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Abstract 

Due to the problem of low imaging accuracy and slow imaging speed when applying 

SVM image reconstruction algorithm in ECT system to dealing with a large amount of 

sample data set, the method of combining feature dimension reduction with SVM 

algorithm is proposed. This method classifies the sample data by using the way of 

clustering and extracts the feature parameter, finds out the connection between each 

sample and the feature, and deals the sample data with dimension reduction, thus finally 

getting the high-quality training sample. Then it trains the simplified sample data by 

applying SVM algorithm and obtains decision function, then the decision function is used 

to predict and image. The experimental results of image reconstruction show that this 

method greatly reduces the running time and improves the accuracy of imaging compared 

to using the SVM algorithm alone. 

 

Keywords: Electrical capacitance tomography; Support vector machine; Feature 

dimension reduction;   image reconstruction 

 

1. Introduction 

C Electrical Capacitance Tomography (ECT) [1,2] technique, as  a kind of PT 

technique, appeared and developed in the late 1980s, possessing the advantages of 

non-invasive sensing, simple structure, low cost, fast  reaction speed, high 

performance safety, wide-spread application, and so on [3,4]. However, owing to 

the limitations of the decrease in independent capacitance measurement values, the 

specialness of “soft field" in system sensitive field, and the non-linear features of 

problems remaining to be settled, it is difficult for the image reconstruction 

algorithm in ECT system to be realized, which is unable to satisfy the requirements 

of industrial application. So it becomes significant and urgent to put forward a 

better image reconstruction algorithm [5-8].  

Because of its reliability and good generalization ability, Support Vector Machine 

(SVM) [9-14], as a hot spot of machine learning, is widely applied in many other areas, 

and also provides a favorable means to the image reconstruction in ECT system. But 

SVM has its own defects, among which the biggest defect is its slow training speed and 

low imaging accuracy when dealing with a large amount of sample data set. So this paper 

proposes a method of combining feature dimension reduction with SVM algorithm, or the 

FDRSVM algorithm for short, which efficiently solves the problems of long training time 
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and low imaging accuracy appearing in the course of applying SVM image reconstruction 

algorithm in ECT system to dealing with a large amount of sample data set.
1
 

 

2. Image Reconstruction Theory Based on SVM 
 
2.1. The Basic Structure of ECT System 

By measuring the capacitance value between the electrode pairs uniformly distributed 

on the surface of the pipe wall, and then by applying appropriate algorithm to reconstruct 

the spatial distribution of each phase flow inside the pipe wall, ECT system provides a 

feasible way to solve the problem of the parameters visualization measurement of the 

two-phase flow, even the parameter measurement of the multi-phase flow. A standard 

ECT system basically consists of three parts: the capacitance measurement sensor, the 

real-time data collection system and the image reconstruction display system. And it can 

also be divided into the following parts: uniformly distributed capacitance measuring 

sensor, data collection circuit, communication interface, embedded analysis system and 

image reconstruction display system, etc. The basic structure of ECT system is shown in 

Figure 1. 

 

Figure 1. Basic Structure of ECT system 

In ECT system, the capacitance measurement sensor basically consists of three parts: 

the circular insulation pipe wall, the measuring electrode uniformly distributed on the 

surface of insulation pipe wall and the shielding electrode used for shielding the 

measuring electrode. This kind of sensor possesses the advantages of high measuring 

sensitivity, excellent high-frequency performance and strong anti-interference ability, etc.  

The medium concentration of each phase will change with the flow of multi-phase flow 

medium in the pipe. Because the medium’s permittivity of each phase in the pipe are not 

the same, the measured capacitance value between the plates of measuring electrode will 

change with the changes of permittivity, and then the measuring sensor will transform the 

distribution of the multi-phase flow into the distribution of the measured output 

capacitance value. 

The main function of data collection system is to measure the capacitance value 

between the plates of measuring electrode, and then transmit the measured data set of 

capacitance values to the image reconstruction display section. Here, by applying 

appropriate image reconstruction algorithm to analyze the transmitted data set, the 

medium distribution in the measured pipe can be reconstructed. To be simple , the 

medium distribution of multi-phase flow is transformed into output capacitance value 

through the capacitance measuring sensor; then the capacitance value data is transmitted 

to image reconstruction display system through the data collection system; finally, 

reconstruct the medium distribution reconstruction image after analyzing the data through 

image reconstruction display system, thus achieving the goal of visualization. 

 

                                                           
1
 Li Yan is the corresponding  author. 
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2.2. Teaching Model of ECT Sensor 

A The ECT sensor mainly includes three parts [15]: insulation pipe wall, 

measuring electrode and shielding layer. This paper will mainly study the system of 

12-electrode ECT sensor. And the sensor’s 12 plates are numbered from 1 to 12 

accordingly. Any combination of two plates can form different electrode pairs, and 

in the pipe’s cross section exists different measuring sensitive areas. Because each 

phase of the two-phase flow has different permittivity, the capacitance value of 

different electrode pairs on the ECT sensor will change when the components or 

flow pattern of two-phase flow in the pipe change. And the capacitance value 

statistics of all different electrode pairs will reflect the distribution of each phase in 

the whole cross section. 

The capacitance value between any two plates can be showed as follows [18]: 

( , ) [( , ), ( , )]ij ij x yC x y S x y x y d d                                                   (1) 

Where 
ijC refers to the capacitance value between electrode I and electrode j; 

( , )x y is permittivity distribution function, [( , ), ( , )]ijS x y x y  is distribution function of 

measuring sensitive areas. 

 

2.3. SVM 

SVM algorithm is put forward on the basis of optimal separating hyper-plane in 

the condition of linear separable.  

This kind of separating hyper-plane can not only correctly classify all the training 

samples, but also make the distance from the point of all training samples which is 

the closest to separating hyper-plane to the separating hyper-plane reach the 

maximum.    

Because of the maximum of classification interval, the complexity of classifier is 

under effective control, thus realizing better generalization ability of SVM.    SVM 

shows its advantages in solving the problems of nonlinear separable. And through 

nonlinear transformation, SVM transforms the input space into a high dimensional 

feature space.  And in this new space, we extract the optimal linear separating plane. 

This paper applies the 12-electrode ECT system [16] [17]，so the solved sample 

set is a column vector composed of 66 capacitance values and 66 sensitivity values.  

As the column of the samples matrix, this set is a nonlinear training set. And t he 

sample space can be transformed into a high dimensional feature space through a 

nonlinear transformation, which makes the application of linear SVM algorithm in 

the high dimensional feature space possible and solves the high-dimension nonlinear 

classification problems in sample space. 

SVM seeks for the optimal separating hyper-plane between any two things [9]. The 

given training sample set is 1{( , )} , 1,2,..., ,n v

i i i ix y i n x R   , where N is the sample number 

of training set， { 1, 1}iy    . The nonlinear original problem can be expressed as follows: 
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Where ( )ix refers to the mapping for the sample ix  from the input space into a high 

dimensional feature space;   and b are undetermined hyper-plane parameters, 

respectively referring to normal vector and offset; 0c  is penalty parameter for the 
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classification of samples;
i  is  an  introduced  slack variable to solve nonlinear 

inseparable [10] [11] [12]. And  equation(2) can be transformed to the dual problem: 

1 1 1
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                                                                      (3) 

Where ( , ) ( ) ( )T

i j i jK x x x x  is kernel function.  This paper applies  RBF kernel 

function [13]: 

2( , ) exp( || || ), 0i j i jK x x x x      

The above equation can be transformed to the following: 

1 2

0

( , ) exp( ( ) || || )g x

i j x i jK x x x e d x x



                                                             (4) 

Where g is the parameter of gamma kernel function, g > 0 is positive number。Plug 

equation(4) into equation (3), we can get the optimal hyper-plane parameters   and 
0b  

and Lagrange multipliers *a . 

The discrimination decision function of SVM is as follows: 

*

0

1

_ sgn[ ( , ) ]
N

r i i i

i

t label a y k x x b


                                                          (5) 

Where _rt label is the decision result of unit r; 
ix is the training set data namely the 

capacitance values and sensitivity values of ECT extracted from the finite element 

calculation. 

 

3. Realization of FDRSVM Image Reconstruction Algorithm 
 
3.1. Build a Model 

In the experiment, the pipe’s cross section of the ECT sensor model is first divided into 

24 congruent fan-shaped units, then it is dealt with equal-area circle subdivision, so the 

pipe’s cross section is divided into 24*8 fan-shaped units with equal area, that is to say, it 

is divided into 192 imaging units with equal area. 

 

 

Figure 2. Model of ECT Subdivision Graph 
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In Figure 2, the pipe’s cross section is circular and is divided into 8 layers from 

outside in, and each fan-shaped unit is numbered from X01 to X24 in counter-

clockwise order, X=1, 2, …, 8, X refers to the layer number.  

12 electrodes on the outside of the pipe are uniform-distribution, and they have 

the same parameter setting, namely, the parameters of the 12 electrodes are 

completely identical. The 12 electrodes can be mutually exchanged, and they have 

the feature of rotation symmetry. So we can conclude that the odd-numbered 

imaging units 1,3,5,…,23 have the feature of rotation symmetry, and the same with 

those even-numbered imaging units. Both the odd-numbered imaging units and the 

even-numbered imaging units have the feature of mirror symmetry. Because of this 

specialness, we can simplify the sample data set at a certain degree and remove the 

duplicate samples. 

 
3.2. Feature Extraction and Feature Dimension Reduction 

In order to facilitate the calculation, assume that the collected samples have been 

normalized. All the samples are divided into two parts, training samples and 

prediction samples: 

1) 1T={( , )} , 1,2,..., , , { 1, 1}n v

i i i i ix y i n x R y       

2) 1D={ } , 1,2,..., ,m v

j j jx j m x R   . 

where
vR is the vector space when v =132. 

And we can simplify the training samples by the use of symmetry of the pipe’s cross 

section, thus obtaining the following sample set without  any repetition: 

1A={( , )} , 1,2,..., , , , { 1, 1}s v

i i i i ix y i s s n x R y       (the detailed process of 

simplification will be elaborated in the steps of algorithm). 
By applying the method of clustering, the samples in set A are classified into several 

clustering sets which are different from each other. This paper will choose K-means 

clustering algorithm, because K-means algorithm [19] is not very complicated, and it is 

very suitable to deal with large sample data. K-means algorithm divides set A into K 

clusters, and k v , all these clusters distinguish from each other. What can best represent 

the difference between cluster and cluster is the cluster center vector. Extract the center 

vector of each cluster. And all the central vectors can be seen as a group of linear 

independent feature vectors, namely, 1 2, ,..., kd d d ( id  is a 132-D feature vector, in which 

1,2,..., ,i k k s  ), then we can get a column vector matrix 132 1 2C ( , ,..., )k kd d d  , in 

which C can be regarded as a set of base in 
vR . Based on linear transformation theory, 

the column vector matrix 132 1 2A =(x ,x ,...,x )s s (In order to facilitate the calculation, the 

number iy of each training sample is temporarily separated and independently form a new 

set 1Y={y } , 1,2,..., , { 1, 1}s

i i ii s y     , thus making sure each iy has a corresponding 

ix )can be mapped from 
vR  to 

kU , in which 
vR , 

kU  respectively represent v -D linear 

space and k -D linear space in the real number field. 

Having realized the transformation of A from
vR  to 

kU , we can get the image set A
 

of  A in 
kU . Any sample ix  in A will always have a corresponding sample

ix
,namely: 

F(A) { F( )| A, A }, 1,2,..., ,i i i ix x x x i s s n         

 

and we can find a linear transformation formula: 
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F(A)=AC=A
. 

Where 1 2A ( , ,... ), 1,2,..., ,s k ix x x i s s n   

    , the  dimension number of each 
ix
 is k , 

k<s and k<v. 

Through the linear transformation, the training samples are transformed into a vector 

set with k-D vector space. The number of vectors which is s remains unchanged, while the 

dimension number is reduced from v-D to k-D, thus achieving the purpose of dimension 

reduction.  

 
3.3. The Realization of FDRSVM Algorithm 

Assume a certain imaging unit in the pipe is water, then the corresponding training 

result is 1; while if the imaging unit is oil, the corresponding training result is -1. 

Step 1: Simplify the samples in training sample set T by the use of rotation symmetry 

and mirror symmetry. As shown in Figure 1, divide the pipe’s cross section into 

n=24×8=192 units, and we can get n imaging units (the number of the imaging units is 

represented by n for the sake of generalization.) and 2n
 combinations of water and oil 

distribution , namely 2n
 samples. According to rotation symmetry, the actual samples 

without any repetition are as follows: 
1 2

24 24 24

     
       

     

n
n n nC C C  

so non-repetition sample set A is obtained. 

Step 2: Calculate set A with K-means clustering algorithm, and we can get feature 

matrix 132 1 2C ( , ,..., )k kd d d  .Then calculate A, C with linear transformation algorithm 

to get a new data set A , which has achieved the purpose of dimension reduction. 

Step 3: Build SVM classification model with the new training sample set A
, and choose 

penalty parameter c and kernel function parameter g . Then map the sample space into a high 

dimensional feature space through equation (4) RBF kernel function, plug equation (4) into 

formula(3) to get the optimal solutions 
ia

and 0b , to the original question. Finally, we can get 

the optimal training model after finishing training. 

Step 4: Deal prediction samples D with feature dimension reduction before making the 

prediction, namely, F(D)=DC=Dk
, then a new prediction sample set 

1D ={ } , 1,2,..., ,m k

k j j jx j m x U   can be obtained. Then plug it into equation (5) to 

make predictions of all units, and we can get n prediction results. Based on this, we 

reconstruct image. 

 

4. Analyses of Experimental Results 

For the sake of analysis, two groups of experiment are conducted. We make twice 

uniform divisions to the pipe’s cross section, which are respectively 12-uniform-division 

and 24-uniform-division. And both have one layer. Then reconstruct image with SVM 

algorithm and FDRSVM algorithm respectively. 

When the pipe wall is divided into 12 congruent units, the training data samples are 

346 non-repetitive samples, and each sample is 132-D. Then randomly select 300 samples 

from the whole 212 samples  to make prediction by applying SVM algorithm and 

FDRSVM algorithm respectively. Finally, make comparison and analysis of the results. 

As shown in Table 1: 
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Table 1．Prediction Error and Time of SVM Algorithm and 

FDRSVM Algorithm when Pipe is 12-Uniform-Division 

Original figure Average error Prediction time (s) 

 SVM FDRSVM SVM FDRSVM 

Only one unit is oil 0.0633 0.0573 2.89 2.12 

Only two units are oil 0.0647 0.0547 2.72 2.52 

Only three units are oil 0.1129 0.1079 2.78 2.58 

When the pipe wall is divided into 24 congruent units, the training data samples are 

699059 non-repetitive samples, and each sample is 132-D. Then randomly select 300 

samples from the whole 2
24

 samples to make prediction by applying SVM algorithm and 

FDRSVM algorithm respectively. Finally, make comparison and analysis of the results. 

As shown in Table 2: 

Table 2. Prediction Error and Time of SVM Algorithm and 
FDRSVM Algorithm when Pipe is 12-Uniform-Division 

Original figure Average error Prediction time (s) 

 SVM FDRSVM SVM FDRSVM 

Only one unit is oil 0.2073 0.0589 4.12 2.87 

Only two units are oil 0.2547 0.0601 4.52 2.99 

Only three units are oil 0.2879 0.1102 4.58 3.07 

Seeing from Table 1 to Table 2, we can know that with the increase of training 

samples, the accuracy of image reconstruction becomes lower and the running time 

becomes longer when applying SVM algorithm alone. However, compared to SVM, 

FDRSVM algorithm has a better accuracy of image reconstruction and a shorter running 

time as the training samples increase. 
Reconstruct images according to the prediction results, as shown in Table 3: 

Table 3. Location Accuracy and Prediction Time of                                         
Image Construction 

Original figure Location 

accuracy 

Prediction 

time 

Reconstruct 

image 

 

100% 0.21s 

 

 

100% 0.13s 

 

 

89.60% 0.52s 

 

 

96.30% 2.32s 

 

 

97.68% 2.69s 
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5. Conclusion 

Aiming at the problems of long running time and low accuracy when using SVM to 

build classification model in ECT system with a large amount of sample set, this paper 

applies the method of dealing the training sample with feature extraction and dimension 

reduction, and it combines the rotation symmetry feature of ECT model to obtain high-

quality training sample to build classification model. The above experimental results 

prove that applying FDRSVM to reconstruct image has a higher imaging accuracy and a 

shorter operating time in dealing with a large amount of sample data than applying SVM 

algorithm alone. 
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