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 Drill bits are one of the most important parts in a drilling process. Hence, the bit 

selection is a major practice in drilling process. Also, the effect of drilling bit at overall 

cost is considerably high; bit selection is mentioned as an important task in planning 
and designing of new wells. In order to perform this task, a back propagation ANN 

Model is developed by training the model for several wells. This model is based on 

drilling bit records from offset wells. In this project, two models will be developed by 
the usage of the ANN. One is to find out the predicted IADC bit code and the other is to 

calculate Predicted rate of penetration (ROP). Stage 1 was to find the IADC bit code by 

using the entire given field data. This data includes bit size, rate of penetration, weight 
on bit, rate per minute, depth, mud weight and drilling interval. The output is the 

Targeted IADC bit code. Stage 2 is to find the Predicted ROP values. This time, the 

data is used as input in the ANN modeling process which includes bit size, weight on 
bit, rate per minute, depth, mud weight and drilling interval. The output is the rate of 

penetration. Thus, at the end there will be two models that give the Predicted ROP 

values and Predicted IADC bit code values. The minimum mean squared error (MSE) 
of 3.7 and 3.36 and coefficient of determination (R2) of 0.94 and 0.95 was found for 

IADC bit codes and ROP respectively. The results indicated that there is a good 

agreement between the field data and predicted values using the ANN model. 
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INTRODUCTION 

 

 The basic form of bit selection is normally done 

which is based on cost per foot. This method is 

simply selecting the bits that will provide the lowest 

cost per foot over the upcoming interval. In addition 

to that, other factors which are taken into 

consideration include offset, journal angle, and other 

design aspects. This differentiates one bit to another 

according to the specific environments. Rotary 

drilling bits can be generally classified as either drag 

bits or rolling cutter bits according to their design 

features. Drag bits have fixed cutter blades in 

common. These blades are integrated within the body 

of the bit. The rotation takes place with the drill 

string as one unit. On the other hand, the rolling 

cutter bits normally have 2 or more cones which have 

basic cutting elements. These cutters rotate about the 

axis of the cone during the bottom hole rotation 

(Fasheloum 1997).A bit cost might be relatively 

small in a well’s budget which is approximately 5%, 

but the impact of bit performance on overall well 

cost might end up being considerably large. 

(Lummus 1971, Yιlmaz, Demircioglu et al. 2002, 

Mostafavi and Jamshidi 2013). Bit selection is 

basically classified into three categories as (Bataee 

and Mohseni 2011): 

 Cost Analysis 

 Offset Well-Log Analysis  

 Bit Performance Modeling Using ANN and 

Genetic Algorithm  

 The determination of the optimum bit to be used 

for the drilling process has always been a key 

parameter for design and development of 

well.(Yιlmaz, Demircioglu et al. 2002). Latest 

technology was put into account for selecting 

appropriate rotary drilling bits. Bit types to be used 

are selected based upon a three layer feed forward 

neural network system(Bilgesu, Al-Rashidi et al. 

2000). The complicated relationship between 

formation, bit properties, and operating parameters 

was determined using various neural network 

models. The data sets utilized in this study were 

gained from Middle East fields. It was checked to 

remove reaming and coring operations. The first data 

set was labeled (K-1) and it had approximately 2000 

sets of recorded field information with 277 different 
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bit types from a region. The first neural network 

design was given an input of bit size, total nozzle 

area of the bit, depth the bit was pulled, drilled 

interval length, ROP, WOB, RPM, and mud 

circulation rate. These input parameters were used to 

predict bit type for the upcoming drilling interval. 

Next, the second data set (K-2) was introduced using 

different regions from Middle East. It had 489 

different bit types. Other variables were similar as 

mentioned above for first data set (K-1). Third data 

set (K-3) had more than 2000 records with similar 

variables. The neural network which was developed 

has successfully chosen the bits for the preferred 

drilling sections. It was used to improvise planning 

process for new wells. Thus, it was concluded that a 

correlation coefficient of 0.857 and 0.975 was 

achieved for neural network predicted bit types and 

bit types used respectively.  

 Unconventional method was also used in 

choosing drilling bits. This was carried out by the 

usage of a three layer feed forward neural network 

system (Bilgesu, Al-Rashidi et al. 2000). Two 

different neural network systems were designed in a 

way where one determines the bit type and another 

for cost per foot value. A same sort of approach was 

used to relate formation characteristics and bit 

properties utilizing the neural network system. The 

drilling operation data from the Middle East region 

was used for this purpose. The first set contains 1500 

sets of recorded parameters. In this case study, 520 

different bits ranging from the sizes of 4 ½ inches up 

to 28 inches was used. Input used were pretty much 

the same as the one mentioned previously. The next 

set used approximately 3200 recorded parameters. 

The information gathered from this study is that the 

identification for bit in relation to their codes can be 

done. However, the relationship between the bit 

types was not stated clearly. In this study, the 

correlation coefficient was between 0.831 and 0.995 

for the data sets used.  

 Another literature showed that utilized 

intelligent systems in ROP optimization (Bataee and 

Mohseni 2011). During this modeling process, 

proper parameters were chosen based on the targeted 

ROP. Inputs for the ANN were bit diameter, depth, 

WOB, RPM, and MW and the output was ROP. 

Development of a 2 layered network was done. This 

was followed by the development of a 3 layered 

network and followed by a 4 layered network. 

Among all 3 types, it was noted that the 3 layered 

networks resulted in the least amount of error 

prediction. Thus, many tests were run for the 3-

layered network and finest correlation coefficient 

was selected among the tested models. During the 

training, the Back-Propagation algorithm with 

Levenberg-Marquardt training function was utilized. 

Data sets from fifteen different offset wells were 

taken into account in the training and testing process 

of the network. From this data, 60% was used for 

training purposes. The remaining 20% is applied in 

validation process and another 20% was used for 

testing purpose. This training program used up about 

1810 data point. From this detail, it was noted that an 

improvement in WOB or rotary speed does not 

necessarily improve ROP. This is observed through 

the results when the driller used high WOB and RPM 

in certain parts. The ROP value was decreased due to 

cleaning problem and bit floundering. Thus, results 

proved that using less WOB leads to higher ROP 

value. Besides that, a wide range of RPM and WOB 

was used and the observation indicated that the best 

value was neither the maximum nor the minimum 

value. Therefore, a suitable ROP from the list was 

chosen from the previous one that was targeted but 

by the utilization of a modeled function. Necessary 

drilling parameters were used.   

 As explained above there are two different 

models that have been used previously to predict 

IADC code through ANN. The first model used a 

three digit number as a targeted output for the IADC 

code (e.g. 115)(Mostafavi and Jamshidi 2013). At the 

same time, ANN will predict the three digit number 

(e.g.115.2 or 114.9). Therefore, the targeted output 

cannot be concluded from the predicted output. 

Whereas, the second model used a three digit comma 

delimited numbers (e.g. 2, 3, 2). The ANN predicts 

the three digit comma delimited numbers as (e.g. 2.2, 

2.8, 1.8). Therefore, the values of the targeted output 

cannot be concluded. 

 

Method: 

 ANN is a computational technique used to solve 

complex problems. MLP network is one of the most 

popular neural network architectures for modeling 

process (Feng, Li et al. 2003). It consists of input 

layer of source nodes, hidden layer of computation 

nodes (neurons), and output layer. The number of 

nodes that is being used in the input as well as the 

output layer is completely dependent on the number 

of input and output variables being used respectively 

(Pinar, Paydas et al. 2010). In this project the MLP 

network will be trained by the usage of LM 

technique(Hagan and Menhaj 1994, Cigizoglu and 

Kisi 2005). Based on the research papers, it is clearly 

stated that the single layer is good enough to 

approximate a complex function (Wilamowski, 

Iplikci et al. 2001).Therefore, in this study, a three 

layered Feed-Forward Network will be developed 

namely input, hidden, and output layers. Among the 

available data sets which are gathered from different 

offset wells, 70% will be used for training, 15% will 

be applied for validation process and the remaining 

15% will be used to test gained results from the bit 

being modeled as well as the ROP functions. Stage 1 

was to find the IADC bit code by using all the given 

filed data. This data includes bit size, rate of 

penetration, weight on bit, rate per minute, depth, 

mud weight and drilling interval. The output is the 

Targeted IADC bit code. Stage 2 was to find the 

Predicted ROP values. This time, the data used as 
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input in the ANN modeling process includes bit size, 

weight on bit, rate per minute, depth, mud weight 

and drilling interval. The output is the ROP. All the 

data (input and output) for ANN models were 

normalized between 0 and 1 to avoid numerical 

overflows due to very large or small 

weights(Despagne and Massart 1998). The 

normalization equation applied is as follows: 

               (1) 

 Where y is the normalized value of xi, the xmax 

and xmin are the maximum and minimum value of xi, 

respectively. The performance of the ANN models 

was done according to the mean squared error (MSE) 

and the coefficient of determination (R
2
) which can 

be defined as follows:  

              (2)  

                (3)  

 Where yprd,i is the predicted value by ANN 

model, yexp,i is the experimental value, N is the 

number of data, and ym is the average of the 

experimental value. 

 
Table 1: Method in Obtaining ANN Results. 

Model Data Being Used Description 

ANN Drilling Data 

 

 

10= 512X 

20=434X 

30=532M 

Ex: ANN predicts the numbers as perhaps 11.5 (10), 

23.4 (20), and 38.7 (30) 
Output Example 

IADC Bit Code 10,20,30 
The results of this method will be considered to improve predicted IADC bit codes value.  

 

RESULTS AND DISCUSSIONS 

 

 For the ANN simulation process, the MATLAB 

software package was used. The Neural Network tool 

which is built-in within MATLAB software was used 

to get all the results and generate all the graphs 

needed. The type of data used for this project 

comprises of drilling data. The following table 

represents the range of the data which was used. 

 The following was done to get the results that 

will be discussed below. The Azar Well data was 

used in the ANN modeling process. The modeling 

process was done in two stages. Stage 1 was to find 

the IADC bit code by using all the given filed data. 

This data includes bit size, rate of penetration, weight 

on bit, rate per minute, depth, mud weight and 

drilling interval. The output is the Targeted IADC bit 

code. Stage 2 was to find the Predicted ROP values. 

This time, the data used as input in the ANN 

modeling process bit size, weight on bit, rate per 

minute, depth, mud weight and drilling interval. The 

output is the ROP. In all the simulations done under 

the ANN modeling, the data was used with 70% for 

training data, 15% for validation data, and 15% for 

test data. For the simulation process, the number of 

hidden neurons can vary within a range of 1-23. The 

best simulation results were gained when the number 

of hidden neurons was set to 10. The following table 

shows the Mean Squared Error values and 

(coefficient of determination) R
2
 values for Training 

Data, Validation Data and Test Data respectively.

 

Table 2: Data Type Range. 

Parameter Min Max 

ROP(m/hr) 0.3 41.66667 

WOB(1000 lb) 4 65 

RPM 50 190 

depth(m) 0 3532 

MW(pcf) 60 142 

drilling interval (m) 3 1503 

Bit size(in) 4.13 36 

 
Table 3: MSE And R2 Value For three set of data (Stage 1). 

 SAMPLES MSE R2 

TRAINING 213 3.7 0.94 

VALIDATION 48 5.9 0.90 

TESTING 48 3.8 0.93 

 

Table 4: MSE And R2 Value For three set of data (Stage 2) 

 SAMPLES MSE R2 

TRAINING 213 3.36 0.97 

VALIDATION 48 12.40 0.78 

TESTING 48 5.12 0.94 
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 From the tables observed above, it is clearly 

seen that by using all the data given, ROP value can 

be predicted through ANN modeling process and 

these ROP values can be further used for finding of 

the IADC bit code. The accuracy of the R
2
 value is 

approximately 92%. The ANN modeling process has 

given out results of IADC bit code values. However, 

the accuracy of these results can be further confirmed 

by using the ANN to predict a group of other data set 

to see if it provides similar prediction with similar 

accuracy.  

 
Table 5: MSE And R Value For 10 Number Of Hidden Neurons (Stage 1of Data Set 2). 

 SAMPLES MSE R2 

Data 68 173.64249 0.952786 

 

Table 6: MSE And R Value For 10 Number Of Hidden Neurons (Stage 2 of Data Set 2) 

 SAMPLES MSE R2 

Data 68 3.734661 0.966666 

 

Table 7: Predicted IADC Bit Code Value And Predicted ROP Value Examples. 

IADC 

Bit Code 

ANN Output Predicted IADC Bit Code 

Value 

ROP (ft/hr) Predicted ROP Value 

(ft/hr) 

1,1,1 10 8.540809 19.263360 20.03738 

1,1,1 10 10.49332 16.2142857 18.74017 

1,3,4 70 74.78044 7.77586207 3.43065 

2,1,4 90 93.24648 3.37209302 2.866403 

2,1,4 90 85.00292 3.09090909 2.379206 

1,3,4 70 65.81053 2.80991736 1.642444 

1,3,5 80 83.09457 2.80991736 2.324059 

2,1,4 90 90.54357 1.39534884 1.711341 

2,1,4 90 70.67985 1.93478261 1.633869 

2,1,4 90 71.96897 1.90697674 1.499116 

2,1,4 90 71.90172 2.0000000 1.35653 

2,1,4 90 72.16207 1.60655738 1.455876 

2,1,4 90 70.22408 1.5106383 1.02429 

2,1,4 90 88.04242 1.41176471 1.29425 

2,1,4 90 83.33124 2.63157895 1.329831 

1,1,1 10 6.796307 13.5396825 12.9523 

1,1,1 10 8.319983 6.4000000 5.959551 

1,1,1 10 6.990621 4.30769231 3.70865 

1,1,1 10 9.344001 3.3800000 3.596977 

 

These values can be concluded as a good 

approximation as the predicted values are almost 

near to target values provided. The graph below 

shows the comparison of predicted IADC Bit Code 

versus the targeted IADC Bit Code. 

 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Normalized real IADC bit codes

N
o

r
m

a
li

z
e
d

 p
r
e
d

ic
te

d
 I

A
D

C
 b

it
 

c
o

d
e
s

Traning set

Validation set

Testing set

 
 

Fig. 1: Results of the Regression Graphs for Output of Predicted IADC Bit Codes. 

 

 Based on the second set of data set used to 

recheck the accuracy of ANN simulation, it can be 

said that the ANN simulation process can provide 

better accuracy which can be thus used as prediction 

tool in well design and development. 

 

 

Conclusion: 

 The ANN simulation modeling process has been 

used to Predict ROP value and the Predicted IADC 

Bit Code has been found. Generally, the training is 

done for about 10 to 15 times for each number of 

Hidden Neurons Layers to gain the best output of 

Mean Square Error, MSE and coefficient of 
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determination (R
2
). It has been seen during the 

simulation process that the most suitable hidden 

neuron number is 10 and 17. For the Azar Well 1 and 

2 data sets, the final accuracy level of the Predicted 

IADC Bit Code Values was 0.92 and the final 

accuracy level of the Predicted ROP Values was 

0.95. This clearly shows that the usage of ANN 

simulation as a prediction tool can provide accuracy 

level of more than 95% which is fairly accurate. In 

order to reconfirm that these values were accurate 

enough, a new set of data was also used to see if it 

gives a proper prediction. Once again, the final 

accuracy level of the Predicted IADC Bit Code 

Values was 0.95 and the final accuracy level of the 

Predicted ROP Values was 0.96 for the second set of 

data set. Therefore, it is clearly seen that this research 

work manage to utilize the ANN simulation to 

predict the IADC Bit Code and ROP values quite 

effectively. However, there are still some errors in 

the prediction. This is simply because of certain 

reasons which are insufficient data, and also the 

absence of Log Data etc. 

 
Nomenclature 

SHORT FORM MEANING 

ANN Artificial neural networks 

BP Back-propagation 

GA Genetic algorithm 

HPHT High-Pressure/High-Temperature 

IADC International Association of Drilling Contractor’s 

LM Levenberg-Marquardt 

MLP Multi-layer perceptrons 

MSE Mean Square Error 

MW Mud weight(PPG) 

PDC Polycrystalline Diamond Compact 

R Regression Value 

ROP Rate of penetration(ft/hr) 

RPM Rotation per minute (rad/min) 

TFA Total flow area (ft2) 

TRAINLM Training program for Levenberg-Marquardt 

TR Rotating time(hr) 

TT Trip time(hr) 

UCS Unconfined compressive strength of formation 

WOB Weight on bit(lb) 
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