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Abstract. Defect real-time quantitation and display is critical for tank floor magnetic 
flux leakage (MFL) testing. Since the detection process is continuous, which means 
the data processing area may contain the incomplete MFL signals. This paper 
proposed a novel real-time quantitation and display method for the condition of 
incomplete defect MFL signals. This method is mainly for defect edge recognition 
and depth estimation. Firstly, to identify the defect edge for the incomplete MFL 
signals, the edge identification method based on the Sobel discrete different operator 
has been putting forward. Then, to estimate the defect depth, putting forward rapid 
depth estimation method based on the quantification neural network, key characterise 
abstraction and signal equivalent processing. Finally, sums up the real-time display 
method after estimating the edge and depth of the defects. By experimental 
verification, this method can realize the defects’ quantitative and display for the 
incomplete defect MFL signals effectively. 

1. Introduction  

Steel tanks are used to store oil, gas and other chemical materials petroleum and chemical 
industry. Tank floors will have corrosion defects under corrosion and stress environment 
after long-time service. Detection of these defects is critical for tank’s safe operation and 
maintenance [1-3]. So it is important to realize the real-time display of tank floor’s defects. 
There are lots of research and data processing methods on defect quantification and display 
based on the detected magnetic flux leakage (MFL) signals, which contain the complete 
defect information [4-8]. However, in the process of tank floor defect MFL testing, the 
detection of defect MFL signals is continuous. That means in some testing phases of real-
time display, the data processing area may not contain the complete defect MFL signals. In 
this cases, those methods for complete signals may not quit suitable for realize the defect 
quantification and display. 

In order to solve this problem, a rapid display method under the condition of 
incomplete defect information has been proposed in this paper, which based on the edge 
recognition and depth estimation methods. The organization of this paper is as follows. 
Section 2 introduces a defect edge recognition method contain with the Sobel operator and 
curve fitting In Section 3, an equivalent processing method is developed to process the 
incomplete defect signal. Then, the key characteristic values of the equivalent 3D MFL 
signals are extracted, and the defect depth is estimated quickly based on neural network. 
Section 4 shows the experiment result for defect display and Section 5 summarized the whole 
work in this paper. 
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2. Defect Edge Recognition 

1.1 Sobel operator  

In the process of MFL testing, magnetic field line will have abrupt changes in the defect edge. 
Those abrupt change points can reflect the edge information of the detected defect. 
Accordingly, the gradient value of defect three-dimensional (3D) MFL signals can be used 
for defect edge recognition. 

Sobel operator is a discrete first-order difference operator, which can be used to 
process the gradient of each point in the data processing area [9]. Gx, Gy are the Sobel 
operators, for convolution with data processing area A along the horizontal and tangential 
directions, to realize those two directions difference operation. 
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Thus, the gradient value G(A) and the gradient direction (A) of data processing area 

A can be calculated with following formulas. 
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By using the above method to solve the gradient of 3D MFL signals, including 
horizontal component, tangential component and normal component signals. 

1.2 Data Synthesis and Edge Fitting  

In order to obtain the integrated defect edge, extracting the gradient distribution of peak area 
for the 3D MFL signals respectively. Setting the intercepting threshold of gradient signal 
peak value by adjusting to get defect edge recognition results for horizontal, tangential and 
normal component signals. 

Since those three component signals contain different edge information, the 
recognition results for the three components also exist differences. For combining the whole 
edge information, those edge points of the three components should be synthesized to get 
complete edge profile. In the conditional of the three components’ direction capture threshold 
being set to 80%, 65% and 75%, a circular defect edge recognition points for the 3D MFL 
signals has been showed in the Fig.1 below. Fig.1 (a), Fig.1 (b) and Fig.1 (c) are the 
horizontal, tangential and normal component signals’ edge recognition points separately. The 
circle in the figure shows the actual edge profile. Fig.1 (d) is the synthesis points for the three 
component. 

From the figure, we can see that the three component edge points’ recognition results 
basic located around the actual edge. And the position of edge points’ recognition results for 
each component contain difference. Therefore, the coverage of edge points after synthesis is 
greater than the actual defect edge. 
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Fig. 1. Edge recognition points of circle defect  

(a) horizontal component; (b) tangential component; (c) normal component; (d) data synthesis. 
        

      After obtaining the synthesis edge points, it needs for curve fitting to get final edge 
profile. Based on the outer edge synthesis points for curve fitting. Then, to get its close area 
as the recognition defect. Fig.2 is the edge recognition result for a circle defect. 

  
Fig. 2. Edge recognition result of circle defect  

(a) defect area recognition result; (b) recognition edge profile contrast with actual edge profile. 
By comparing the recognition and actual edge profile, it shows that the edge 

recognition result based on the gradient of three component signals is very close to the actual 
defect edge profile. And it well contains the whole actual defect. This method can also be 
used to the edge recognition for the incomplete defect MFL signals. 

1.3 Experiment and Result for Defect Edge Recognition  

To validate the effect of proposed edge recognition method for the incomplete defect MFL 
signals, the defect edge recognition experiment for incomplete signals has been implemented. 
For a circle defect with 30mm radius and 2mm depth, the data processing area contains 10%, 
30%, 60% and 90% of the defect 3D MFL signals to recognize the defect edge respectively.  
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Fig.3 is the defect area recognition result and Fig.4 is the contrast result of recognition 
edge profile and actual profile. 

    
Fig. 3. Defect area recognition result for incomplete signals  

(a) 10% MFL signal; (b) 30% MFL signal; (c) 60% MFL signal; (d) 90% MFL signal. 

  
Fig. 4. Contrast result of recognition edge profile and actual profile for incomplete signals  

(a) 10% MFL signal; (b) 30% MFL signal; (c) 60% MFL signal; (d) 90% MFL signal. 
By Fig.3 and Fig.4, it can be shown that the edge recognition result is closely match 

to the actual situation when the processing area only contains 10%, 30%, 60% and 90% 
incomplete MFL signals of defects. That means the method proposed in this paper can 
accurately recognize the defect edge for incomplete MFL signals. 

2. Defect Depth Quantization  

After obtaining the defect edge result, in order to achieve the real-time display for incomplete 
MFL signal, it needs to use the incomplete defect 3D MFL signals of the data processing area 
to quantify defect depth. Considering the signal integrity, the estimation of defect depth 
inevitably exist some error. Here, a quickly defect depth estimation method based on the 
signal equivalent processing method and neural network in the process of real-time display 
has been proposed. With the increase of defect 3D MFL signal information, the defect depth 
quantization accuracy should be gradually improved. 

2.1 Depth Quantization Method Based on BP Neural Network 

2.1.1 BP Neural Network 

BP Neural Network has strong nonlinear mapping ability. On the premise of enough neurons, 
it can infinitely close to arbitrary nonlinear function [10,11]. Thus, we can establish the 
nonlinear mapping relationship between defect 3D MFL signal characteristic value and the 
defect depth. Using BP neural network to realize defect depth quantification. 

In the BP neural network, I = ( I1 ,…, Im ) represents the input signal. O = ( O1 ,…, On) 
represents output signal. D = ( I , O ) is the training sample set. W = ( w1 , w2 ) is the set of 
weights, where w1 represents the weight connected to the input layer and hidden layer, and 
w2 represents the weight connected to the hidden layer and output layer. The number of 
neurons in the hidden layer is p. The output function of the BP neural network ˆ

nO  can be 

calculated as 
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Based on the principle of minimum error to train the BP neural network. So, the 
objective function is DE  as follows. 
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Adopting the steepest descent method to optimize weights. By calculating the 
minimum of the above formula, to obtain the change value of the weight corresponding to 
the Lth output signal. In order to control the complexity of neural network, increasing the 
attenuation function wE  to get the final objective function E . 
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Where,  and  are super parameters used to adjust the complexity of the neural 
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The conventional steepest descent algorithm for optimizing the neural network can’t 
realize the super parameters’ adjustment. Thus, introducing the Bayesian algorithm in the BP 
neural network optimization process.  

2.1.2 BP Neural Network Based on Bayesian Arithmetic 

Introducing the algorithm in the framework of BP neural network to adjust the weights. The 
specific operation process is as follows. Regard all the parameters of the network as random 
variables. Based on the prior probability distribution of the target parameter and the sample 
data for actual input and output signal, to further correct the weight scope. And through the 
control the BP neural network model’s complexity, to save the training time, reduce the 
possibility of excessive fitting, and improve the generalization ability.  

According to the Bayesian theorem [12], the prior distribution of the neural network 
weights without the sample data is p (w | , A ). Then estimate the posterior distribution p (w 
| D, , , A ) of the weights with the sample data D = ( Im , On ). 

      | , , | ,
| , , ,
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p D w A p w A
p w D A
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Where, A represents the BP neural network. p ( D |w, , A ) is the likelihood function, 
namely the joint distribution of the sample. 

Minimizing the objective function E to get the most likely weight w. To estimate the 
posterior probability distribution of the super parameter , . The objective function E for 
Taylor expansion in the network parameter to minimize the objective function. Then we can 
get the weight wMP for minimize the objective function. So, the most likely super parameter 
of ,  is 

 2MP
w MPE w

  ,     2MP
D MP

m

E w

   

Where,  can be represented by the network’s effective parameters. 
Based on the above analysis, the specific training process of BP neural network is as 

follows: 
Step 1. Put the training sample D = ( Im , On ) into the neural network. 
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Step 2. Initialize the super parameter , , and initialize the weights w of the BP 
neural network. 

Step 3. Based on the principle of minimum error to minimize the objective function 
E. Then, calculate the optimal weights w of BP neural network. 

Step 4. On the basic of the optimal weights w to calculate the super parameter , . 
Step 5. If the optimization function E satisfies the setting error’s demands, finish the 

training of neural network. If it’s not satisfied, and the number of the training has not reached 
threshold, repeat step 3 until E meets the requirements, obtain the neural network in line with 
the expectations. If when the training times reach the threshold, E is still cannot meet the 
requirement of the error, it indicates that the current network is not convergence. 

According to the above training process, it can build the nonlinear mapping 
relationship between the defect 3D MFL signal characteristic values and the defect depth. 

2.2 Sensitivity Analysis and Key Characteristic Value Extraction 

In order to reduce the redundancy of 3D MFL signal characteristic values. It needs to reduce 
the preliminary extraction value of characteristic. Adopting neural network sensitivity 
analysis method to further screening the key characteristic value. For a trained neural network, 
the effect weights of input signal to output signal are different. Slight disturbance of some 
variables, great changes will happen to the output of neural network. Which means these 
variables have high sensitivity for neural network output values. So these variables can be 
choose as the key characteristic value for the neural network. The specific implementation 
process is as follows.  

Extract m characteristic values as the input signal of the BP neural network, denoted 
as I = ( I1,…, Im ). And set the defect depth as the output of neural network, denoted as O. f 
represents the trained BP neural network. 

According to the trained neural network, the sensitivity of each input sample Ii
j to the 

output signal O is as follow. 
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Where i is the number of input sample, and j is the number of characteristic value. 
is a little change. 

Accordingly, the mean square sensitivity value of the output signal O to each 
characteristic value is sj ( j = 1,2,…,m ). 
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Repeated the neural network training for many times, p is the training times. The 
characteristic value for the pth time can be expressed as sp

1, sp
2,…, sp

m. After normalized 
processing, the proportion of the processed characteristic values can be expressed as 

1 2, ,...,p p p
ms s s . And then averaging the sensitivity for many training times. 

1

p
jp

j m
p
q

q

s
s

s


  ,   

1

p
j

j p
r
j

r

s
s

s


  

Order the obtained average sensitivity by decrease. Select the key characteristic 
values front to back until the cumulative average sensitivity over a given threshold. Fig.5 
shows the sensitivity proportion of each characteristic value for a circle defect. In the figure, 
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the proportion ordered by decrease, and the line represents the sum of each characteristic 
value’s proportion. 

 
Fig. 5. Sensitivity proportion of characteristic value 

The sensitivity threshold set to 90%. Fig.5 shows that by the fourth characteristic 
value C4, the sum of proportion has over the threshold. Therefore, select the first four values 
as the key characteristics, namely P1, P2, P3 and P4. Table 1 has given the definition of each 
key characteristic. 

Table 1. Definition of each key characteristic 

Key characteristic MFL signal Definition Unit symbol 

Ph1 horizontal component peak value of signal T 

Pt8 tangential component integral strength of signal T×mm2 

Pv5 normal component integral strength of signal T×mm2 

Ph3 horizontal component valley value of signal T 

2.3 Signal Equivalent Processing Method  

Since the BP neural network method above is suit for a complete defect MFL signal, 
it need to get a signal equivalent processing method for the incomplete signal. Analysing the 
four key characteristic obtained above, we can get that when the defect depth being constant, 
P1, P2 and P3 are gradually increased with the increase of the depth. However, P4 get to the 
opposite direction. Thus, in order to make sure with the increasing of defect 3D MFL signal 
information, the estimation accuracy is also increase. The value of P1, P2 and P3 should 
increase, while P4 decreases. 

According to the analysis, in the incomplete defect 3D MFL signal equivalent 
processing, if the signal information is 50% less than the full defect’s, it needs to symmetrical 
processing for the three component incomplete signals. The horizontal accidentally 
component symmetry along the tangent plane. The tangential component first symmetry 
alone the tangential plane, and then symmetry along the horizontal plane. The normal 
component symmetry along the tangent plane. Fig.6 shows the equivalent processing result 
when the data processing area contains 10%, 25% and 40% MFL signals. 

 
Fig. 6. Incomplete signals equivalent processing result 

(a) 10% MFL signal; (b) 30% MFL signal; (c) 60% MFL signal. 
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The above result shows that, for the equivalent processed MFL signals, with the 
increase of defect MFL signal information, the accuracy of each key characteristic is also 
increased. So, in the process of defect depth quantification, the quantitative accuracy will 
increase gradually along with the increase of the amount of information. When the defect 
incomplete MFL signal is more than 50% of the defect, only need to symmetrical process 
50% of the defect information to get complete signals for each component. 

3. Defect Real-Time Display Experiment and Quantitative Result Analysis 

In last two sections, we’ve already got the defect edge recognition and depth quantification 
methods. In this section, the defect quantitation and real-time display experiment has been 
conducted for a circle defect. 

3.1 Defect Display Method  

For a circle defect, after obtaining the defect edge and depth, by the means of solving the 
spherical parameters to get the defect profile. Fig.7 is the sketch map for a sphere of the circle 
defect. 

 
Fig. 7. Incomplete signals equivalent processing result 

(a) 10% MFL signal; (b) 30% MFL signal; (c) 60% MFL signal. 

Where h represents the depth, a represents the distance between two endpoints of the 
defect edge curve, b represents the distance between the centre of edge curve and two 
endpoints. Based on these parameters, the radius of the edge circle r can be calculated.  
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The spherical centre position O and radius R of the circle defect can also be solved. 
And then to get the profile of the defects. 
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Fig.8 shows the display result of a circle defect when the MFL signal information is 
less than 50% or more than 50%. 

 
Fig. 8. Incomplete signals equivalent processing result 

(a) 10% MFL signal; (b) 30% MFL signal; (c) 60% MFL signal. 
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3.2 Experiment and Result   

Adopting the display method mentioned above, on the basic of the solved defect edge and 
depth, to display the circle defect in real-time. 

For a circle defect with 30mm radius and 2mm depth, to conduct the experiment. 
When the data processing area contains different proportions of 3D MFL signals, to 
recognize the defect edge. And equivalent process for these signals, using the obtained BP 
neural network to get the depth in each phase.  

The actual shape of the circle and the defect real-time display results for the data 
processing area containing 10%, 30%, 60% and 90% of the defect 3D MFL signals are shown 
respectively in Fig.9 and Fig.10. 

 
Fig. 9. The actual defect profile in different phases 

(a) 10% MFL signal; (b) 30% MFL signal; (c) 60% MFL signal; (d) 90% MFL signal. 

 
Fig. 10. The defect real-time display result in different phases  

(a) 10% MFL signal; (b) 30% MFL signal; (c) 60% MFL signal; (d) 90% MFL signal. 

Compared with Fig.9 and Fig.10, the real-time display result of defect is very close 
to the actual defect profile. Fig.11 shows the error statistic curve of the defect depth in the 
real-time scanning processing. 

 
Fig. 11. The relative quantization error of defect depth   

(a) 10% MFL signal; (b) 30% MFL signal; (c) 60% MFL signal; (d) 90% MFL signal. 

With the proportion of MFL signals information growing, the quantitative error of 
the defect depth is decreasing. After the proportion reach to 50%, the whole defect signal 
information can be obtained, which means the depth quantitative error no longer change. So, 
when the proportion reach to 50%, the defect depth estimation has reached to a high precision. 
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4. Conclusion 

This paper proposed a real-time quantify and display method for incomplete defect 3D MFL 
signal. First, a defect edge recognition method based on the Sobel discrete difference operator 
has been proposed to recognize the edge. This method is not only used for the complete signal 
but also for incomplete signal. Second, putting forward an equivalent processing method for 
incomplete signal, and use the trained BP neural network based on the Bayesian algorithm 
to quantify the depth of defect quickly. Then a display method based on the recognized edge 
and depth has been proposed here to realise the defect real-time display. The experiment and 
result shows that for incomplete defect MFL signal, this method proposed can realize the 
defect real-time quantification and displaying effectively. And with the increasing of the 
information of 3D MFL signal, the accuracy of this method improves gradually. 
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