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A novel modified adaptive neurofuzzy inference system with smoothing treatment (MANFIS) is proposed. (e MANFIS model
considered the smoothing treatment of initial data basing on the adaptive neurofuzzy inference system, and we used it to predict
oilfield-increased production under the well stimulation. Numerical experiments show the prediction result of the novel
considering smoothing treatment is better than that without smoothing treatment. (is study provides a novel and feasible
method for prediction of oilfield-increased production under well stimulation, and it can be helpful in the further study of oilfield
development measure planning.

1. Introduction

We all know, oil is the strategic energy of the country, and
the geological structure of the reservoir is complex [1],
especially in China. Measures to increase production are
necessary when oilfield development reaches a certain
period and are diverse [2]. (e common measures are
carbon dioxide huff and puff, fracturing, acid fracturing,
plugging removal, back production, and so on. (e type of
reservoir are various, such as shallow natural water drive
reservoirs, middle and deep water injection development
reservoirs, deep-low permeability reservoirs, dissolved gas
drive reservoirs, and buried hill carbonate reservoirs . Each
well stimulation has its characteristics and each reservoir
has its own unique geological parameters. Measures to
increase production are affected by many factors and the
effect of increasing oil is different for different measures
[3, 4]. Measures to increase oil production affect the
economic benefit of the whole oilfield, and the accurate
prediction of oilfield-increased production under the well
stimulation can maximize the economic benefit of the oil
field [5, 6]. Prediction of oilfield-increased production is an
important basis for the adjustment of oilfield development

scheme [7], so it is of great significance to study the pre-
diction method of oilfield-increased production under the
well stimulation.

Artificial network-based fuzzy inference system
(ANFIS) was proposed by Jang [8], and the system has been
widely applied to research on prediction, such as drought
forecasting, predicting sediment transport in clean sewer,
wind power forecasting, estimation of elastic constant of
rocks, prediction of swell potential of clayey soils, hy-
drologic model prediction, and hydropower stream flow
forecasting [9–15]. Over the past two decades, many ex-
perts and scholars have improved the performance of the
artificial network-based fuzzy inference system. Dehghani
et al. [16] added the grey wolf optimization to adaptive the
neurofuzzy inference system and improved the prediction
performance of the ANFIS. Mostafaei et al. [17] evaluate
and compare the prediction and simulating efficiency of the
response surface methodology and adaptive neurofuzzy
inference system. Mostafaei [18] designed ANFIS models
and generated three fuzzy inference systems structures:
grid partition, subtractive clustering, and fuzzy c-means,
which are to predict the cetane number of biodiesel.
Aghbashlo et al. [19] interfaced three different fuzzy
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optimization methods with the adaptive neurofuzzy in-
ference system as a modeling system. Janiga et al. and
Sayyafzadeh [20, 21] give the different self-adaptive
methods. Vardian et al. [22] obtained an excellent ANFIS
model with low error, which presented all data influencing
the reservoir characteristics to the ANFIS. Haghiabi et al.
[23] predicted the discharge coefficient of triangular lab-
yrinth weir using the multilayer perceptron neural network
and adaptive neurofuzzy inference system. Janiga et al. [24]
employed nature-inspired optimization algorithms to
evaluate the potential of production boost, and nature-
inspired algorithms outperform widely, report optimiza-
tion methods, and provide a higher quality solutions.
Smoothing treatment is an important means in the field of
mathematical research [25]. Any collected data may con-
tain outlier point and seriously affect the accuracy of data
prediction [26]. (e ANFIS uses the training capability of
ANN to assign and adjust the membership functions. (e
backpropagation algorithm enables the model to adjust the
parameters until an acceptable error is reached [14]. For
this purpose, the adaptive neurofuzzy inference system
(ANFIS) was coupled with smoothing treatment to forecast
the oilfield-increased production based on the measured
data. (is method is capable to facilitate the prediction of
oilfield-increased production.

(is paper presents novelties in two aspects.(e first: the
optimization adaptive neurofuzzy inference system with
smoothing treatment and the operation flow of the novel
method is built . (e second: the optimization adaptive
neurofuzzy inference system with smoothing treatment is
applied to prediction of oilfield-increased production under
the well stimulation.

(e rest of the paper is organized as follows. In Section
2, we introduced the study experimental dataset and the
details of ANFIS modeling with smoothing treatment. In
Section 3, we carry out numerical experiment and analysis
of model application. Finally, we draw our conclusions in
Section 4.

2. Materials and Methods

2.1. Description of the Study Experimental Dataset. (e
geological structure of the oil reservoir is complex, espe-
cially in China. A large oilfield contains a variety of res-
ervoir geological types, such as shallow natural water
flooding reservoir, low-permeability reservoir, and me-
dium-permeability reservoir. (e primary purpose of oil-
field development is to increase production. It is necessary
to carry out well stimulation to increase production, and
the oilfield well stimulation includes multiple types, such as
carbon dioxide huff and puff, minus punch, and fracturing.
(e effect of different well stimulation on increasing
production is different, and well stimulation is affected by a
variety of factors. So, prediction of increasing oil pro-
duction according to the changed data of factors affecting
the well stimulation, which is a complex multifactor dy-
namic change prediction problem.

In this paper, prediction of oilfield-increased production
was studied under two well stimulations: carbon dioxide huff
and puff and fracturing. (ere are many factors affecting the
oilfield-increased production of carbon dioxide huff and puff
well stimulation, including remaining oil saturation, reser-
voir thickness, formation pressure coefficient, number of
huff and puff, viscosity, natural fracture permeability, po-
rosity, artificial fracture permeability, artificial fracture
length, and injection-production technology. But, some
factors are unchanged in the process of oilfield production.
(e statistics of some factors are difficul. Considering all the
factors of well stimulation, we can accurately predict the
increased production by well stimulation, but it is impossible
or difficult to obtain the data of all influencing factors. To an
extent, some factors can reflect the law of increased pro-
duction. So, according to the actual oilfield development
data, only four main control factors affecting the increased
production of well stimulation were selected, the main
control factors are shown in Table 1, and the main control
factors can be adjusted according to the actual monitoring
data of the oilfield. Figure 1 shows the oilfield monthly
increased production of carbon dioxide huff and puff well
stimulation from 2014 to 2016. Figure 2 shows the oilfield
monthly increased production of fracturing well stimulation
from 2015 to 2016.

2.2. Adaptive Neurofuzzy Inference System. Artificial neural
network has strong self-learning and adaptive ability, but
it cannot express reasoning function well. (e fuzzy
system has good reasoning function, but it has no
adaptive ability. Jang developed the adaptive neurofuzzy
inference system (ANFIS) [8], which includes the ad-
vantages of neural network learning mechanism and
fuzzy system reasoning ability. Generally, the T-S fuzzy
model is transformed into an adaptive network in order
to realize the learning process of the model, and the
general schematic architecture of the adaptive neurofuzzy
inference system is shown in Figure 3, which includes five
layers. All are fixed nodes, except the first and fourth
nodes, which are adaptive nodes. Figure 3 shows the
architecture of the adaptive neurofuzzy inference system
with two inputs. However, in the paper we studied the
adaptive neurofuzzy inference system with four inputs,
and the adaptive neurofuzzy inference system with four
inputs, as shown in Figure 4.

(e adaptive network is a multilayer feedforward net-
work. (e parameters of the nodes are obtained by data
training. (e significance of each layer is given for the
adaptive neurofuzzy inference system with n inputs as
follows [16, 27]:

Layer 1: it is the membership function layer of the input
variable, which is responsible for fuzzification of the
input signal. (e nodes act adaptive in generating the
membership grades of the inputs and the node i has an
output function:
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O
1
i � μAi

(x), i � 1, 2, . . . , n,

orO
1
i � μBi

(y), i � 1, 2, . . . , n,
(1)

where x and y is the input of node i, Ai andBi are the
fuzzy sets. n is the number of inputs. O1

i is the mem-
bership function value of Ai andBi, where indicates the

degree of x and y belongs toAi, Bi. Membership function
μAi

and μBi
depend on the front piece parameters.

Layer 2: it is the regular strength release layer. In this
layer, the signals are multiplied at the node:

O
2
i � ωi � μAi

(x) × μBi
(y), i � 1, 2, . . . , n. (2)

Layer 3: it is the normalization layer.(e normalization
reliability of the rule i is calculated at the node i:

O
3
i � ωi �

ωi

ω1 + ω2 + · · · + ωn

, i � 1, 2, . . . , n. (3)

Layer 4: it is the output layer for calculating the fuzzy
rule. Each node in this layer is an adaptive node in the
layer and the output of node i is

O
4
i � ωifi � ωi pix + qix + ri( , i � 1, 2, . . . , n, (4)

where ωi is the output of layer 3. pi, qi, ri  is the pa-
rameter set and it is also called the postpiece parameter.
Layer 5: it is a fixed node and it calculates the total
output of all input signals:

O
5

� ωifi �
ωifi

ωi

, i � 1, 2, . . . , n. (5)

If the previous parameters are determined, the output
of the adaptive neurofuzzy inference system can be
represented as a linear combination of the postpiece
parameter:

O
5

� 
n

i�1
ωif � 

n

i�1
ωix( p1 + ωiy( q1 + ωir1( . (6)

2.3. ANFIS with Smoothing Treatment. (e purpose of
smoothing treatment is to eliminate the outliers of the
original monitoring data and to increase the credibility of
the prediction index. X is the time series of the monitoring
indicator. X � X1, X2, . . . , Xm, Xm+1 . X1, X2, . . . , Xm are
the control index time series and Y is the prediction index
time series.(e control index determines the changing trend
of the prediction index. X1, X2, . . . , Xm are the average
values of control index time series and Y is the average value
of prediction index time series. So,

Table 1: Main control factors of well stimulation.

Well stimulations Carbon dioxide huff and puff Fracturing

Main control factors

Remaining oil saturation (x1) Remaining oil saturation (y1)
Reservoir thickness (x2) Reservoir thickness (y2)

Formation pressure coefficient (x3) Formation pressure coefficient (x3)
Number of huff and puff (x4) Expected fracture radius (y4)
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Figure 1: Increased production of carbon dioxide huff and puff
from 2014 to 2016.
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Figure 2: Increased production of fracturing from 2014 to 2016.
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X1 � x11 x12 · · · x1n 
T
,

X �

x11 · · · xm1 y1

x12 · · · xm2 y2

⋮ ⋮ ⋮ ⋮

x1n · · · xmn yn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,

X � X1 · · · Xm Y , (7)

where

Xi �
1
n



n

j�1
xij,

Y �
1
n



n

i�1
Yi.

(8)

Find the possible outlier and smoothing treatment
Xma

i , Xmi
i i � 1, 2, . . . , m:

X
ma
i � max xi1 − Xi, xi2 − Xi, . . . , xin − Xi . (9)

w2 f2

w1 f1

w2 = w1/(w1 + w2)

w1 = w1/(w1 + w2)
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Figure 3: Schematic architecture of the adaptive neurofuzzy inference system [16].
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Figure 4: Architecture of the adaptive neurofuzzy inference system with four inputs.
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If Xma
i ≥Xi(1 + η1) and (xij − Xi)/Xi ≥ ζ1((Yj − Y)/Y),

η1, ζ1 > 0, j � 1, 2, . . . , n, then

xij �
Xi, if xi − X � Xma

i ,

xij, if xi − X≠Xma
i ,

⎧⎨

⎩

X
mi
i � max Xi − xi1, Xi − xi2, . . . , Xi − xin .

(10)

If Xi ≥Xmi
i (1 + η2) and (Xi − xij)/xij ≥ ζ2((Y − Yj)/Yj),

η2, ζ2 > 0, j � 1, 2, . . . , n, then

xij �
Xi, if X − xi � Xmi

i ,

xij, if X − xi ≠Xmi
i ,

⎧⎨

⎩ (11)

where η1, ζ1 and η2, ζ2 are constants, which can be adjusted
according to the actual situation.

Combining the theory of smoothing treatment and
ANFIS, Figure 5 shows the flowchart of the ANFIS with
smoothing treatment.

3. Application and Analysis

In this section, we will present prediction of oilfield-in-
creased production using the optimization adaptive neu-
rofuzzy inference system with smoothing treatment,
including application of model, model appraisal, application
results, and discussion.

3.1. Raw Data. Monofactor analysis is an effective method
for prediction of oilfield-increased production under the
well stimulation. To study the influence of well stimulation
on increased production should be to implement well
stimulation in 1-well and to change one factor and ensure
that other factors remain unchanged at the same time. But
the cycle of well stimulation is long in oilfield, and it is
impossible or difficult to use monofactor analysis to im-
plement the same well stimulation for the same well many
times. So, it is impossible to obtain the multiple parameters
of well stimulation and production increases for the same oil
well. But, the wells are numerous in the oilfield, and geo-
logical parameters are similar in the same oilfield. To a
certain extent, a block of an oilfield can be regarded as a
“single well” and the average value of the major factors and
increased production can be regarded as the parameters of
the “single well.” So, the average of the parameters of well
stimulation and production increases was calculated as the
time series in this paper. 36 months of carbon dioxide huff
and puff measures to increase production data from 2014 to
2016 were obtained, and 24 months of fracturing measures
to increase production data from 2015 to 2016 were ob-
tained. Time series of measures to increase production for
carbon dioxide huff and puff was shown in Table 2, where (1)
stand for dimensionless. Time series of No. 1–No. 30 was
used for training ANFIS, and time series of No. 31–No. 36
was used for verify the accuracy of the ANFIS. Time series of
measures to increase production for fracturing was shown in

Table 3. Time series of No. 1–No. 21 was used for training
ANFIS, and time series of No. 22–No. 24 was used for verify
the accuracy of the ANFIS.

3.2. Model Appraisal. (ree statistical criteria are utilized
for appraisal of the predictive performance of the model,
which are coefficient of determination (R2), root mean
squared error (RMSE), and mean absolute percentage error
(MAPE).

R2 is used to recognize the goodness of fit between
observed and modeled data values, which is defined as
follows:

R
2

� 1 −


m
i�1 xi,e − xi,p 

2


m
i�1 xi,p − xe,a 

2. (12)

(e RMSE is one of the most commonly reported
measures of disagreement and indicate the accuracy of
predictions, which is defined as follows:

RMSE �

���������������

1
m



m

i�1
xi,p − xi,e 

2




. (13)

(e MAPE is used to evaluate the overall forecast per-
formance of the prediction models, which is defined as
follows:

MAPE �
1
m



m

i�1

xi,e − xi,p

xi,e




× 100(%), (14)
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Figure 5: (e flowchart of the ANFIS with smoothing treatment.
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where xi,e is the actual values, xi,p is the predicted values, and
xi,a is the average of the actual values.

3.3. Results andDiscussion. Increased production versus the
control index of fracturing and carbon dioxide huff and
puff well stimulation is shown in Figures 6 and 7, which
shows the relationship between any two main control
factors and increased production. (e main control factors
of carbon dioxide huff and puff well stimulation are
remaining oil saturation (x1), reservoir thickness (x2),
formation pressure coefficient (x3), and number of huff and
puff (x4). Input 1, input 2, input 3, and input 4 stand for x1,
x2, x3, and x4, respectively, and the output stands for
oilfield-increased production.

In this paper, only four factors were considered, which
affect the carbon dioxide huff and puff measure to increase
production. (e effects of different factors on increase
production may be different. (ere are six possible pairwise
combinations of the four factors, and the combination of any
two factors will have a specific impact on the increase

production. Figure 6 shows the six pairwise combinations
affecting the increased production for the CO2 huff and puff
well stimulation.

(e main control factors of fracturing well stimulation
are remaining oil saturation (y1), reservoir thickness (y2),
permeability (y3), and expected fracture radius (y4). Input 1,
input 2, input 3, and input 4 stand for y1, y2, y3, and y4,
respectively, and the output stands for oilfield-increased
production. Similar to Figure 6, Figure 7 shows the six
pairwise combinations affecting the increased production
for the fracturing well stimulation.

(e predictive capability of ANFIS and MANFIS models
were compared using statistical criteria, i.e., R2, RMSE, and
MAPE. (e established smoothing treatment model and
traditional ANFIS were performed to construct the novel
models in order to predict the experimental data. (e
comparison of statistical criteria of the increased production
from carbon dioxide huff and puff well stimulation is given
in Table 4. (e R2 values for MANFIS and ANFIS models
(for all prediction data) are found to be 0.9968 and 0.9601,
respectively, the RMSE for MANFIS and ANFIS models are

Table 2: Increased production of carbon dioxide huff and puff.

No. x1 (%) x2 (m) x3 (1) x4 (1) Increased production (102m3)
1 42.58 119.41 0.93 2.00 438.27
2 42.67 141.07 0.90 2.00 503.25
3 53.00 117.58 0.90 2.00 433.28
4 43.25 185.30 0.90 2.00 636.83
5 43.58 139.48 0.90 1.00 493.87
6 44.17 124.90 0.90 3.00 463.00
7 43.08 69.37 0.90 2.00 288.77
8 44.33 65.22 0.90 2.00 278.20
9 46.81 51.31 0.87 1.00 234.03
10 44.42 23.29 0.95 1.00 146.79
11 46.42 287.31 0.95 2.00 347.82
12 40.84 95.17 0.94 2.00 363.00
13 41.83 35.63 0.90 2.00 185.68
14 45.08 130.69 0.71 3.00 481.78
15 41.83 106.55 0.90 3.00 404.45
16 42.33 141.55 0.90 2.00 504.20
17 44.00 164.77 0.90 2.00 576.35
18 44.83 114.19 0.90 3.00 431.88
19 43.17 39.57 0.90 2.00 199.50
20 43.25 58.48 0.90 3.00 262.35
21 44.02 54.65 0.93 2.00 246.14
22 41.37 44.81 0.94 2.00 212.69
23 43.13 46.95 0.95 3.00 227.81
24 43.96 23.53 0.93 2.00 152.71
25 44.97 50.40 0.91 2.00 234.76
26 40.85 39.30 0.92 2.00 195.33
27 38.17 112.79 0.95 3.00 422.13
28 41.08 107.08 0.92 3.00 408.53
29 43.50 182.03 0.90 3.00 631.03
30 41.92 209.60 0.90 3.00 716.96
31 43.08 31.98 0.90 3.00 182.60
32 43.00 48.83 0.90 3.00 233.05
33 38.17 33.23 0.95 3.00 179.22
34 39.55 54.49 0.95 2.00 239.06
35 44.51 61.64 0.87 2.00 267.60
36 37.32 38.51 0.95 2.00 187.76
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Figure 6: Continued.

Table 3: Increased production of fracturing.

No. y1 (%) y2 (m) y3 (10− 3μm2) y4 (m) Increased production (102m3)
1 46.84 17.60 19.62 84.00 417.11
2 64.06 21.73 38.85 81.67 464.20
3 43.87 35.90 25.14 96.00 502.99
4 46.55 16.07 45.48 97.33 528.68
5 42.97 36.47 27.64 95.00 506.24
6 39.93 10.20 17.30 90.43 414.54
7 41.57 19.20 21.50 88.90 437.37
8 39.50 18.47 23.50 114.47 459.00
9 40.57 22.37 21.57 104.67 497.37
10 38.50 12.67 37.47 96.50 491.74
11 42.20 14.40 39.79 93.00 491.86
12 46.98 13.73 28.17 90.63 456.10
13 42.93 14.40 18.34 87.67 417.55
14 42.30 19.60 44.83 106.00 559.75
15 49.03 63.20 21.40 100.00 559.43
16 53.30 9.00 52.93 89.27 534.53
17 41.80 19.47 80.73 90.97 479.99
18 45.83 18.27 43.67 110.07 571.68
19 47.80 13.67 19.73 94.63 448.56
20 44.92 18.10 33.21 103.00 518.44
21 42.73 20.83 79.17 85.70 581.36
22 44.43 22.25 32.60 95.38 497.03
23 45.20 14.93 19.50 92.70 441.13
24 45.94 17.07 17.45 109.93 570.38
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Figure 7: Continued.
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Figure 6: Increased production (102m3) versus the control index of CO2 huff and puff.
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1.9506 and 7.4646, respectively, and the MAPE for MANFIS
and ANFIS models are 0.7613 and 1.9483, respectively. (e
comparison of statistical criteria of the increase production
from fracturing well stimulation is given in Table 5. (e R2

values for MANFIS and ANFIS models (for all prediction
data) are found to be 0.9862 and -0.2814, respectively, the
RMSE for MANFIS and ANFIS models are 3.2282 and
68.3911, respectively, and the MAPE for MANFIS and
ANFIS models are 0.5010 and 8.7894, respectively. (e
MANFIS model has higher R2 compared to the traditional
ANFISmodel and the deviations of the predicted is relatively
small for theMANFISmodel compared to the ANFISmodel.
(e results confirmed that the MANFIS model is more
accurate in predicting the values of increased production

under the well stimulation compared to the traditional
ANFIS model.

4. Conclusions

In this study a modified adaptive neurofuzzy inference
system with smoothing treatment have been developed for
predicting the oilfield-increased production under the well
stimulation.(ree conclusions can be found. (1) An effective
method for prediction of oilfield increased production has
been put forward. (2) To a certain extent, the novel method
can reduce the influence of maximum or minimum data
values on the results of the prediction of oilfield-increased
production. (3) (e MANFIS model was more accurate in

Table 4: Results and appraisal of carbon dioxide huff and puff.

No. Monitoring value (m3) Predicted value with smoothing (m3) Predicted value without smoothing (m3)
31 182.60 183.77 182.53
32 233.05 233.39 232.05
33 179.22 175.13 161.04
34 239.06 237.88 237.63
35 267.60 267.74 268.4
36 187.76 185.97 187.42
Appraisal
R2 0.9968 0.9601
RMSE 1.9506 7.4646
MAPE 0.7613 1.9483

Table 5: Results and appraisal of fracturing.

No. Monitoring value (m3) Predicted value with smoothing (m3) Predicted value without smoothing (m3)
22 497.03 494.97 511.95
23 441.13 440.84 442.04
24 507.38 502.19 389.87
Appraisal
R2 0.9862 − 0.2814
RMSE 3.2282 68.3911
MAPE 0.5010 8.7894
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Figure 7: Increased production (102m3) versus the control index of fracturing.
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predicting the values of increased production under the well
stimulation compared to the traditional ANFIS model.
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