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a b s t r a c t

Production prediction is crucial for the recovery of hydrocarbon resources. However, accurate and rapid
production forecasting remains challenging for unconventional reservoirs due to the complexity of the
percolation process and the scarcity of available data. To address this problem, a novel model combining
a long short-term memory network (LSTM) and support vector regression (SVR) was proposed to
forecast tight oil production. Three variables, the tubing head pressure, nozzle size, and water rate were
utilized as the inputs of the presented machine-learning workflow to account for the influence of
operational parameters. The time-series response of tight oil production was the output and was pre-
dicted by the optimized LSTM model. An SVR-based residual correction model was constructed and
embedded with LSTM to increase the prediction accuracy. Case studies were carried out to verify the
feasibility of the proposed method using data from two wells in the Ma-18 block of the Xinjiang oilfield.
Decline curve analysis (DCA) methods, LSTM and artificial neural network (ANN) models were also
applied in this study and compared with the LSTM-SVR model to prove its superiority. It was demon-
strated that introducing residual correction with the newly proposed LSTM-SVR model can effectively
improve prediction performance. The LSTM-SVR model of Well A produced the lowest prediction root
mean square error (RMSE) of 5.42, while the RMSE of Arps, PLE Duong, ANN, and LSTM were 5.84, 6.65,
5.85, 8.16, and 7.70, respectively. The RMSE of Well B of LSTM-SVR model is 0.94, while the RMSE of ANN,
and LSTM were 1.48, and 2.32.

© 2023 Southwest Petroleum University. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://

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

1. Introduction

Unconventional resources play a vital role in China's energy
consumption, and tight oil/gas has gained increasing attention in
recent years [1e3]. The amount of tight oil resources in China is
approximately 200�108 t [4]. The accurate prediction of oil and gas

production is important, as it serves as the basis for optimizing
development schedules and improving project economics. The
development of tight oil and gas reservoirs is characterized by
complicated seepage mechanisms, and tight oil/gas recovery is
influenced by various factors [5,6]. Traditional production predic-
tion methods mainly include decline curve analysis (DCA) [7e10],
flow material balance [11,12] and numerical simulations [13,14].
The DCAmethod is an empirical model, and conventional empirical
models are not suitable for production forecasting of unconven-
tional reservoirs because of their low prediction accuracy. This is
because conventional empirical models consider simple parame-
ters, which make it difficult to reflect the complex conditions of
unconventional reservoirs. Moreover, excess parameters in
improved models make them difficult to solve. Numerical simula-
tions must consider numerous parameters, such as geological
factors, fluid properties, and well operational parameters.
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Uncertainties in these parameters can lead to inaccurate simulation
results. Therefore, it is necessary to develop new production pre-
diction methods for unconventional reservoirs.

In recent years, with the development of machine learning (ML)
and deep learning (DL) technology, artificial intelligence (AI) has
been widely used in petroleum engineering domains, such as
geological exploration, logging technology, and reservoir develop-
ment [15e17]. ML techniques can comprehensively study the
relationship between input data and output data and build high-
quality models to mimic the input-output data structure.

Numerous studies have predicted production using machine
learning algorithms. The prediction results were compared with
different methods to verify the prediction accuracy of the algo-
rithms. Martin et al. [18] proposed an automated data-driven
approach for production forecasting using machine learning tech-
niques, including random forest (RF), lasso regression, and support
vector regression (SVR), to save time and cost. Noshi et al. [19]
conducted research on production forecasts using ML consisting of
a gradient boosting decision tree (GBDT), AdaBoost, and SVR. The
forecast outcomes of the proposed models were compared with
field data by cross-validation to express the generalization and
precision performance.

Deep learning has also been applied in forecast production,
which can imitate the human brain neural network to solve more
complicated studies. Among these methods, artificial neural net-
works (ANN) and recurrent neural networks (RNN) are commonly
used. In a previous study, an ANN model was used to predict the
production of legacy and new wells in unconventional reservoirs.
The production history, pressure data, and operational constraints
were regarded as input variables in the model [20]. Han et al. [21]
employed an ANN to forecast shale gas production in transient
flow and compared the results with those of DCA methods. They
concluded that the ANN predicted more accurate results than DCA
methods. In the same year, Nnamdi and Adelaja [22] selected the
key flow indicators (KFI) of production wells to establish ANN
frameworks. This method was applied to three oil wells in the
Niger Delta produced from separate reservoirs under different
flow regimes. Linear regression and RNN can be used for pro-
duction prediction without any geological model, fluid and rock
properties, or flow characteristics of fluids in porous media [23]
Extensive research has been carried out to obtain better predic-
tion results, and researchers have used one algorithm to establish
the input-output model and other algorithms to optimize the
hyperparameters.

Production data is an obvious dynamic sequence, and the time-
series data is gradually considered in production forecasting to
improve prediction accuracy. Among numerous studies, LSTM
shows a higher prediction potential owing to its structure of pro-
cessing production data. A production prediction method based on
data-mining technology and time-series analysis was proposed in
2017 [24]. Sun et al. [25] evaluated the production time series of a
single well and multiple wells, and established corresponding
prediction models based on the LSTM algorithm. The shale gas
production and shut-in cycles were considered as input variables to
establish the LSTM production prediction model for shale gas [26].
Gu et al. [27] employed LSTM to build a production forecast model
and optimized the model hyperparameters to improve prediction
accuracy. The application results indicated that the model could
correctly predict the changing production trend. The LSTM pro-
duction prediction was established to forecast the production of a
sandstone water drive oilfield with medium and high permeability
[28]. Liu et al. [29] proposed ensemble empirical mode decompo-
sition (EEMD) based on the LSTM learning paradigm to achieve fast
and accurate production forecasts.

Existing research has mainly focused on using different machine
learning algorithms to analyze the characteristics of historical
production data and establish the corresponding production pre-
diction model. However, field production is influenced by various
parameters such as geological factors and operational schedules. In
particular, for unconventional reservoirs, which are characterized
by low porosity and permeability, formation fluids cannot easily
flow through the reservoir. Existing models do not perform well
under such complex conditions. More importantly, the recorded
production information can be incomplete, which leads to limited
available data for production projection, thus lowering the pre-
diction accuracy. Therefore, it is necessary to propose a new
method to solve those problems for unconventional oil and gas
reservoirs.

In this study, a prediction workflow for tight oil based on LSTM-
SVR model is proposed, which considers the influence of the
development operational schedules, as well as the structural fea-
tures of the production data sequence. The LSTM model was first
established to predict the initial production. The difference be-
tween the initial forecast production and the actual productionwas
termed as the residual. The SVR model was then trained and
applied to forecast the residual, and the predicted residual was
taken back to the LSTM model. The result of the LSTM-SVR model
was the final prediction. It was demonstrated that introducing the
residual correction method and couple it with a hybrid LSTM-SVR
model can improve the prediction performance when the avail-
able field measurements are limited.

This method can be applied to different types of reservoirs and
can effectively improve prediction accuracy, thereby providing a
practical example for forecasting the production of unconventional
oil and gas reservoirs.

2. Reservoir description

In this study, we used data collected from an active tight oil
reservoir located in the Ma-18 block of the Xinjiang oilfield. Fig. 1
shows the location of the study area and the stratigraphic infor-
mation of the reservoir rock [30]. The Baikouquan Formation (T1b)
of the Ma-18 Block is located in the central depression of the
Junggar Basin. It is subdivided into T1b1, T1b2 and T1b3 from bottom
to top. The oil-bearing area of this formation is 82.04 km2, and the
crude oil is mainly distributed in T1b1 and T1b2. There is little dif-
ference in porosity among different layers, and the interlayer het-
erogeneity of the block is at the middle level. The variation
coefficient of T1b1 is 3.38, and the permeability ratio is 333.1. The
intra-formational heterogeneity is strong. Some key properties of
the formation are listed in Table 1. For T1b1, the average porosity is
9.23%, average permeability is 0.39 mD, oil saturation is 52.7%,
average oil density is 0.829 g/cm3, and crude viscosity is 5.41 cP. For
T1b2, the average porosity is 8.2%, average permeability is 0.16 mD,
oil saturation is 44.7%, average oil density is 0.826 g/cm3, and vis-
cosity is 4.94 cP. Thus, the reservoir rock properties of T1b1 are
better than those of T1b2.

3. Methodology

The main idea of the proposed method is as follows. First, the
LSTM model is established to predict production. Then, the SVR
model is employed to forecast the residual, and the prediction re-
sidual is compensated for in the forecast production as the final
prediction result. The final predicted production of the LSTMmodel
coupled with the SVR model is compared with that of the DCA,
ANN, and LSTM models to prove the feasibility of the proposed
method.
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3.1. LSTM

A recurrent neural network (RNN) is a deep learning model
structure, which is mainly used to solve time-series problems and
problems of natural language processing. RNNs may encounter
problems such as “vanishing gradient” and “exploding gradient”,
which means that the error gradient decreases or increases expo-
nentially with augmentation of the number of network layers. The
error gradient is the magnitude and direction of the calculated
error when neural networks are trained. The model structure will
be unstable under such conditions. LSTM is based on a simple RNN
model, and was first proposed by Hochreiter [31]. The structure of
the LSTM neural network is shown in Fig. 2. Compared to an RNN,
an LSTM cell includes three gates called thememory units: an input
gate, a forget gate, and an output gate. The unique memory units
control information transmission between hidden layers, which
can effectively solve the problem of “vanishing gradient” and “ex-
ploding gradient”. The crucial aspects of LSTM are to ensure in-
formation update, network status, and information output.

At time step t, the input information passes through the input
gate and the input value is It. The forget value Ft and output value Ot

are as follows:

It ¼ sðWxixt þWhiHt�1 þWciCt�1 þdÞ (1)

Ft ¼ s
�
Wxf xt þWhfHt�1 þWcf Ct�1 þd

�
(2)

Ot ¼sðWxoxt þWhoHt�1 þWcoCt�1 þdÞ (3)

whereHt-1 is the value of the hidden layer at t-1 time step, Ct-1 is the
state value of the memory cell, s is the activation function, d is the
bias term,W is the weight coefficient matrix, and subscripts x,h,c,i,o
and f represent the input layer, hidden layer, memory cell, input
gate, output gate, and forget gate, respectively.

Ht ¼Ot tan hðCtÞ (4)

The state value of the memory cell at time t is determined by

Fig. 1. Location of the study block and stratigraphic column of source rock and reservoir rock in the study area [30].

Table 1
Physical properties of the formation and fluid in the study block.

Section K (mD) 4 (%) So (%) Oil density (g/cm3) m (cp)

T1b1 0.39 9.23 52.7 0.829 5.41
T1b2 0.16 8.20 44.7 0.826 4.94

Fig. 2. Schematic diagram of a typical LSTM model: (a) the LSTM cell structure, (b) the
LSTM neural network.
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two parts: the value of the memory cell at the previous time step,
and the candidate cell at the current time step:

Ct ¼ ftCt�1 þ it tan hðWxCXt þWhCHt�1 þdÞ (5)

where Ct is the state value of the memory cell and ft is the value of
the forget gate at time t.

3.2. SVR

SVR has the same theoretical basis as a support vector machine
(SVM), which is typically used to solve linear and nonlinear
regression problems. SVR can be used to study the structure of the
objective function by learning the sample dataset. The regression
model is formulated as follows:

G¼fðxi; yiÞ : xi; yi2Fgni¼1 (6)

where xi is the input variable and yi is the output variable; f ðxÞ ¼
wTFðxÞ þ b is a regression function; FðxÞ is a nonlinear mapping
method that maps xi to a high-dimensional feature space; w is the
weight vector, and b is the bias vector.

The quality of the regression function is measured by a loss
function, which is usually an εdinsensitive loss function: cðx;y;f ðxÞÞ
¼ jy� f ðxÞj

ε
, where ε is a predetermined threshold. Fig. 3a plots the

loss function of the univariate linear function, f ðxÞ ¼ ðw $xÞþ b.
The dotted area is called the εdband, which is shown in Fig. 3b.
When the difference between the actual production y and the
predicted production f(x) at point x does not exceed ε, the predicted
data sample is in the dotted area. The prediction at this point is
considered to have no loss and indicates that the result is accurate.
In contrast, the prediction has a loss at this point if the data sample
point is outside the dotted area.

Building an SVR model mainly includes four steps.

(1) Selection of the training set: T ¼ fðx1;y1Þ;…;ðxl;ylÞg2 ðx; yÞl,
where xi2x2Rn, yi2y2Rn, i ¼ 1;2;…; l.

(2) Determining the appropriate threshold ε and kernel function
Kðx; x0Þ. The radial basis function (RBF) is selected as the
kernel function of the SVR model. It has good generalization
ability and fast learning convergence speed, which can
approach any nonlinear function and form the regularity of
the study.

(3) The dual problem is constructed and solved to obtain an

optimal solution: a ¼ ða1;a1*;…;al;al
*ÞT .

(4) Construct the decision function f ðxÞ ¼Pl
i¼1ðai* � aiÞKðxi;xjÞ

þ b, where ai
* � ai is not equal to zero, and the corre-

sponding sample is the support vector.

Additionally, ai and a*i are Lagrange multipliers, b is the
threshold, K is the kernel function satisfying the Mercer condition

Kðxi;xjÞ ¼ FðxiÞTFðxjÞ.

3.3. ANN

An ANN is an adaptive information processing system composed
of a certain number of processing units that can model the inter-
action between neurons (Fig. 4). ANNs can abstract the human
brain neural network from the perspective of information pro-
cessing [32]. Weights represent the strength of connections be-
tween neurons, which are estimated by learned values from the
input data based on an activation function. The estimations are
calculated by reflecting the weights of different neurons through
the learning of a cluster of neurons [21]. There are three different
types of layers in an ANNmodel: an input layer, an output layer, and
one or more hidden layers [33]. The number of hidden layers de-
termines the complexity of the model. The ANN model can adjust
the weights according to changes in the environment to meet the
requirements of different network models.

In Fig. 4, X is the input vector, Y is the output vector, andw is the
weights connecting different neurons.

4. The proposed method

The method proposed in this study mainly includes four pro-
cedures: preparation of the training database, data pre-processing,
training the LSTM-SVR model, and result evaluation. The most
important aspect was to first establish the LSTMmodel using time-
series dynamic analysis. The input parameters of this LSTM model
are head pressure, nozzle size, and water rate, and the output is oil
rate. The SVR model was employed to predict the residual, which
was the difference between the initial value predicted by the LSTM
model and actual production. Subsequently, the prediction residual
was compensated for in the initial prediction result of the LSTM
model to obtain the final prediction results. The final predicted
production was compared with the results of the DCA and ANN
models to demonstrate the superiority of the proposed method.
Fig. 5 shows a flowchart of the proposedmethod, and the four steps
are as follows:

4.1. Preparation of the training database

The three characteristic variables including the tubing head
pressure, nozzle size, and daily water production were trained as
the inputs of the LSTMmodel from existing data. Subsequently, the
three characteristic variables and residuals were used as the inputs
of the SVR model to forecast the residual.

Fig. 3. The schematic diagram of the SVR: (a) loss function, (b) univariate linear loss function band.

S. Wen, B. Wei, J. You et al. Petroleum 9 (2023) 647e657

650



4.2. Data pre-processing

The input characteristic variables were standardized, and the
output variable was the imputation of missing values. We
adopted Z-score standardization. This standardized method can
remove the discrete values of the characteristic variables, effec-
tively eliminating the influence of data noise. The data were
divided into two sets: a training set and a test set. The training
set was used to train the LSTM model to predict the production
and the test set was used to validate the accuracy of the pre-
diction model.

4.3. Training the LSTM-SVR model

The training included three processes. First, the LSTM model
was trained to predict the production. Then, the SVR model was
applied to forecast the residual, and the prediction residual was
compensated for in the forecast results of the LSTMmodel to obtain
the final predicted production.

4.4. Evaluation of results

The LSTM, LSTM-SVR, DCA (Arps, PLE, and Duong), and ANN
models were analyzed using the RMSE, which is an evaluation
criterion to quantify the accuracy of each prediction model. The
calculation of the RMSE is shown in Eq. (7).

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Sn
i¼1

�
Xi � Xpre

�2
n

s
(7)

where Xi represents the actual daily oil production, Xpre

represents the predicted production, and n represents the sample
size.

5. Case study

Two wells in the Ma-18 block of the Xinjiang oilfield were
selected to verify the proposed workflow, and the production data
were trained and tested to prove the feasibility of the proposed
method. The two types of factors that have themaximum impact on
production are geological and operational parameters. The intra-
formational heterogeneity of the selected blocks was strong. The
operational parameters changed when the production wells were
shut-in for well maintenance or nozzle replacement. Consequently,
the declining trend of productionwas irregular (Fig. 6). Fig. 7 shows
the changes in the nozzle size, tubing head pressure, and water
production. The numerical simulation method was not considered
because of its high cost and lack of key data. Production forecasting
methods such as DCA and data-driven methods are more favorable.
The historical production data of the reservoir were used as the
training database. A total of 1190 data points were extracted from
Well A, with production times ranging from June 2016 to
September 2019. A total of 1194 data points were extracted from
Well B, and the production time was from June 2017 to September
2020. Well A experienced two production stages: oil production
first increased rapidly (June 2016 to August 2016) and then grad-
ually decreased (August 2016 to May 2019). From day 1083, the
nozzle size was changed from 3 mm to 4 mm, and the tubing head
pressure was increased by 2 MPa. The oil production rate also had
an obvious jump. From day 1088, the nozzle size was changed from
4 to 5 mm, the tubing head pressure remained constant, and the
daily oil production decreased to 40 t. Subsequently, the daily oil
production decreased gradually. Well B was in a stable production
stage with a large fluctuation in output after the rapid increase.

5.1. Data preprocessing

The production data was pre-processed before training the
prediction model. Preprocessing included two steps: interpolation
for missing production values and normalization of input variables.
When processing missing values because of a lack of records, the

Fig. 4. Schematic diagram of ANN.

Fig. 5. The schematic diagram of the proposed workflow.
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empty production values were filled with the average production
over the weeks before and after the missing data. Considering the
discrete values of the variables, Z-score normalizationwas adopted,
and the calculation is shown in Eq. (8).

zij ¼
xij � xmean

si
(8)

where Zij is the standardized data, xij is the actual data, xmean is the
average of the actual data, and Si is the variance.

After data preprocessing, there were 1182 and 1186 effective
data points for Well A and Well B, respectively. Normalization
effectively reduced the difficulty of training and the impact of the
order of magnitudes on the prediction results.

5.2. DCA method

The DCA method [34,35] is one of the most commonly used
methods to predict production. It is easy to implement and requires
simple data. Three popular DCAmodels were chosen for forecasting

Fig. 6. History oil rate: (a) well A, (b) well B.

Fig. 7. Plots of input characteristic variables: (a) the oil nozzle size, (b) tubing head pressure, and (c) daily water production.
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oil production and were compared with the proposed methodol-
ogy. These were the Arps model [7], PLE model [36] and Duong
model [37,38]. According to the value of the decline index b, the
Arps model was subdivided into exponential, hyperbolic, and har-
monic declines (Table 2). The PLEmodel was proposed by Ilk [39] to
improve the prediction accuracy by introducing more parameters,
and was an extension of the Arps model. The Duong model was
mainly applied to shale gas wells, which were studied based on
linear fracture flow.

DCA method requires only production data for forecasting. They
are based on empirical relations and cannot reflect the physical
properties of underground flow. Fig. 8 shows the prediction results
of Well A using DCA methods. These are able to fit the general
declining trend of the production data. However, when there are
changes in production measures (such as replacing the nozzle) due
to which strong fluctuations occur, DCA methods cannot obtain
good predictions. The production ofWell A exhibits a long period of
downward trend, where the fitting is effective. The fitting trends of
the Arps and Duongmodels are basically the same. The RMSE of the
Arps model is 5.84, indicating that the prediction result of this
model is the best. The RMSE of the PLE model is 6.65, and the
prediction accuracy is the lowest. In the first 1000 days, the oper-
ational parameters are stable without major changes. The produc-
tion data are smoothed and exhibit a natural downward trend.
Hence, the prediction effect is good. In the final 200 days, with the
adjustment of the nozzle size from 3 mm to 5 mm, the oil pro-
duction rate exhibits an obvious jump. It is difficult to predict the
trend of change in production and the prediction is erroneous. The
production of Well B is still in a stable stage with no downward
trend. Thus, the DCA method has not been applied to forecast the
production from Well B.

5.3. ANN model

The input layer of the ANNmodel included the same variables as
those used in the LSTMmodel. The prediction result was compared
with those of the DCA methods and the LSTM model. The

hyperparameters of the ANN model were selected using a random
search (RS) algorithm. The hyperparameters to be optimized
included the number of hidden layers and the number of neurons in
each hidden layer, which has been proven to effectively influence
the prediction accuracy of trained ANN models [40]. The final
optimized ANN model was selected for conducting the predictions.
The number of hidden layers in the optimized ANN model was two
and the number of neurons in each layer was five. The maximum
number of training iterations was set to 5000. The database was
divided into a training set and a test set at a ratio of 7:3, as shown in
Fig. 9.

Fig. 10a and c shows the cross-plots of the trained ANN models
of wells A and B, which demonstrate that an effective prediction
model is obtained. In the first 260 days, the declining trend ofWell
A is predicted correctly, and the sudden change in production
caused by changing the oil nozzle is accurately predicted. After
260 days, with the change in operational parameters, the pro-
duction is promptly reduced to zero, which leads to a large error in
the prediction. The final prediction error for Well A is 4.48. Well B
is in a stable production stage, and the oil nozzle size remains
unchanged during the test period. The main influencing factor is

Table 2
The various models of the DCA method.

Arps model q ¼ qi
ð1þ bDitÞ1=b

qi is the initial production at the declining stage;
Di is the initial decline rate, d�1, b is the decline index;
exponential decline (b ¼ 0);
hyperbolic decline (0 < b < 1);
harmonic decline (b ¼ 1).

PLE model
q ¼ qi exp

�
� D∞t � Di

n
tn
�

qi is the initial production at the declining stage;
D∞ is the decline rate when time approaches infinity, d�1, n is the time index;

Duong model
q ¼ qit�me

a
1�m

ðt1�m � 1Þ qi is the initial production at the declining stage;
t is the time function;
a is the decline coefficient;
m is the index of the power function.

Fig. 8. The prediction results of DCA method.

Fig. 9. (a) the schematic diagram of training and test dataset. For ANN and LSTM
model, 70% of the data is used as training data, and the other 30% is used as test data;
for LSTM-SVR, the first 70% of the raw data is used to train LSTM model; the left 30% of
the data was then also divided into two parts based on a ratio of 7:3; (b) the schematic
diagram of the data partition using Well A as an example.
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the tubing head pressure in the input variables. Fig. 10d shows
that the forecast production trend is consistent with the actual
production. The RMSE of Well B is 1.1, and the prediction accuracy
is effective.

5.4. LSTM model

Compared with the ANN model, the LSTM model considers the
characteristics of the time series. The input variables of the LSTM
model also consisted of the tubing head pressure, nozzle size, and
daily water production to ensure the consistency of the prediction
conditions. The parameters of the LSTMmodel were determined by
RS, and the output with the best training performance was selected
to predict production. Considering that our data sample was small,
a complex LSTM structure may lead to over-fitted prediction re-
sults. Therefore, the searching range of the number of hidden layers
was set to be [1,3], the range of the number of neurons was set to be
[10, 20,…, 200]. Finally, it is observed that when the hidden layer is

1, the number of neurons is 50, and the number of training sessions
was 5000, the prediction performance of the model was better. The
ratio of the training to test sets was also 7:3.

Fig. 11 shows the conditions of the training and test results of
the LSTM model. Compared to the ANN model, the LSTM model
can correctly predict the declining trend of Well A according to
the change in input variables after 260 days. However, the
average forecast accuracy of the LSTM model is lower than that
of the ANN model (Table 3). Hence, the prediction effect of the

Fig. 10. The analysis and prediction results of the trained ANN model: (a) training cross-plot analysis of Well A, (b) the prediction results of Well A, (c) training cross-plot analysis of
Well B, and (d) the prediction results of Well B.

Fig. 11. The analysis and prediction results of the trained LSTMmodel: (a) training cross-plot analysis of Well A, (b) the prediction results of Well A, (c) training cross-plot analysis of
Well B, and (d) the prediction results of Well B.

Table 3
The RMSE of different methods.

Well number DCA method ANN model LSTM model

Arps PLE Duong

A 5.84 6.65 5.85 4.48 4.77
B e e e 1.10 1.16
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ANN model is better than that of the LSTM model before the
production spurt. Well B is still in the stable production stage
and exhibits a more regular production trend than Well A. As
shown in Fig. 11, Well B has better prediction results than Well
A. However, the prediction errors of both types of curves in-
crease with the increase in the prediction time. Therefore, this
problem can be solved by using the LSTM model to predict
production.

Table 3 lists the RMSE values for the different methods. The
RMSE of ANN and LSTM model of Well A are 4.48 and 4.77
respectively, while the RMSE of Arps, PLE and Doung model are
5.84, 6.65 and 5.85. It is apparent that the prediction accuracy of ML
is significantly better than that of the DCAmethod. The data ofWell
B is not suitable for DCA methods, and the ML model of Well B has
high prediction accuracy. Overall, Machine learning can fully mine
the existing data features, which can effectively improve the pre-
diction accuracy and provide a basis for the adjustment of the
reservoir development plan.

5.5. LSTM-SVR model

The LSTM model can accurately obtain the characteristics of
dynamic data because of the unique structure of the memory unit,
which is suitable for handling events with time-series character-
istics. Thus, it can be employed for complex production problems
caused by well shut-in or equipment repairing. SVR has an efficient
nonlinear fitting ability and a simple structure. Therefore, it was
applied to predict the residuals of the LSTM model. The predicted
residual was taken back to the LSTM model to improve the pre-
diction accuracy. The training of LSTM model took up the first 70%
of the raw data, the training of SVR-based residual correctionmodel
used 21% of the datasets, and test data was the last 9% (as shown in
Fig. 9). The sample sizes of the test sets of wells A and B were 106
groups.

As shown in Fig. 12, the prediction accuracy can be improved
after residual correction. The prediction trend of the LSTM-SVR
model of Well A is closer to the actual production trend, in
contrast to the LSTM model from Figs. 12a and c.LSTM-SVR model
can accurately predict the production fluctuation stage (blue circle
marked in Fig. 12). The RMSE of Well A is 7.70 before residual
correction and 5.42 after residual correction in the same data

sample. The operational parameters of Well B are continuous and
stable, and do not change frequently. The production of Well B is in
a stable stage and is more regular than that of Well A. Thus, the
forecasting accuracy of Well B is better than that of Well A based on
the prediction curves of both the ANN and LSTMmodels. Compared
with the LSTM model, the extreme points of well B are more ac-
curate after residual correction. The RMSE of the LSTM-SVR model
is 0.94, while that of LSTM is 2.32 in the same conditions. The
prediction accuracy of the LSTM model is improved significantly
after residual correction.

Table 4 shows the RMSE of different models using the same test
data as LSTM-SVR model. Compared with Well B, Well A shows
higher prediction error no matter what model are used, which is
due to the sharp changes in production data ofWell A caused by the
change in operational parameters. Additionally, in accordance with
the observation from Tables 3 and 4, the prediction error of the
LSTMmodel increases with increasing prediction time. The integral
RMSE of the LSTMmodel of well A is 4.77. However, the RMSE of the
final 30% prediction is 7.7. The overall RMSE of Well B is 1.16,
whereas that of the last 30% prediction is 2.32. Both the RMSE
values of the last 30% predictions are significantly greater than the
integral RMSE.

To reflect the accuracy of the prediction results intuitively,
Fig. 13 compares the prediction accuracy distribution of wells A and
B using different models. The prediction accuracy is represented by
the relative error. It is evident that the prediction accuracy of well B
is more homogeneous than that of well A. The average prediction
accuracy of the ANN model is higher than that of the LSTM model,
and the accuracy of the LSTM model is improved effectively after
residual correction. The prediction accuracy of Well A is increased
by 7.13%, and that of Well B increases by 0.77%. This is because the
prediction accuracy of the LSTM model of Well A is significantly
lower than that of Well B, and the margin for improvement is
higher than that of Well B.

Fig. 12. The comparison of prediction results between LSTM model and LSTM-SVR model: (a) LSTM model prediction results of Well A, (b) LSTM model prediction results of Well B,
(c) LSTM-SVR model prediction results of Well A, and (d) LSTM-SVR model prediction results of Well B. The circled parts show the improvements made after implementing residual
correction.

Table 4
The RMSE of different model (based on the same test data as LSTM-SVR model).

Well number ANN model LSTM model LSTM-SVR model

A 8.16 7.70 5.42
B 1.48 2.32 0.94
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6. Conclusions

DCA methods cannot adjust the prediction results with changes
in operational parameters, which possibly results in inaccurate
forecasts. In addition, the error of the LSTM model increases with
increase in the prediction time. A hybrid LSTM-SVR model is pro-
posed to consider not only the characteristics of the time series of
production data, but also the influence of operational parameters.
Introducing residual correction mothed with LSTM-SVR model can
effectively enhance the prediction accuracy. This forecasting
approach builds an entire prediction process, which is practical to
predict the production of unconventional oil and gas reservoirs. The
main conclusions drawn from this study are as follows:

(1) The prediction result of LSTM-SVR model for Well A was
compared with that of DCA methods, an ANN model and an
LSTM model. The DCA method is appropriate for wells with
declining production.Well B is still in stable production stage
with no declining trend, and DCAmethods cannot accurately
predict production.

(2) Compared to the ANN model, the LSTM model can capture
the characteristics of the time series. However, the prediction
errors of the LSTM model are larger than that of the ANN
model. The RMSE of the LSTMmodel ofWell A andWell B are
4.77 and 1.16, respectively, while that of the ANN is 4.48 and
1.10.

(3) The developed method for tight oil production prediction
based on LSTM-SVR model can effectively improve the
forecasting accuracy. The RMSE of Well A of the LSTM model
is 7.70, and that of LSTM-SVR is 5.42. The RMSE of the LSTM
and LSTM-SVR models of Well B are 2.32 and 0.94, respec-
tively. LSTM coupled SVR can accurately predict the change
trend of production and extreme points and has broad
application prospects.
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