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Abstract: Accurate prediction of the rate of penetration (ROP) is one of the important factors to improve the drilling efficiency
of oil fields. At present, most of the established ROP prediction models have low accuracy, because the traditional noise reduction
methods are generally used to process the drilling data. At the same time, the influence of wellbore friction and well deviation
on WOB is not considered, and only the ground WOB is qualitatively used as the input parameter of the ROP prediction model.
In this paper, seven deep directional wells in the central part of Bohai Bay, China are selected as the data source. Firstly, the
drilling data are cleaned and screened, and the improved wavelet denoising method is adopted to effectively eliminate the noise
interference while ensuring the data quality. Then the ground drilling pressure is corrected to improve the rationality of the data.
The random forest feature selection method is used to analyze the correlation of various factors affecting the penetration rate and
reduce the redundancy of the model. Finally, the particle swarm optimization algorithm is used to optimize the LSTM neural
network mechanical drilling speed prediction model. The influence of traditional wavelet noise reduction method, ground drilling
pressure and LSTM model hyperparameters on the error of mechanical drilling speed prediction model is discussed. The results
show that the average error of the prediction model of the rate of penetration is reduced after the noise reduction method and the
ground drilling pressure are modified. The optimized LSYM prediction model of the rate of penetration has higher prediction
accuracy than other models, and the prediction accuracy reaches 87.3 %, which further verifies the superiority and effectiveness
of the prediction model of the rate of penetration established in this paper.
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models and one of the most comprehensive experimental
models recognized by the industry. It has been used as a

1. Introduction

In order to better develop deep oil and gas resources, it is standard and reliable method to improve drilling efficiency
the general trend to shorten the drilling cycle, reduce drilling [4-7]. However, this ROP prediction model has many non-
costs and improve drilling efficiency. The most direct and linear factors thgt have not l?eep cons.idered, such as lithology,
effective way to solve these problems is to increase the rate gamma cpefﬁcwnt, acoustic time dllft?erence, Tiser pressure,
of penetration. The rate of penetration is an important index ete., .relylng on the traditional empirical formula model to
in drilling engineering, which is directly related to the mining Pr?d}‘:t the ROP has not been able to meet the needs of current
cost and mining time. If the rate of penetration can be drllhng engineering. . . .
accurately predicted, the drilling time can be estimated, the B}’ 1.m1tat1ng th? .mecham.sm of human brgm learn%ng
allocation of resources can be optimized, and the efficiency prediction and decision-making .[8]3 the ma}chlne learning
of personnel and equipment can be improved, to achieve the method can carry out deep non-linear mapping of the' laws
purpose of reducing the mining cost [1]. With the advent of between data, and is considered by researchers as a suitable
big data, artificial intelligence technology has developed alternative method for predicting the rate of penetration [9 ~
rapidly. Applying intelligent technology to the intelligent 10]. Table 1 shows the research status of foreign and domestic
equipment for drilling speed prediction in new blocks, we can scholars using artificial intelligence methods to predict the
get the adjustment value of various drilling equipment  rate of penetration. .
parameters under the best prediction of drilling speed in In order to solve these problems, this paper uses the
advance, to effectively guide drilling engineering. At the same followmg. methods to mgdel the drilling speeq prediction
time, in the drilling process, the drilling parameters can be model. Firstly, the data 18 cleaned and nprmahzed by the
adjusted according to the optimal prediction of the rate of meth.oc.i of data preprocessing, and the.n the lr.np-roved Wave}et
penetration in real-time drilling, and the drilling efficiency denoising method is adopted to effectively eliminate the noise
can be improved. interference while ensuring the data quality. At the same time,

In 1969, Young [2] made the first attempt of real-time the ground drilling pressure is corrected to improve the
drilling optimization, in which constant WOB and rotation rationality of the data. The random forest feature selection
speed were assumed in the drilling application of PDC bit and method is used to analyze the correlation of various factors
rock bit. The proposed model used a combination equation of ~ affecting the penetration rate and reduce the redundancy of
ROP, bit bearing wear, tooth or tool wear and cost. In 1974, the model. Finally, the particle swarm optimization algorithm
Bourgoyne and Young [3] established a ROP prediction is prpposed to optlr.mz.e the LSTM neural network mechanical
numerical model, which is one of the earliest regression drilling speed prediction model.
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Table 1. Research status at home and abroad

author time title model technique
Prediction of drilling rate of
Chao penetration (ROP) using hybrid Hybrid bat algorithm optimizes
Gan 2019 support vector regression: A case support vector machine
[11] study on the Shen Nong jia area, algorithm
Central China
Liqi 2021 Drilling rate prediction model Particle swarm optimization BP
[12~13] based on PSO-BP neural network model
HasedionBAS BP, thedrilling Beetle whisker algorithm to
rate prediction model of drilling S
. . . optimize BP neural network
machinery is established.
Hongtao Rate of Penetration Prediction '
Liu [14] 2022 Method for Ultra-Deep Wells LSTM-FNN algorithm
Based on LSTM-FNN
Four methods of multi-layer
Computational predictionof the perceptron neural network,
Ehsan drilling rate of penetration (ROP): radial basis function neural
Brenjkar = 2022 A comparison of various machine = network, adaptive neural fuzzy
[15] learning approaches and inference system and support
traditional models vector regression are combined
with heuristic algorithm.
Shi Drilling rate prediction method
Xiangch | 2022 based on LSTM recurrent neural LSTM
ao [16] network model
Based on MEA-BP neural . . .
Z.hang network, the prediction of drilling M".'d _evolutlonary algorithm
Ligang 2022 - . - optimizes BP neural network
speed of drilling machinery is
[17] . model
carried out.
Time series feature
Liu Ye characterization and prediction
[18] 2023 method of ROP based on LST™M
Attention-LSTM
Mu Optimization of drilling rate
huayan 2023 prediction model based on KNN
[19] mechanical specific energy
A prediction method of
Ji Hui penetration rate based on particle
[20] 2023 swarm optimization LSTM neural PSO-LSTM

network model

defect

The problem of downhole drilling pressure
is not considered

There is no preprocessing of the missing
value and discrete value of the data, the
data denoising method loses too much
information, and the real drilling pressure is
directly replaced by the drilling pressure
measured on the ground, and the model
error is large.

No noise treatment is carried out and the
problem of downhole drilling pressure is
not considered.

Directly taking the ground drilling pressure
as the model input, there is a problem that
the downhole drilling pressure is not
considered.

No noise processing, no drilling pressure
correction, but a simple qualitative analysis
of the data.

The hard threshold method of wavelet de-
noising is selected in the de-noising
method, which makes the drilling data
oscillate and experiment in a vertical well,
which is not practical enough.

There is no noise processing and no
consideration of the real downhole drilling
pressure, and the error is large.

There is no noise processing, no
consideration of downhole drilling
pressure.

The Pearson correlation coefficient method
is used for feature selection, ignoring the
non-linear relationship between the factors
affecting the rate of penetration, no noise
reduction processing, and directly replacing
the real drilling pressure measured on the
ground with the real drilling pressure in the
well. The model error is large.

2. Principle and Method
2.1. Wavelet De-noising

Due to the change of drilling tool structure, drill string
vibration and other factors, the collected drilling data contains
large noise when the data is collected at the drilling site.
Wavelet denoising is an excellent signal denoising method. It
has good time-frequency characteristics and can well describe
the unbalanced parts of the original signal data, such as spikes
and breakpoints. Wavelet denoising includes modulus
maxima method and threshold method [21 ~ 22]. Using
wavelet modulus maxima method to denoise, the requirement
of wavelet decomposition scale will be very high, because the
noise has a great influence on the wavelet coefficients on the
small scale, which may produce many pseudo extreme points,
resulting in more information loss. The wavelet threshold
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denoising method was proposed by American scholar
Donoghue [23]. Compared with the modulus maxima method,
this method is simple in calculation, can largely suppress
noise, and can retain the information of the original signal
well. It is a simple and effective method and has been applied
in many fields [24 ~ 27]. Therefore, this paper uses wavelet
threshold denoising method to process the noise of drilling
data. The quality of wavelet threshold denoising method
depends on two decisive factors, one is the threshold, and the
other is the selection of threshold function [28 ~ 29]. In the
related research on the prediction of penetration rate, most of
them wuse fixed threshold to measure the noise
[31,30,20,19,18,14], as shown in Formula 1.

A=0,42InN (1)

In the formula: A is the threshold; O, is the standard



deviation of noise data; N is the length of noise data.

Using the same threshold to measure the noise of wavelet
coefficients of different decomposition scales will inevitably
reduce the denoising effect. In view of this, the modified
threshold determination method [32] is introduced, as shown
in Equation 2.

A=0_~2InN /log,(j+1)

In the formula: ] is the decomposition scale.

2

The corrected threshold A will decrease with the increase
of decomposition scale J , which is consistent with the

propagation law of noise and ensures the effectiveness of
denoising. The traditional wavelet threshold function is
divided into hard threshold function and soft threshold
function, as shown in Formula 3 and Formula 4 [33].

< Jw, \w\zi,
W=, jwka, ®
. [sign(W)](wi—2) , >A,
w :{o, i V\q‘</1. “4)

w" is the wavelet coefficients after
wavelet processing; A is the threshold value of the function ;
sign () is a sign function; W is the wavelet detail coefficient
after wavelet decomposition.

These two function methods are widely used in the process
of noise reduction of drilling data in the establishment of ROP
prediction model [20, 19, 18, 14], but each has its own
shortcomings. The hard threshold function sets the
decomposition coefficients less than the threshold value in
different scale spaces to zero, while retaining the
decomposition coefficients greater than the threshold value,
which will lead to non-continuity in time. This breakpoint
problem will bring oscillation to the signal and ultimately
reduce the denoising effect [34 ~ 36]. The soft threshold
function has continuity in time, but because there will be a
constant deviation between the estimated wavelet coefficients
and the real wavelet coefficients in time, this method will lose
singular points, and the noise reduction effect of the signal
with low signal-to-noise ratio is not obvious [37]. In order to
solve the above problems, a correction method is introduced
to the threshold function [33], as shown in Equation 5.

In the formula:

. A
ygn(w){\w\—m} , [wi=2,

0, [wl<A.

W )

Signal-to-noise ratio (SNR) is an important basis for
judging the denoising effect [38]. The greater the signal-to-
noise ratio, the better the noise reduction effect [39].
Assuming that the signal data to be denoised is, the signal data
after denoising is, the signal energy is, and the noise energy
is, the calculation formula is as follows.

P
snr=10log,, (FX) (6)

y

(7
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N

P, = Z (X —

i=1, j=1

2.2. PSO-LSTM Algorithm Model

Time series characteristics are hidden in drilling data, and
long short-term neural network (LSTM) has great advantages
in processing time series data. The long-term and short-term
neural network (LSTM) is a variant of the recurrent neural
network. It was proposed by Sepp Hochreiter and J” Sturgen
Schmidhuber in 1997 [40]. It has advantages in nonlinear
feature learning and can effectively avoid the gradient
explosion problem of general recurrent neural networks. It
has been widely used in the field of time series data prediction
[41 ~ 45]. The LSTM neural network unit structure is shown
in Figure 1.
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Figure 1. LSTM unit structure

In the figure, C,_; and C, represents the cell unit state at

the previous moment and the current moment; ht_1 and ht
represents the hidden layer state of the previous moment and
the current moment; x' represents the input of the current
moment; tanh represents the activation function; zf, 7i
and 7° represent the three gate structures of LSTM, which

are forgetting gate, input gate and output gate, respectively.
The expressions are shown in Formula 9, Formula 10 and
Formula 11.

2" =o(w' x[h_,x']) ©9)
Z' =o(W x[h_, x']) (10)
2° =o(W°’ x[h_,,x']) (11)

The prediction performance of LSTM neural network is
generally affected by hyperparameters, especially the number
of hidden layer nodes. Too much will lead to overfitting of the
model, and too little will lead to large prediction error of the
model [46]. The particle swarm optimization algorithm [47]
is good at finding the global optimal solution. Combining the
particle swarm optimization algorithm with the number of
neurons in the LSTM hidden layer can solve the problem that
the LSTM neural network model cannot determine the
number of hidden layer neurons, resulting in over-fitting or
under-fitting. The specific steps are as follows:

(1) The position of each particle is used as the number of
hidden layer neurons in the LSTM model, and the mapping
result is calculated.

(2) Specify the number of network iterations, back
propagation update error.

(3) The negative value-R2 of the network prediction fitting
degree is taken as the fitness, and the calculation formula of



R2 is as follows.

. ;(ROPI—ROPp)Z
=1-—= (12)
Z(Ropt - ROI:)t,mean)2

i=1

In the formula: ROR the true value representing the rate
of penetration; ROPp represents the predicted value of

penetration rate; ROR’mean represents the mean value of the

true value of the penetration rate.

If the number of model iterations is reached, the solution is
stopped, otherwise the position and velocity of each particle
are updated, and step (1) is returned.

2.3. Box Diagram Data Processing

Due to the certain environmental interference in the drilling
operation site, there are some abnormalities or missing in the
acquired data. Using these data for modeling, the prediction
results are biased. Cleaning the missing values and discrete
values of the original drilling data is the key link to improve
the reliability of the prediction results of the rate of
penetration.

By checking the missing values, all the data can be
converted to True and False, where the True value represents
the missing value, and then the sum of all the True values is
counted to obtain the number of missing values. The box plot
can check the discrete values and reflect the main
characteristics of the original data distribution, which is often
used in various fields. The five factors in the statistical data
of the box-type chart are the first quartile Q1 (the number 25 %
after the value is arranged from small to large), the median
Q2, the third quartile Q3 (the number 75 % after the value is
arranged from small to large), the minimum value and the
maximum value. The minimum value min and maximum
value max are defined as follows.

min =Q1-1.5(Q3-Q2)
max = Q3+1.5(Q3-Q2)

(13)
(14)

The box plot regards the data less than min and greater than
max as discrete values. After the statistics of missing values
and discrete values, they can be processed by deletion, filling
and so on.

2.4. Drilling Pressure Correction

Due to the influence of wellbore friction and well deviation,
the downhole WOB is 30 % lower than the surface WOB on
average [48]. If the drilling pressure measured on the ground
is directly regarded as the real drilling pressure in the well to
establish the prediction model, the prediction result of the
drilling speed may have a large deviation. Xuyue Chen et al.
[49] obtained the relationship between the bottom hole WOB
and the measured WOB by analyzing the internal force of the
drill string generated by the bottom hole WOB in each well
section, as shown below.
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WOB, =WOB-e™" (15)

In the formula: WOBD is the downhole WOB, WOB is the
WOB measured on the ground, u is the friction coefficient of
the wellbore, 0.25 ~ 0.4, generally 0.35 [50 ~ 51], yb is the
inclination angle.

2.5. Optimization of Random Forest Feature
Parameters

According to the drilling data records, the drilling
parameters include hanging weight, drilling pressure,
rotational speed, vertical pressure, deviation angle, flow rate,
torque and well depth. If all become input parameters, it will
not only increase the amount of calculation of the model, but
also greatly reduce the prediction accuracy. At present, most
of the drilling speed prediction models use correlation
analysis method to screen drilling parameters. However,
when this method is used to analyze the correlation of drilling
parameters, some important factors with low correlation may
be ignored due to data reasons. Therefore, it is necessary to
use correlation analysis to find input parameters or delete
some factors with low correlation analyzed [52].

The Random Forest (RF) algorithm is proposed by
Breiman [53], which can give the importance evaluation of
feature variables. It has the advantages of good effect, short
training time, and is not easy to fall into the over-fitting
problem. Therefore, it is widely used in various classification,
prediction, feature selection and other related issues [54]. For
the prediction of penetration rate, the conventional feature
importance measurement method of RF mainly uses the
distribution accuracy of out of bag data (OOB data) [55 ~ 56].
The importance of features can be calculated from these OOB
data [57]. It is assumed that there are K training samples of
drilling data, each sample has N features, and the random
forest has L decision trees. According to the distribution
accuracy of OOB data, the specific steps of feature
importance ranking of drilling parameters are as follows:

(1) Initialize | =1, create a decision tree T| .

(2) Randomly select 2K / 3 samples to train T, , and
calculate the | decision tree OOB data distribution accuracy
C,.

(3) Randomly perturb the feature X;, 1=1,2,3.....N

in the OOB dataset, and calculate C” again.
(4)For 1 =2,3,4.....L, repeat steps 2 ~ 3.

of feature X, is

(5) The importance measure P; |

1
calculated by formula 18.

P :%ZL:(Q _Cn)

1=1

(16)

(6) The order of feature importance is obtained by sorting

P. in descending order.

In summary, the flow chart of the PSO-LSTM model
established in this paper is as follows.
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Figure 2. PSO-LSTM model establishment flow chart

3. Case Analysis
3.1. Case Well Situation

In this paper, seven deep directional wells in the central part
of Bohai Bay, China are selected as data sources. The drilling
data of six wells are used as the training data set of PSO-
LSTM model, and the drilling data of another well are used
as the test data set of PSO-LSTM model. Among them, the
wellbore trajectory of the test well is type, the well depth is
3442 m, the vertical depth is 2818.85 m, the depth of the
build-up point is 352.61 m, and the horizontal displacement
of the bottom hole is 1802.03 m. The three-opening well
structure is adopted: the first opening ¢508.00 mm well hole
is put into the $¢660.40 mm surface casing 31 m; the p444.50
mm technical casing 505 m was put into the $339.70 mm
borehole in the second section to seal the upper formation of
basalt. The third section of $139.70 mm hole is run into
$215.90 mm oil layer casing cementing completion.

According to the drilling record data, there are a total of
10052 sets of drilling data in seven wells. Among them, there
are 8156 groups of drilling data wells 1 ~ 6 in training wells
and 1896 groups of drilling data wells 7 in test wells. This
paper will use this as a data source to establish a PSO-BP
mechanical drilling speed prediction model.

3.2. Box Diagram Data Processing

It is found that there is no missing value in the data, but
there are many discrete values in each well, as shown in
Figure 3 (taking well 1 as an example).
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Figure 3. Discrete value analysis

In this paper, the processing of two types of outliers is
processed by forward interpolation.

3.3. Wavelet De-noising

Here, the traditional soft threshold function, hard threshold
function and improved noise reduction method are used to
denoise the drilling data. The signal-to-noise ratio calculation
results of each well are visualized, as shown in Fig.4.
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It can be seen from Fig.4 that after using the improved
noise reduction method, the signal-to-noise ratio results of
each well are higher than those using the traditional threshold
function method, which shows that the noise reduction effect
has been improved.

3.4. Drilling Pressure Correction

The corrected WOB and correction amount are shown in
Fig. 5 (taking well 1 as an example).
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Figure 5. Drilling pressure correction and correction amount
diagram
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It can be seen from figure 5 (a) that the corrected WOB is
generally smaller than the ground WOB; from figure 5 (b),
the correction of drilling pressure is constantly changing,
because the well section recorded by well 1 drilling data is an
inclined section, and the deviation angle is constantly
changing with the change of wellbore trajectory.

3.5. Optimization of Random Forest Feature
Parameters

The importance of drilling parameters of each well is
shown in figure 6.

In Figure 6, the horizontal axis represents the drilling
parameters, the vertical axis represents the type of well, and
the number in the table represents the degree of feature
importance. The larger the value of the number, the higher the
corresponding feature importance. The importance of drilling
parameters was analyzed, and it was found that only the
accuracy of out-of-bag data distribution of rotation speed in
all wells was less than 0.1. Therefore, this paper selects well
depth, suspension weight, WOB, torque, vertical pressure,
flow rate and deviation angle as the input characteristic
parameters of PSO-LSTM mechanical drilling speed
prediction model.
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3.6. Establishment of PSO-LSTM Mechanical
Drilling Speed Prediction Model

3.6.1. Modeling Parameters
The parameters of the PSO-LSTM model set in this paper

are shown in table 2.

Table 2. Model building parameters

Dataset sample tier . number of . . L
. learning rate X C, C, particle range | iteration times
category size number particles
training sets 8156 2 0.01 80 0.5 0.5 (1,50) 100
testing sets 1896 2 0.01 80 0.5 0.5 (1,50) 100
3.6.2. Experimental Results
The particle swarm search results are shown in Figure 7.
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.5 -0.875
o 20 40 60 80 100
Particle swarm iteration times
Figure 7. Particle swarm search results
It can be seen from Fig. 7 that with the increase of the 1320 1320
number of iterations of the particle swarm, the optimal fitness "
of the overall particle swarm is constantly decreasing, and the 1760 1760
corresponding optimal number of hidden layer neurons is also o 2200 7 2200
constantly updated. When the model reaches the lowest é’ 2640 § 2640
fitness, that is, when the R2 fitting degree is the highest ) 3080 s 3080 "
currently, it is 0.873, and the corresponding optimal number i : _—
of hidden layer neurons is 48. ¥ 50 100 3206550 100
Figure 8 shows the relative error and average error of the ) )i;lzt‘;'e error(%) . Relative error(%)
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Figure 8. Relative error schematic diagram of mechanical drilling
rate prediction

The average error of the model is reduced by 2.3 % after
the drilling pressure is corrected. Compared with the
traditional wavelet denoising method using soft threshold
function and hard threshold function, the average error of the
improved denoising method is reduced by 1.4 % and 0.2 %
respectively.



4. Conclusion

(1) In recent years, wavelet de-noising method has been
widely used in the field of ROP prediction, but most of them
are qualitative, and the prediction accuracy is low. Based on
the drilling field data, this paper introduces a correction
method for wavelet noise reduction. It is found that the
prediction accuracy of the model is improved after adjusting
the threshold function and threshold determination. This is
because the improved threshold function overcomes the
discontinuity and deviation of the traditional wavelet
threshold function.

(2) When domestic and foreign scholars model the
prediction model of ROP, most of them directly model the
ground data as real downhole data, and the rationality of the
data will inevitably be reduced. In this paper, after modifying
the surface WOB, it is found that the average error of the
model is reduced by 2.3 %. This is because the model takes
into account the influence of wellbore friction and well
deviation, and does not directly regard the surface WOB as
the real downhole WOB as the input of the model, which fully
demonstrates the need to consider the relationship between
downbhole data and ground data.

(3) The traditional LSTM neural network is easy to fall into
the problem of over-fitting or under-fitting due to the random
selection of the number of hidden layer neurons. In this paper,
the particle swarm optimization algorithm is used to optimize
the number of hidden layer neurons in the LSTM network
structure. From the experimental results, the optimized LSTM
model has a higher fitting degree for the prediction of the rate
of penetration than other machine learning models, and the
prediction error is within an acceptable range, which can
provide a certain guiding role for the engineering application
of accurately predicting the rate of penetration in the drilling
site.
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