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Abstract 

Subsea blowout preventer is an important tool for ensuring safety of drilling activities and 

rig personal. In case of faults, it might cause severe damages to the environment and oil 

companies. This paper presents the method to perform fault diagnosis of subsea blowout 

preventer (BOP) based on artificial neural network (ANN).BP ANN of the BOP are proposed 

on the basis of the typical faults of the BOP in the process of opening and closing. In order to 

obtain higher training speed and precision, BP ANN are improved with gradient descent with 

momentum and adaptive LR gradient descent methods. Besides, RBF network is also 

presented for getting a better model for diagnosis. Compared with BP network, RBF network 

has better performance concerning training speed and precision in this case. However, BP 

network will show stronger flexibility in the complex model with plenty of fault types. 
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1. Introduction 

Neural network or artificial neural network (ANN) refers to the nonlinear system made up 

of lots of computing elements (neurons), and it imitates information processing, storage and 

retrieval functions of human brain systems in a certain degree. Thus, it has the intelligent 

processing functions such as learning, memory and computing [1]. At present, there are more 

than 40 kinds of neural networks and some typical neural networks are BP network, the 

Hopfield net, CMAC cerebellum model, radial basis function (RBF) network and ELMAN 

network, et al. These neural networks have good application prospect in pattern recognition, 

system identification, economics, biology, medicine, signal processing, automatic control, 

fault diagnosis, combinatorial optimization, forecast and other fields, and its good intelligence 

features can solve many of practical problems difficult to modern computers. 

BP neural network is a multilayer feed-forward network which is the most widely until 

now [2]. It uses Error Back-propagation algorithm, namely BP algorithm. Generally, the feed-

forward network with a single hidden layer is called “three-layered feed-forward network”, 

consisting of input layer, hidden layer and output layer. Figure 1 is a three-layered BP 

network model diagram. Where, the input vector is T
P )X•,...,X,...,X•,X(

ni21
 and the hidden 

layer’s output vector is T
Y )Y•,...,Y,...,Y•,Y•(

mi21
 . The output layer’s output vector is 

T
O )O•,...,O,...,O,O•(

lk21
 and the desired output vector T

d )d,...,d,...,d,d•(
lk21

 . Besides, 

the weight matrix from the input layer to the hidden layer is denoted by 
T

V )V,...,V,...,V,V•(
mj21

 , wherein the column vector 
j

V is the weight vector corresponding 
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to the j-th hidden layer neuron and the weight matrix from the hidden layer to the output layer 

is represented by T
W )W,...,W,...,W,W•(

lk21
 , wherein the column vector 

k
W  is the weight 

vector corresponding to the kth output layer neuron. The learning rules process of BP 

network includes the following steps: (1) Initialization; (2) Input the training samples first 

and then calculate the output of every layer; (3) Calculate the network output error; (4) 

Calculate the error signal of every layer; (5) Adjust the weight value; (6) Check whether all 

the samples have been completed trained in rotation at a time; (7) Check whether the 

network's total error is to meet the requirement of accuracy. 

 
O 1

W 1 W k

O k O l

W l

Y 1 Y 2 Y j Y m

. . . . . .

. . . . . .

X 1 X 2 X i X n -1 X n. . . . . .

. . . . . .

 

Figure 1. Schematic Diagram of Three-layered BP ANN 

A classic RBF network consists of input layer, one hidden layer and an output layer. The 

characteristics of the RBF network are as follows. RBF is a single hidden layer and the 

weight from input layer to hidden layer is fixed to 1. It has “local mapping” characteristics, 

which is a kind of neural network with local response characteristics. The nonlinear 

transformation’s effect of the hidden nodes of RBF network is similar to BP network' and 

both of them are converting the linear inseparable problem into linear separable problem [3]. 

ANN is widely used in various fields such as hydrological problems, multiple cracks 

detection, face recognition, wind speed modeling et al., [4-7]. Many researchers have 

presented diagnostic methods by using ANNs to detect the problems of rotating machine parts 

[8], check-valves [9], hydraulic systems [10], pumps [11] and gas turbines [12]. 

This paper aims to combine the knowledge about ANN with the fault diagnosis of the 

subsea blowout preventer. The BP or RBF networks are established by MATLAB software to 

calculate and diagnose the extracted data so that the fault diagnosis of BOP can be carried 

out. 

 

2. Typical Fault Analysis of Subsea BOP 

This paper analyzes several typical faults of the BOP in the process of opening and closing 

due to the limitation of experimental conditions. Pressure waveform data of important 

motoring sites can be obtained by installing sensors in the hydraulic circuit. Then the required 

fault data can be extracted through the treatment of pressure waveform of the sensitive point. 

Hydraulic circuit of ram BOP is shown in Figure 2. Three monitoring sites are set for 

obtaining the pressure data. The monitoring site A can detect the pressure at the entrance 

when the ram is closed. The monitoring site B can detect the pressure of entrance when the 

ram is open. The monitoring point C is placed on the inner wall of the ram and shell. So when 

the ram is closed, the enclosed space is formed between the shell wall and pipe wall. 
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Therefore, the monitoring C can detect if there is an internal leakage (through the closed 

ram). 

This paper mainly aims to analyze four typical faults, namely “failed to close”, “internal 

leakage (through the closed ram)”, “failed to open”, and “failed to fully open”. Real-time 

monitoring of pressure in the circuit is realized by installing three sensors A, B and C. So the 

changes of three pressure waveforms can be obtained through the feedback signal of the 

sensors. 

Characteristic values of the pressure waveforms can be used to determine whether the 

pressure reaches the expected value in a specific period.  Output vector (0 0 0 0 1) means the 

BOP is normal operation. (0 0 0 1 0) denotes that the BOP is failed to close. (0 0 1 0 0) shows 

there is an internal leakage. (0 1 0 0 0) represents the BOP is failed to open. (1 0 0 0 0) 

denotes the BOP is failed to fully open. 

 

D rill  p ip e

A
B

C  

Figure 2. Hydraulic Circuit Diagram of Deepwater BOP 

3. Fault Diagnosis based on Neural Network 

Artificial neural network is to simulate the human's brain to realize training and learning 

process. Figure 3 is the structure of fault diagnosis system based on ANN. 
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Figure 3. General Structure of Fault Diagnosis System based on ANN 

3.1. BP Network 

Firstly, data preprocessing is performed. As Sigmoid function is often used for hidden 

layers in BP network, the input value is required between 0 and 1 to improve the training rate 
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and sensitivity. Normalization of input data is realized by using Premnmx function and the 

data distribution is in interval [-1, 1].Secondly, select and set the parameters. 

(1) Determine the number of hidden layers. In general, the network error can be reduced by 

increasing the number of hidden layers. As there are not much training data, a BP network 

with two hidden layer is constructed to minimize the error. 

(2) The number of hidden layer neurons is determined by the empirical Equation 1. 

anmy                                                             (1) 

Where, y is the number of hidden layer neurons; n is the number of input layer neurons; m 

is the number of output layer neurons; a is a constant between 0 and 10. 

In this paper, the number of input layer neurons and output neurons is set as 12 and 5, 

respectively. Therefore, the number of hidden layer neurons can be selected from 4 to 14.  

Eventually, after a lot of trainings and validation, the number of two hidden layer neurons is 

selected as12 and 9, respectively. 

(3) The other parameters are determined as follows: Training iterative process: net. 

TrainParam. Show = 25; Vector: net. TrainParam. Lr = 0.02; Maximum number of training: 

net. TrainParam. Epochs = 20000; Training precision: net. TrainParam. Goal = 1e-3. In this 

way, a complete BP network can be established by using the newff function in MATLAB 

after determining all the parameters.  

TRAINGDM algorithm is utilized for training and the key statement in the program is [net, 

tr] = train (net, P, T). The training of BP network will randomly generate a set of initial 

weights and threshold values each time, and the required accuracy can be obtained through 

the constant adjustment of these values. Therefore, the initial weights and threshold values 

will directly affect the speed of training, so a reasonable network must be chosen after lots of 

repeated trainings.  

The convergence curve of training process is shown in Figure 4. It is shown in the figure 

that the error precision of BP network reaches 0.001 after 18262 times of trainings. It needs 

too much training and time. Therefore, the network needs to be improved. 

 

 

Figure 4. Convergence Curve of BP Network Training Process 



International Journal of Security and Its Applications 

Vol.8, No.2 (2014) 

 

 

Copyright ⓒ 2014 SERSC   53 

Three samples of data as the input are used to test the built network. Before the test, these 

data must be preprocessed. The output values of BP network and the expected results are 

listed in Table 1 as follows. Although there are some errors, the test results are close to the 

expected results. It shows that the proposed BP network can perform fault diagnosis for 

subsea BOP. 

Table 1. Output Values of BP Network and the Expected Results 

Samples Output results of BP network Expected results 

1 (-0.0264 -0.0007 0.0179 -0.0045 1.0066) (0 0 0 0 1) 

2 (0.0123 -0.0134 0.0004 0.9847 -0.0106) (0 0 0 1 0) 

3 (0.0435 0.0907 0.9687 -0.0673 0.0228) (0 0 1 0 0) 

 

3.2. The Improvement of BP Network 

A three-layered neural network is established to be the comparison object, taking 0.02 as 

learning rate and 0.01 as the training precision. Other parameters are similar to the former 

network. The network can be improved by gradient descent with momentum (GDM). 

Function traingdm is used for this method, which can update weight and bias values 

according to GDM. The main MATLAB statement for improvement is “net. TrainParam.MC 

= 0.98”, which means the momentum factor is 0.98. Figure 5 and 6 respectively show the 

convergence curves before and after improving the network training process.  

The standard BP network achieves the expected accuracy after 42 seconds and 5448 times 

of trainings. However, the improved BP network can achieve the same accuracy after only 26 

seconds and 3829 times of trainings with a distinct advantage. The same samples in Table 1 

are used to test the improved BP network. The results are listed in Table 2. For the improved 

BP network based on GDM, it has similar errors like the standard BP network. But the 

improved BP network has faster training speed. 

 

 

Figure 5. Convergence Curve of Standard BP Network Training process 
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Figure 6. Convergence Curve of the Improved BP Network based on GDM 

Table 2. Test Results of the Improved BP Network based on GDM 

Samples Output of standard BP network Output of the improved BP 

network based on GDM 

Expected 

results 

1 (-0.0277 0.0808 0.0518 0.1572 

0.8251) 

(0.1119 0.0764 0.1074 0.2078 

0.8240) 

(0 0 0 0 1) 

2 (0.0092 -0.0001 0.0058 1.0443 

-0.0718) 

(0.0513 -0.1202 -0.0373 1.0757 -

0.0308) 

(0 0 0 1 0) 

3 (0.0148 0.0069 1.0729 0.0368 

-0.0076) 

(0.0309 -0.0242 0.9576 -0.0194 

0.0215) 

(0 0 1 0 0) 

 

Learning rate (LR) has great effects on the network using BP algorithm or gradient descent 

method with momentum. Adaptive LR gradient descend (ALRGD) can improve BP network 

by adaptively changing LR to increase its stability and speed. The ALRGD method can be 

implemented on the basis of the original three-layered BP network, using the traingda 

function. The training process is shown in Figure 7. The standard BP network can achieve the 

required accuracy after 42 seconds and 5448 times of trainings, while the improved network 

with ALRGD needs 14 seconds and 449 times of trainings to reach the same accuracy. For 

testing the improved network, the same samples are adopted shown in Table 3. It 

demonstrates that the improved network has slightly smaller errors and higher training speed. 

Table 3. Test Results of the Improved BP Network based on ALRGD 

Samples Output of the standard BP 

network 
Output of BP network based 

on ALRGD 

Expected 

results 

1 (-0.0277 0.0808 0.0518 0.1572 

0.8251) 

(0.0576 0.0218 0.0215 0.1383 

0.7655) 

(0 0 0 0 1) 

2 (0.0092 -0.0001 0.0058 1.0443 

-0.0718) 

(0.1065 -0.0547 0.0297 1.0214  

-0.1613) 

(0 0 0 1 0) 

3 (0.0148 0.0069 1.0729 0.0368 

-0.0076) 

(0.1152 -0.0006 0.9763 -0.1661 

-0.0138) 

(0 0 1 0 0) 
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Figure 7. Convergence Curve of the Improved BP Network based on ALRGD 

3.3. RBF Network 

The parameters will directly affect the training speed and final accuracy. For the sake of 

comparing the BP network and the RBF network, the target error is set as 0.001. The 

convergence process during the training is shown in Figure 8. It shows that only 11 times of 

trainings are needed to achieve the expected error precision. Obviously, RBF network has 

faster training speed than BP network. The same samples in Table 1 are used to test the 

proposed RBF network. The test results and the expected results are listed in Table 4. 

 

 

Figure 8. Convergence Curve of RBF Network 

BP network and RBF network have different characteristics. On the one hand, BP network 

has slow learning speed, because its weight can’t be calculated directly and it needs constant 

adjustment to achieve the final requirements. RBF network has only one hidden layer and the 

weight can be calculated directly, where the weight adjustment calculation is not needed and 
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a lot of time is saved. Besides, BP network is sensitive to some parameters such as learning 

rate. On the other hand, RBF network has higher calculation precision and lower error value 

than BP network. However, there are not many fault types are researched in this paper, so 

RBF network performs better than BP network in general. If there are plenty of actual fault 

types, BP network will show stronger ability to adapt in the complex model. 

Table 4. Test Results of the RBF Network 

Samples Output of the RBF network Expected results 

1 (0.0000 -0.0056 0.0000 0.0005 1.0051) (0 0 0 0 1) 

2 (0.0000 -0.0359 0.0000 1.0359 -0.0000) (0 0 0 1 0) 

3 (-0.0000 0.0602 0.9395 -0.0000 0.0003) (0 0 1 0 0) 

 

4. Conclusions 

This paper presents the method for fault diagnosis of subsea BOP based on ANN. To 

improve the performance of the network, different algorithms of ANN are studied.  

(1) ANN can be used for fault diagnosis of the BOP. The fault type will be obtained based 

on the input data of the BOP in the proposed BP, improved BP and RBF networks. Some 

samples are used to test the developed networks. 

(2) The improved BP networks with GDM or ALRGD have higher training speed and 

precision to a certain extent.  

(3) BP and RBF networks have their own advantages and disadvantages. However, RBF 

network is better than BP network in the case that there are not many fault types to be 

diagnosed. 

In the future research work, the methodology to determine the optimum number of hidden 

layers neurons for the network will be presented. Besides, how to optimize the learning 

samples and make the diagnosis results more accurate will be addressed. 
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