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Abstract:

In recent times several drilling problems related to poor hole cleaning have been
reported. Problem such as a high torque and drag, poor hydraulics and pipe
sticking have resulted into an increase in operational costs. To therefore achieve
and successful drilling operation in horizontal and inclined wells; a good cutting
transport ratio and higher hole cleaning efficiency are required in this is largely
dependent on factors such as are fluid properties and rheology, size and density of
cutting, pipe eccentricity, flow rate, rate of penetration, drill pipe rotation, average
fluid velocity, and hole geometry and inclination. In this study, a new empirical
correlation was established for the prediction of cuttings transport ratio from
wellbore to the surface. The artificial neural network (ANN) coupled with the back-
propagation (BPNN) learning algorithm technique was employed to develop the
empirical correlation based on 405 experimental data. The input variables are made
up of the mud density and mud rheological properties hole inclination angle, flow
rate (GPM), drill pipe rotary speed (RPM) and size and density of cutting. The
result obtained showed that the developed correlation using ANN technique could
be applied in predicting the cuttings transport ratio with a high accuracy for average
absolute errors (AAE) less than 0.5%. Moreover, the correlation coefficients (R)
was higher than 0.9 for both number of neurons but six number of neurons gave the
higher correlation coefficient especially in testing stage as compared with three
neurons. The application of this method is cost effective with zero use of auxiliary
equipment, which will undoubtedly help in accurate estimation of hole cleaning
operation; an important function in drilling operation.

Keywords: Cutting transport ratio, Hole cleaning, Artificial neural network,
Inclined wells.

| INTRODUCTION

The cost effectiveness of any drilling operation

Other major functions of a drilling fluid in a
drilling program include: lubrication, removal of

is generally a function of clean and efficient hole.
This partly because an accumulation of cuttings
or formation of cuttings bed in the well often leads
to decreased rate of penetration, increased cost of
drilling, fractured formation, increased plastic
viscosity of mud as a result of grinding of cuttings
and stucked pipe. The hole cleaning operation is
usually affected primarily with a drilling fluid.
The function of a drilling fluid is chiefly the
transportation of cuttings out of a drilled hole.

Published by: The Mattingley Publishing Co., Inc.

cuttings from mud at the surface, minimizing the
formation damage, controlling of formation
pressures, hole integrity maintenance, improving
of drilling rate, aiding of well logging operations,
minimizing torque, drag, pipe sticking as well as
corrosion of the drill string, casings and tubing’s
(Ekeinde et al., 2019)

There have been a number of investigations on
the factor affecting the efficiency of drilling hole
cleaning operation. Pigott (1941) was the first to
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identify and report the different parameters
affecting the mud-carrying capacity. Williams and
Bruce estimated the annular velocity required in
removing the hole-cuttings as reported by
Mahmoud, et al., (1951). There have been series
of experimental studies conducted by many
researchers for the identification of different
parameters affecting the efficiency of hold
cleaning operation Bouyo, et al., (2019).
Dehvedar et al., (2019) reported the modeling and
correlation of drilling operations using CFD
models. Other investigations employed a
computer aided modeling and simulation for
monitoring the transportation of the cuttings.

Clark (1994) and Kamp (1999) assumed the
annulus condition with stationary cutting beds
layers, the suspended layer and that of the 3-bed
model. Cho (2000) on the other hand made
assumption on the cutting bed in stationary layer,
moving bed and also in the liquid phase layer.
Not many studies have been conducted in this area
of research when compared to the cutting
concentration models and qualitative experimental
tests as buttressed by Bizanti (2003) and Larsen
(1997). However, Nazari et al. (2010)gave a
comprehensive accounts on the transportation of
drilling cuttings [1-14].

Several parameters have been reported to affect
the efficiency of hole cleaning operations viz:
inclination of wellbore, the eccentricity of pipe or
hole, the rheology characteristics of the drilling
mud, pipe rotation, penetration rate and the flow
rate of the bed cuttings Pandya, et al. 2019; Al-
Azani et al., 2018) . Tomren et al. (1986),
investigated the effect of well borne inclination on
the efficiency of hole cleaning. They later
reported insignificant changes in the concentration
with an inclination angle at 10° when compared
with the one carried out in vertical direction. They
later concluded that at a wellbore inclination angle
between the range of 10° and 30° the bed cutting
is usually operated under a decreased flow rate.
The pipe eccentricity is another factor affecting
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the cleaning efficiency as supported by Tomren et
al. (1986). It has been reported that at different
eccentricities in a vertical pipe, the cutting
characteristics features is usually the same.On the
other hand, for a drill section inclined at an angle,
there is a characteristics build-up of cuttings when
the eccentricity is zero [15-20].

The rheological properties and density of the
mud is other parameters affecting the hole
cleaning efficiency as buttressed by Azar (1983).
There is a rise in the mudability when the plastic
viscosity and the vyield point were increased.
However, as the plastic viscosity decreases, the
hole cleaning efficiency increases correspondingly
(Ford et al., 1990). Cho et al., (2001) and Ravi &
Hemphill (2006) showed a direct correlation
between the cutting bed and the flow rate;
increasing the flow rate and annular velocity
triggers a reduction in the cutting bed. Sanchez et
al., (1999) also reported that the pipe rotation
speed (rpm) becomes more effective when the
well angle is high than when it is in a vertical
well. At this point, the effective hole cleaning
efficiency and penetration rate (ROP) increases
accordingly (Tomren et al., 1986).

Il MATERIALS AND METHOD

2.1. Implemented Artificial Neural Network (ANN)

The implementation of the artificial intelligence
involved the processing of data to mimic the
neural system of human being and their
performance features. This is usually applicable
by adapting a computer modeling techniques
which maps object or data together. The use of
artificial intelligence is more applicable in
situation where there are large or complex inputs
pattern. In this method, the outputs and the inputs
were correlated using an important neural network
element called neurons. The outputs from the
predictive problems were obtained from the
nonlinear equations.

In this study the implementation was conducted
using the feed-forward neural networks with the
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back-propagation (BPNN) learning algorithm and
the radial basis functional networks (RBFN). The
former the input and output variables are
employed for the training of the network to
approximated functions. A particular output is
thus correlated to a specific input variable in
accordance with the selection made by the user.
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The BPNN method is largely dependent on the
categorization of the problem being solved using
different functions for activation. For this
investigation the hyperbolic tangent (HTTF) was
employed as activation function as presented in
Figure 1. The HTTF method required higher
number of neurons than the BPNN technique.

Fig. 1.Plot of the hyperbolic tangent transfer function.

2.2.  Description and Analysis of Data

The work was conductedusing the cuttings
transport ratioin relation to the condition of the
simulated down hole conditions.. In this study

nine parameters were varied to determine their
corresponding impact on the cutting transport
ratio (CTR) and this was achieved using a total of
405 experimental tests (Table 1).

Table 1
Test matrix for cutting transport ratio prediction.

Testing factor

Values

Annular size

4" casing ID x 2" drill string OD

Inclination Angle (0) degree 55°-90°
Pipe Rotation (rpm) 0,60
Mud Weight (pm),ppg 8.75,8.8,9
Plastic viscosity (Py)cp 7.6,13.5,13.7
Yield point (Yp)Ib/100ft? 11.3,19.7, 30.2
Flow rate (Q)gpm 48.43,70.44, 92.46
Cutting size (dp), mm 1.7,2.36, 4
Cutting density (pp)pPpPY 22.57, 24.47
The above data was separated into to different Q).
sections with training and testing that group into Xp
70 % and 30 % datarespectively. He is _ X~ Xmin
categorization of data into training and testing Xmax — Xmin
wasconducted in a random manner with the aid of -1 (D

MATLAB algorithm. Using the BPNN method,
the data training, testing and validation input data
were rangely normalized at [-1,1] using the Eq.
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Where, X,: is the normalized parameter; Xx: is
the actual parameter; Xmin and Xmax:.are the
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minimum and the maximum values of the actual
parameters respectively.Moreover, the correlation
coefficient (R) and the average absolute error
(AAPE) were employed to estimate the
performance of the function as presented in Egs.
(2) and (3).

R

ZiN(yiact — Yipred )2

= |1 5
ZE\I ipre:
Zg\l(Yiact )2 - %
AAPE = _Z Yiact — Y1pred (3)
Yiact

where, Viact: represents the measured (actual)
value; VYipred: represents the predicted (estimated)
value; N: denotes the number of samples.

It is worthy of note that the performance of the
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predictive model increases at a reduced R and
AAE values.

2.3. Estimation of CTR

The cutting transport ratio was estimated using
the BPNN learning algorithm.The sensitivity
analysis was determined for the hidden layers,
neuron number, and transfer function using
sevggl tests. Two cases were used in the final
neural network with the first case containing a
single input layer with eight variables and three
neurons. The second case is the hidden layer
containing six neurons, hyperbolic transfer
function and one output layer. As presented in
Figure (2) and (3).

Hidden layer activation function: Hyperbolic tangent

Cutput layer activation function: Hyperbolic tangent

Synaptic Weight = 0
e Synaptic Weight = 0

Fig.2. ANN topography for three layers with three neurons.
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Hidden layer activation function: Hyperbolic tangent

Cutput layer activation function: Hyperbolic tangent

Synaptic Weight = 0
— Swraptic Weight = 0

TR

Fig. 3. ANN topography for three layers with six neurons.

I11 RESULTS AND DISCUSSION

The CTR was calculated using the BPNN
learning algorithm. The training is presented in
Figure (4) and (5) consisting of actual and
predicted cutting ratio. This was plotted against
the number of test ascontained in the training
section with 3 and 6 number of neuron.
Moreover, Figures (6) and (7) presented the
regression plots for all stages between the actual
and predicted data for three and six number of
neurons respectively. The figures show the
closeness of the predicted CTR to the actual CTR.

Table (2) summarizes the results obtained from
implementing the BPNN technique for estimating
cutting transport ratio. The results show six

Table 2

number of neurons gave high correlation
coefficient and minimum AAE for all stages as
compared with three neurons especially in testing
stage. Also, results for all stages indicate that the
model performance is very satisfactory. The
empirical model in this study based on weights
and biases shown in Tables (3) and (4) for three
and six number of neurons respectively,
associated with the input layer/hidden layer and
hidden layer/output layer has been developed by
incorporating the dataset. Before presenting the
input-output data to the LM-ANN model, all the
datasets were normalized between the ranges [-1,
1] using Equation (1) for hyperbolic tangent
transfer function.

Weights and biases of suggested empirical model for Eq. (4) with three neurons.

Hidden
Layer

Input Layer Weight Matrix (wy,)

Input | Hidden | Output
Layer | Layer Layer

Published by: The Mattingley Publishing Co., Inc.
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Neurons Bias | Weight Bias
(1 (by) Vector | Vector
(wz,) (b2)
1 -0.1284 0.052 1 0265 0.122 | 0.3269 | -1.1374 04086 | 0.093 0.5870 | 2.1219
03 04 8 13
3 6 8
2 0.0430 0.176 | 0.067 0.086 | 0.2580 | 0.5329 | 0.3469 | 0.005 0.2975 -5.2971 | 1.8577
81 27 5
5 1 5 7 7 5
07706 | | 0622 | - |0.3741 . : 0.054
3 1 0.(()539 09 1133 p 0.0526 2 3526 91 2.3492 | 0.63321
Table 3
Weights and biases of proposed empirical model for Eq. (4) with six neurons.
Hidden
Hidden Input Output
Layer Layer
Layer Layer Weight Bias
Neurons Input Layer Weight Matrix (wy,) Bias g
(0 (b) Vector | Vector
(w2,) (b2)
) ) 0.198 | 0.866 - - - 0.038
1 0.2214 0.(;75 ) 3 13496 | 067025 | 3.0182 3 1.4765 | 0.63816
2 0.1605 0.135 0.232 0.175 0.0555 ) 0.3755 | 0.023 0.4399 -5.4785
1 0 0.51849 7
4 0 3 1 8
3 0.0269 0.013 | 0.955 0.080 | 0.7458 1.9277 i 0.218 | 1.1918 | -1.2941
21 5 p 7 2 1.0367 3
- - 2.1068
4 -1.1244 0.093 ) 0354 | 2711 0.7063 | -2.6505 0.3314 0.015 | 3.1966 | 0.68511
2 6 5 5
8 6
_ 2.072 ] ) - - 0.269 | 0.0936
5 0.3795 8 1.742 | 1.167 16947 -1.5817 11094 9 9 -0.382
6 1 8
6 -3.8847 | 1.026 | 1.029 | 0.054 | 0.4138 | 1.0523 | 2.2407 | 0.364 | 0.7011 | 0.4379
4 3 3 2 8

Also, to convert the ANN technique to a white
box, the weights and the biases was extracted
from empirical correlation for Matlab program.
Eg. (4) has been used for prediction cutting
transport ratio (CTR) in inclined and horizontal

Published by: The Mattingley Publishing Co., Inc.

wells based on weights and biases in Tables (3)
and (4).
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CTRpred . + Wli,7Q + Wli'gRPM + bll)]
N + b2] (4)
= TANH[ ) w;, X TANH(w1,,dp + w1, ,pp
i=1
+ wl;3yp + wl4pv+ wl;spm + wl; ;0

——CTR Predicted Value (%) ——CTR Actual Value(%)

100

CTR (%)
5 8 &

N
o

o

0 50 100 150 200 250 300 350 400

Test No.

Fig. 4. Actual (experimental) And BPNN-predicted cutting concentration versus test number from network
training for three neurons.

—— CTR Predicted Value (%) ——CTR Actual Value (%)

100
80
60
40
20

CTR (%)

0 50 100 150 200 250 300 350 400

Test No.

Fig.5. Actual (experimental) and BPNN-predicted cutting concentration versus test number from network
training for six neurons.

Table 4
Results of estimating CTR using BPNN.
Number of neurons

Stage Three Six
R R’ AAPE(%) R R’ AAPE (%)
Training 0.98 0.96 0.358 0.982 0.964 0.33
Validation ~ 0.982 0.964 0.981 0.962
Testing 0.976 0.952 0.982 0.964
All 0.98 0.96 0.982 0.964
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Fig.6. BPNN-predicted versus actual (experimental) cutting transport ratio for all stages with three neurons.
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Fig.7.BPNN-predicted versus actual (experimental) cutting transport ratio for all stages with six neurons.

IV CONCLUSIONS = The BPNN learning algorithm is a good
= The hyperbolic tangent transfer function is technique for training this network and
a good function for training network and prediction cutting transport ratio.
prediction cutting transport ratio. = Atrtificial neural network method could be
= Six number of neurons was gave the used to directly estimate CTR with good
higher correlation coefficient and low engineering accuracy and without complex
average absolute error compared with procedures.

three neurons. Meaning that increases in
number of neurons gave the best results.
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Nomenclatures and Abbreviations

[1]

[2]

[3]

[4]

[5]
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AAPE = Average absolute percentage error
ANN = Artificial neural networks

BPNN = Back-propagation neural network
HTTF = Hyperbolic Tangent Transfer Function
CTR = Cuttings transport ratio (%)

Q = Flow rate (GPM)

R = Correlation coefficient (%)

R? = Coefficient of determination (%)
RPM = Pipe rotation (rpm)

YP = Yield point (Ib/100ft?)

0 = Inclination angle (degree)

PV = Plastic viscosity (cp)

Pm = Mud density (ppg)

Pp = Cutting density (ppg)

dp = Cutting size (mm)
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