7 shows ANOVA results and the most important
parameter in ANOVA results is p-value. *e p-value is
described as the probability of accidental occurrence of
dependent variable results, and if the p-value of a factor is
less than 0.05, it indicates that this factor has an important
effect on the developedmodel [45]. F-value is the ratio of two
variances and it is always combined with p-value to de-
termine the importance of each factor. Factors that have
higher F-value result in more significant influence.

As shown in Table 7, the p-value of the model is less than
0.0001, indicating that the cumulative oil production has a
very significant regression relationship with its respective
variables, which can better reflect the real linear relationship.
In terms of quadratic coefficients, p-value of production
time per cycle is higher than 0.05, meaning that it is less
important for the cumulative oil production. *e value of p

for other factors are less than 0.0001, indicating that they
have the greatest impacts on the cumulative oil production.

Figure 12 also presents the significance of each influ-
ential factor. *e Y value of 0 is taken as the reference; the
larger the deviation of each curve is, the greater the influence
of the corresponding factor on the response value will be. As
shown, the injection rate is the most significant, which has
the largest deviation, while the production time per cycle
with the smallest deviation is the least significant. Hence, the
order of influence of various factors on the cumulative oil
production of CO2 Huff-n-Puff process is injection rate-
> injection time> cycle number> turn time> production
time per cycle. Additionally, the p-values of interaction
parameters AC, AD, BC, CD, CE, DE, A2, B2, C2, D2, and E2
are also less than 0.05, which demonstrates that they have
extremely significant influence on the cumulative oil pro-
duction difference.

Figure 13(a) shows the normal probability plots of re-
siduals for the cumulative oil production, which is a diag-
nostic tool to assess the validity of the model. It also can be

No CO2 1 2 3

Cu
m

ul
at

iv
e O

il 
Pr

od
uc

tio
n 

(M
bb

l)

Soaking Time (month)

300

350

400

450

500

550

600

650

700

Figure 9: Influence of soaking time on cumulative oil production.
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evaluated by Figure 13(b), which shows a scatter plot of real
andmodel predicted values.*e coefficient of determination
R2 is utilized to check the proposed model. R2 value closing
to 1 means that the compatibility between experiments and
the results obtained from the proposed model is high.

*us, a reasonable regression equation for the influence
of the input variables on the response value is generated, as
shown in (4). In this equation, y is the value of cumulative oil
production.

y � 612.23 + 3.56A + 13.86B

+ 6.8C + 1.01D + 23.39E − 2.28AB

− 3.19AC − 2.94AD − 0.335AE − 7.98BC

− 1.37BD − 2.56BE − 8.9CD − 7.97CE − 2.9DE

− 2.24A
2

− 7B
2

− 9.55C
2

− 5.93D
2

− 10.17E
2
.

(4)

Table 5: Input variables and levels in Box-Behnken design.

Code Factors Units −1 0 1
A Primary depletion time Year 1 2 3
B Injection time Month 2 4 6
C Cycle number — 3 5 7
D Production time per cycle Year 1 2 3
E Injection rate ×103MSCF/day 1 3 5

Table 6: Fit summary.

Source Sequential p-value Lack of fit p-value Adjusted R2 Predicted R2

Linear <0.0001 <0.0001 0.8144 0.7924
2FI 0.0799 <0.0001 0.8494 0.8227
Quadratic <0.0001 0.0684 0.9958 0.9910 Suggested
Cubic 0.2694 0.0718 0.9967 0.9622 Aliased

Table 7: ANOVA for quadratic model of cumulative oil production.

Source Sum of squares df Mean square F-value p-value
Model 15275.88 20 763.79 531.81 <0.0001 Significant
A 202.9 1 202.9 141.27 <0.0001
B 3072.51 1 3072.51 2139.31 <0.0001
C 738.87 1 738.87 514.46 <0.0001
D 16.45 1 16.45 11.46 0.0024
E 8754.5 1 8754.5 6095.53 <0.0001
AB 20.76 1 20.76 14.46 0.0008
AC 40.81 1 40.81 28.41 <0.0001
AD 34.57 1 34.57 24.07 <0.0001
AE 0.4489 1 0.4489 0.3126 0.5811
BC 254.72 1 254.72 177.36 <0.0001
BD 7.5 1 7.5 5.22 0.031
BE 26.14 1 26.14 18.2 0.0002
CD 317.05 1 317.05 220.76 <0.0001
CE 253.91 1 253.91 176.79 <0.0001
DE 33.63 1 33.63 23.42 <0.0001
A2 43.71 1 43.71 30.44 <0.0001
B2 427.68 1 427.68 297.79 <0.0001
C2 796.24 1 796.24 554.4 <0.0001
D2 306.4 1 306.4 213.34 <0.0001
E2 903.3 1 903.3 628.94 <0.0001
Residual 35.91 25 1.44
Lack of fit 33.74 20 1.69 3.9 0.0684 Not significant
R2 0.9977
Adjusted R2 0.9985
Predicted R2 0.9910
Adeq precision 93.1149
Pure error 2.16 5 0.4322
Cor total 15311.78 45
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3.3. Evaluation of Influencing Factors and Prediction of the
Optimal Scheme. *e graph of the RSM method is a three-
dimensional spatial graph and a contour map on a two-
dimensional plane composed of factors corresponding to the
specific response value (cumulative oil production). *is
typical graph can intuitively reflect the influence of each
factor on the response value. *e shape of the contour map
reflects the strength of the interaction. A steeper response
surface curve indicates a stronger interaction. Figure 14
shows the response surface diagram of several factors

with significant interaction judged by the F-value (as higher
as possible) in Table 7. Cumulative oil production is set as
the response value. As shown in Figure 14, it can be seen that
the surface has a partial convex arch, which corresponds to
the innermost circle region of the lower two-dimensional
contour graph. If the shape of the innermost line deviates to
the circle line, it means the obvious interaction. We can see
the inner circle of Figure 14(b) is more elliptical meaning
that the interaction of factor C and D is more obvious, which
is also confirmed by their maximum F-value in Table 7.
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Figure 13:Model validation between predicted and actual values. (a) Normal plot of residuals. (b) Scatter plot of actual and predicted values.
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Furthermore, the denser the contour line in a certain di-
rection, the greater the influence of the factor on the re-
sponse value. As shown in Figure 14(c), the number of
contour lines in the direction of factor E is 5, which is more
than that in the direction C, indicating that factor E has a
greater influence on the response value in the interaction
between factor C and E.

*e collective effect of injection time and cycle number
on the cumulative oil production are presented in
Figure 14(a). *e cumulative oil production increases at the
beginning and then decreases with the rising injection time
and cycle number. *e maximum cumulative oil production
is found as 618Mbbl. Figure 14(b) provides the interaction
of cycle number and production time per cycle. Increasing
the cycle number and production time per cycle will lead to a

reduction in the cumulative oil production. Moreover, the
cumulative oil production rises as expected with the in-
cremental injection rate, and it also can be seen that surface
color change is rich, which means these factors has a good
interaction, as seen in Figures 14(c) and 14(d).

Based on the data obtained from the single factor ex-
periment, the combination of factors and levels used in the
design of the Box-Behnken model was determined. After a
comprehensive analysis of the two response values of cu-
mulative oil production and cumulative cash flow, the fol-
lowing optimization conditions can be obtained: primary
depletion time is 2.37 years, injection time is 3.4 months,
cycle number is 3, production time per cycle is 2.2 years, and
injection rate is 5000MSCF/D. For this optimal design, the
forecast of cumulative oil production is 614.663Mbbl, and
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Figure 14:*ree-dimensional response surface plots of reciprocal action effects between different parameters on cumulative oil production.
(a) Injection time and cycle number. (b) Cycle number and production time per cycle. (c) Cycle number and injection rate. (d) Production
time per cycle and injection rate.
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the cumulative cash flow model forecast is 4476.86 thousand
dollars.

We also run the simulation with these optimized pa-
rameters, and the simulation results of the cumulative oil
production is 600.124Mbbl, with an error of 3%; the cu-
mulative cash flow is 4234.626 thousand dollars, with an
error of 5%. Hence, the prediction model is reliable and
reasonable in the design of CO2 Huff-n-Puff operation.

4. Conclusion

In this study, RSM is applied to analyze the influential factors
and optimize the operating parameters of CO2 Huff-n-Puff
process in the Eagle Ford shale oil reservoirs. Box-Behnken
design is used to determine the input variables and ANOVA
is utilized to analyze the compatibility of the proposedmodel
and the importance of operating factors. According to the
experimental results, the following conclusions can be
drawn for this typical block:

(1) With the single-factor analysis, the effect of soaking
time on cumulative oil production is negligible.

(2) Corresponding to the results taken from the opti-
mization, the order of influential factors in this
specific CO2 Huff-n-Puff process is injection rate-
> injection time> cycle number> primary depletion
time> production time per cycle.

(3) Based on the RSM results, the optimal operating
parameters for the CO2 Huff-n-Puff process are
determined as primary depletion time is 2.37 years,
injection time is 3.4 months, cycle number is 3,
product time per cycle is 2.2 years, and injection rate
is 5000MSCF/D.

(4) *e little deviation of R2 between the predicted and
adjusted model illustrates the accuracy of the pro-
posed model. Adeq Precision (93.1149) which is
larger than 4 further indicates the good reliability.

(5) *is study provides a comprehensive tool to effi-
ciently optimize the CO2 Huff-n-Puff process in the
unconventional reservoirs, and it also can success-
fully determine the best operating parameters to
achieve the optimal solution.
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