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Abstract: Electrical capacitance tomography (ECT) has great application potential in multiphase process monitoring, and its visualization results are of great significance for studying the changes in two-phase flow in closed environments. In this paper, compressed sensing (CS) theory based on dictionary learning is introduced to the inverse problem of ECT, and the K-SVD algorithm is used to learn the overcomplete dictionary to establish a nonlinear mapping between observed capacitance and sparse space. Because the trained overcomplete dictionary has the property to match few features of interest in the reconstructed image of ECT, it is not necessary to rely on the sparsity of coefficient vector to solve the nonlinear mapping as most algorithms based on CS theory. Two-phase flow distribution in a cylindrical pipe was modeled and simulated, and three variations without sparse constraint based on Landweber, Tikhonov, and Newton-Raphson algorithms were used to rapidly reconstruct a 2-D image.
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1  Introduction

In industrial processes, it is often necessary to analyze information about two-phase flow in a pipeline or closed container. Traditional detection methods have been unable to provide accurate measurement because of the complexity of flow motion. In recent decades, with the development of modern measurement technology, electrical tomography (ET), with its advantages of non-invasive, non-damaging characteristics, and simple structure and low cost, has attracted extensive attention from researchers. At present, ET mainly includes electrical resistance tomography [1] (ERT), electrical impedance tomography [2] (EIT), electromagnetic tomography [3] (EMT), and electrical capacitance tomography [4] (ECT). ECT investigated in this study is a technique for visualizing a two-phase medium with phases of different permittivity in a pipe or a closed container. The system is suitable for imaging multicomponent phase flows, such as sand, that are not conductors. ECT technology has shown great potential in many fields, such as multiphase flow measurement [5], combustion imaging [6], and solid particle monitoring in a fluidized bed [7,8].

The objective of ECT is to obtain projection data through a sensor array fixed on the outer wall of a pipe or container, and then use an algorithm to obtain the internal permittivity distribution, which is presented with 2-D or 3-D images. The sensor array is composed of multiple electrodes, and the number of electrodes can be 8, 12, or 16. The mutual capacitances between electrodes are collected to form a capacitance sequence which is the projected data reflecting internal information. Mathematical modeling computes the permittivity distribution from the capacitance sequence, which is an inverse problem model. Many algorithms have been proposed to solve the inverse problem, such as Convolutional Neural Networks (CNN), the linear inverse projection algorithm (LBP), Landweber algorithm, and Tikhonov regularization algorithm. Deep learning has shown great advantages in many fields, especially in image processing [9,10]. Deep learning has many advantages such as strong learning ability, wide coverage, and good portability [11–13]. However, deep learning models are more complex and time-consuming. High, it violates the real-time nature of electrical capacitance tomography. The LBP algorithm has fast computation but low image accuracy. The Landweber algorithm is a simple iterative algorithm, and many scholars have improved its convergence rate [14–16]. The inverse problem is ill-posed, but the Tikhonov regularization algorithm transforms the ill-posed problem into a well-posed problem by adding regularization constraint terms based on the l2-norm to the target function, and then obtains an effective solution. The reconstructed image is smooth but insensitive to edge contours.

Most algorithms establish approximate linear mapping to replace non-linear mapping because of the “soft field” in ECT, resulting in low accuracy of the reconstructed image. In 2006, Donoho proposed compressive sensing (CS) theory [17], which pointed out that when the signal is sparse or compressible, the original signal can be accurately reconstructed with far fewer samples than that required by Shannon’s theorem. In recent years, Figueiredo and Candes etal. extended CS theory [18–21]. CS theory has been widely applied in the field of imaging, and it can be used for image reconstruction in ECT [22–24].

In CS theory, the transform basis for sparse representation is crucial. For image reconstruction systems in different application fields, the transform basis is generally the specified orthogonal basis, such as discrete Fourier transform (DFT) [25], discrete cosine transform (DCT) [26], or discrete wavelet transform (DWT) [27]. The classical orthonormal basis is better for some features of the image but is negative for two-phase distributions, because two-phase flow is always varied in a complex industrial process. Specifying an orthonormal basis may reflect the permittivity distribution of a flow pattern such as stratified flow. To solve the above problems, this paper introduces the idea of CS and dictionary learning to ECT theory [28,29], which is called D-CS-ECT. Different flow patterns are used to train the transform basis so that it matches the different features of the permittivity distribution as much as possible to improve the accuracy of the reconstructed image [30].

In this paper, the transform basis is an overcomplete dictionary. The overcomplete dictionary is flexible and adaptive. It captures different features of the signal through multiple atoms and improves the redundancy of the transform system to approximate the original signal. There are some features of interest in the image reconstructed by ECT system, which focus on the position and boundary of the two phases. The trained overcomplete dictionary is able to match the features.

This paper is organized as follows: in Section2, the basic principles of ECT and CS theory based on over-complete dictionaries are introduced. In Section3, the process of dictionary learning is described, which is mainly the construction of a training sample set and the application of the K-SVD algorithm. The reconstruction results are analyzed and evaluated through simulation in Section4. Concluding remarks are presented in Section5.

2  ECT under the Framework of D-CS Theory

2.1 Basic Principles of ECT

The hardware architecture of ECT systems is composed of a sensor array, data acquisition module, and image reconstruction unit. In this study, a sensor array with 12 electrodes is driven by an excitation voltage, as shown in Fig. 1b, and the electrodes are numbered from 1 to 12. Firstly, Electrode 1 is excited with a 1 V voltage while the other electrodes are grounded. The capacitance values between Electrode 1 and Electrodes 2, 3, 4…, 12 are collected and then numbered 1–2, 1–3, 1–4…, 1–12. Secondly, Electrode 2 is excited with a 1 V voltage while the other electrodes are grounded. The capacitance values between Electrode 2 and Electrodes 3, 4, 5…, 12 are collected and then numbered 2–3, 2–4, 2–5…, 2–12. By analogy, capacitance values 3–4, 3–5, 3–6…, 3–12 can be obtained between Electrode 3 and Electrodes 2, 3, 4…, 12. Finally, a total of 66 capacitance values can be collected, and the equation [31] to calculate the number of capacitor sequences can be derived by


N=M×(M−1)2
(1)

where N is the number of capacitor sequences, and M is the number of electrodes.
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Figure 1: ECT sensor with 12 electrodes for two-phase flow in the pipeline. (a) 3-D structure; (b) 2-D section

For a complex and changeable two-phase flow, the distribution in the pipeline includes seven flow patterns: central bubble flow, eccentric bubble flow, two-bubble flow, three-bubble flow, four-bubble flow, stratified flow, and annular flow, as shown in Fig. 2.
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Figure 2: Different flow patterns. (a) Central bubble flow; (b) Eccentric bubble flow; (c) Two-bubble flow; (d) Three-bubble flow; (e) Four-bubble flow; (f) Stratified flow; (g) Annular flow

In ECT, the approximate linear relationship between the capacitance sequence and the permittivity sequence is described by the following equation:


λ = Sg
(2)

where λ∈Rp×1 is the capacitance vector reflecting the projection of mediums in the imaging area. g∈Rn×1 is the permittivity vector, and is also the pixel vector because the variation trend of permittivity distribution can be reflected by the pixels. S∈Rm×n is the sensitivity matrix, which reflects the sensitivity of the capacitance vector affected by the permittivity distribution.

In Fig. 1b, ε1 and ε2 (ε1 ¿ ε2) are the permittivity of medium 1 and medium 2. The state in which the imaging area is filled with medium 1 is called “full field,” and CH denotes the measured capacitance vector under the full field state. The state in which the imaging area is filled with medium 2 is called “empty field,” and CL denotes the measured capacitance vector under the empty field state. In industrial processes, ε1 and ε2 are generally known, so CH and CL can be obtained in advance. The capacitance vector measured by the ECT system at a certain moment during process monitoring is CM, and the normalization methods for the capacitance vector at this moment are given in (3) and (4).


λ=CM−CLCH−CL
(3)


λ=1/CM−1/CL1/CH−1/CL
(4)

where (3) is the parallel normalization method, and (4) is the series normalization method. It can be seen from (3) or (4) that the λ from (2) is actually the difference in capacitance. Both normalization methods have their advantages and disadvantages, and their differences are discussed in [32]. In this study, (3) is selected as the normalization method for the capacitance vector.

S from (2) is the sensitivity matrix of the empty field state. According to the potential distribution in the imaging area [33], the discrete derivation result for S is


{Si,jk=∂Ci,j∂εk=∬Ωk∇ϕik∇ϕjkdxdyU21≤i≤M,1≤j≤M,i<j1≤k≤n
(5)

where the number of electrodes is M, the number of pixels distributed in the imaging area is n, and the excitation voltage of the electrode is U=1 V. Ci, j is the capacitance scalar between the i − th electrode and the j − th electrode. At the spatial position of the k − th pixel point, Si,jk is the sensitivity scalar relating to the interaction between the i − th electrode and the j − th electrode, εk is the permittivity scalar, and ϕik, ϕik are the potential scalars relating to the excitation of the i − th, i − th electrodes.

The normalization method for the sensitivity matrix is given by


Snorm=Sdiag(1∑j=1nSij2)
(6)

where diag(⋅) is the diagonal matrix operator, and Snorm is the normalized sensitivity matrix.

To obtain the image is to solve g. Because the number of the capacitance sequence obtained from the sensor is far lower than the number of pixels in the reconstructed image, S is an ill-posed matrix, and (2) is ill-posed and its solution is not unique. The error function is minimized in the inverse problem of the ECT, that is,


min||λ−Sg||2
(7)

Many existing image reconstruction algorithms for ECT can be improved on the basis of (7), such as adding constraint terms based on the l2-norm to the target function.

2.2 D-CS-ECT

CS theory mainly includes three parts: the sparse representation of signal, design of the observation matrix, and signal reconstruction. D-CS using a dictionary rather than an orthogonal basis is a branch of CS theory [34]. Proposed the dictionary-restricted isometry property (D-RIP), which is a natural generalization of the restricted isometry property (RIP) [35], proving that the idea of signal reconstruction by a redundant and coherent dictionary is feasible. The mathematical model for D-CS-ECT is given below.

The image signal is represented as a small number of values in sparse space through an overcomplete dictionary. Sparse representation can be expressed as


g=Dx
(8)

where g∈Rn×1 is the pixel vector. D is an n×p matrix, with n smaller than p, that represents the redundant overcomplete dictionary, and its column vectors represent atoms. x∈Rp×1 is the coefficient vector. Assuming that x has K non-zero elements, it is called K-sparse. Dictionary learning defines D as an “atom library” of matching features of interest. A non-zero element in x is equivalent to the weight of the corresponding atom in “atom library”, and different images are represented by selecting different weight sets.

The nonlinear mapping relation between the observed capacitance and the coefficient vector can be written as


λ=Sg=SDx=AD−CSx
(9)

where λ∈Rm×1 is the capacitance vector. AD−CS = SD, and AD−CS is an m×p sensing matrix. In the case that x is approximately sparse, it can be considered that AD−CS has an approximately sparse property for λ. S∈Rm×n is the observation matrix and also the sensitivity matrix.

The procedure of the reconstruction algorithm is to first solve x according to (9), and then solve g according to (8). Classical signal reconstruction algorithms based on CS theory mainly include greedy algorithms and convex optimization algorithms. In this study, the sparsity adaptive matching pursuit (SAMP) algorithm [36] and the gradient projection for the sparse reconstruction (GPSR) algorithm [37] are used as examples to present the optimization equation.

A mathematics model of an l0-analysis optimization problem for the SAMP algorithm is given by


{xopt=arg⁡min||x||0s.t||λ−SDx||2≤αgopt=Dxopt
(10)

The SAMP algorithm, which is an improvement on the orthogonal matching pursuit (OMP) algorithm, is a greedy algorithm. This algorithm avoids taking the number of non-zero elements in x as a priori, and iterates an approximate solution to x within the allowable error range of λ and SDx (α is the upper limit of error).

A mathematical model for the GPSR algorithm can be described as


{xopt=arg⁡min{||λ−SDx||2+β||x||1}gopt=Dxopt
(11)

The convex optimization problem takes β as the penalty term, which measures the sparsity of x by using l0-analysis, and approximates the real solution to x by minimizing the objective function.

The above algorithms solve x according to the sparse constraint of x itself, resulting in complex calculation. In D-CS-ECT, x can be solved without the sparse constraint, and two reasonable reasons are given:

(1)   In (9), AD−CS has the sparse property for reconstructed images (the sparse property comes from D), which can replace the sparse constraint.

(2)   The detection of two-phase flow in an industrial process requires a noiseless binary image, which makes the contact contour of the two mediums obvious and shows that the two-phase distribution is accurate. The few features of interest in the image reconstructed by ECT system work as an indirect factor that solving x is not constrained by sparsity.

According to the above analysis, three variations of the Landweber algorithm, the Tikhonov regularization algorithm, and the improved Newton–Raphson algorithm are used to achieve image reconstruction, which are called Non-Sparse-Landweber, Non-Sparse-Tikhonov, and Non-Sparse Newton-Raphson, and their derivation results are given below.

NS-Landweber:


x(k+1)=xk−θ(SD)T(SDxk−λ)xopt=x(k+1)s.t x(k+1)−xk≤egopt=Dxopt
(12)

NS-Tikhonov:


xopt=[(SD)TSD+μI]−1(SD)Tλgopt=Dxopt
(13)

NS-Newton-Raphson:


xk+1=xk−[(SD)TSD+γI]−1(SD)T(SDxk−λ)xopt=x(k+1)s.t x(k+1)−xk≤egopt=Dxopt
(14)

where (12) and (14) are iterative algorithms and (12) is a direct algorithm. θ in (12), μ in (13), and γ in (14) are tunable parameters. e in (12) and (14) is the error between adjacent iterations. The appearance of xopt are that elements associated with the features of interest are retained prominently, while other elements associated with the features of non-interest are suppressed (close to zero). Fig. 3 shows the overall idea of the image reconstruction algorithm in D-CS-ECT.
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Figure 3: The process of image reconstruction algorithm in ECT

3  Dictionary Learning

Dictionary learning is the precondition of image reconstruction. It mainly includes the establishment of a training sample set and a learning algorithm. The training sample of this experiment is obtained by simulation in COMSOL5.4 software. The dictionary learning model has attracted much attention in the past few decades, and has been used in fields including image processing, signal restoration and pattern recognition. For the input audio feature, when it is represented by a set of over-complete basis, under the condition of satisfying a certain sparsity or reconstruction error, an approximate representation of the original audio segment can be obtained, that is, Y≈DX⋅Y is the input Need to get the original frame feature parameters of the sparse representation, the dimension is the feature dimension multiply the number of samples D represents the sparse matrix, each column of it is called an “atom”, X is the obtained sparse representation coefficient of Y with respect to D, and the dimension is a dictionary number of atoms multiply number of samples. The optimization goal is to use as few atoms as possible to represent the signal in a given over-complete dictionary, and get the problem of sparse X. This problem can be described by the following formula:


D,Xmin∑i||Xi||0,s.t||Y−DX||F2≤ε
(15)

We need to minimize the error after restoration and make X as sparse as possible to obtain a more concise representation of the signal and reduce the complexity of the model. Sparse dictionary learning includes two stages: one is the dictionary construction stage; the other is the use of the constructed dictionary to represent the sample stage. As an effective tool for sparse representation of signals, dictionaries provide a more meaningful way to extract the essential features of signal hiding. Therefore, obtaining a suitable dictionary is the key to the success of the sparse representation algorithm. In this experiment, we choose to learn the dictionary method to initialize a 16 × 256-dimensional Discrete Cosine Transform over complete dictionary D, where 16 is the dimension of the features in the sample, and 256 is the number of dictionary atoms. Then use Orthogonal Matching Pursuit (OMP) algorithm for sparse representation of the original audio frame feature data to obtain the coefficient matrix X of the corresponding dictionary, and then use K-Singular Value Decomposition (K-Singular Value Decomposition) according to the coefficient matrix X obtained. Decomposition (K-SVD) algorithm updates the dictionary D column by column quickly [10], and also updates the coefficient matrix X, and calculates the reconstruction error; after K iterations or convergence to the specified error, the dictionary D and coefficients are completed joint optimization of matrix X.

The pixel distribution of the imaging area reflects the accuracy of the real situation inside the pipeline. The sampled number of pixels for the image should be determined before constructing the training sample set. Five different shaped objects are placed in the pipeline that reflect different flow patterns, as shown in Fig. 4a. The “circular” path method is used to form a 961 or 1681 pixel image, and the “square” path method is used to form a 561, 1281 or 5097 pixel image.These different pixel distributions respectively restore images, as shown in Figs. 4b–4f.

[image: images]

Figure 4: Image with different number of pixels. (a) A two-phase distribution which contains object A, B, C, D, E with the same permittivity; The best restored image for this two-phase distribution. (b) The image with 961 pixels. (c) The image with 1681 pixels. (d) The image with 561 pixels. (e) The image with 1281 pixels. (f) The image with 5097 pixels

Selection of the image mainly depends on the restoration of the outline of the contact between the two mediums. In the “circular” path method, Objects B and D in the restored image are positive, but Objects A, C, and E are not. The “square” path method works for objects of any shape, but the quality of the image depends on the number of pixels. All objects are deformed in the 561-pixel image, and the restoration quality is poor. The 5097-pixel image better reflects the real situation inside the pipeline, but the high number of pixels leads to a time-consuming program for the K-SVD algorithm. The 1281-pixel distribution was selected to restore image because the degree of image restoration and the running speed of the K-SVD program is between Figs.4d and 4f.

Training samples were created based on the three model examples shown in Fig. 5. Except for the cross-section radius R1 inside the pipe, the parameters were set randomly. In Fig. 5a, c1(x1, y1) and c2(x2, y2) are the center coordinates of two bubbles, with R2 and R3 as their radii. In Fig. 5b, H1 is the height of the arcs medium. In Fig. 5c, R3, R4, and L are the internal radius, external radius, and thickness of the annular medium.

[image: images]

Figure 5: (a) A model for creating samples with two-bubble distribution, similar models can be used for single-bubble distribution, three-bubble distribution, etc. (b) A model for creating samples with stratified distribution. (c) A model for creating samples with annular distribution

Six types of training samples (a central bubble and an eccentric bubble are collectively called a single bubble) were obtained according to the flow pattern. The distribution for single bubbles, two bubbles, three bubbles, and four bubbles each had 1000 images. 850 images showed stratified distribution, and 863 images showed annular distribution. The training sample set consisted of 5,713 binary images of the internal section of the cylindrical pipe, and some training samples are shown in Fig. 6.

[image: images]

Figure 6: Part of the training sample set

The training samples for the six different distributions were denoted as G1, G2, G3, G4, G5, G6, and the total training sample set was G = [G1, G2, G3, G4, G5, G6]. All samples were randomly sorted and added with slight noise in order to maintain natural conditions and increase the generalization of the overcomplete dictionary. G can be rewritten as G=[g1,g2,g3,…,gN].

The mathematical model of dictionary learning in D-CS-ECT is as follows:


{G=DXG=[g1,g2,g3,…,gN],X=[x1,x2,x3,…,xN]
(16)

where gi∈Rn∗1 is the pixel vector, and xi∈Rp∗1 is the sparse coefficient column vector corresponding to gi. G∈Rn∗N is the training sample set, and each of its columns represents an image. X∈Rp∗N is a matrix representing the set of sparse coefficients.

In 2006, Aharon etal. [38] proposed the K-SVD algorithm for dictionary learning. The K-SVD algorithm is a greedy algorithm that realizes signal approximation by alternately optimizing the dictionary and the sparse coefficients. In this paper, the K-SVD algorithm is used to learn the overcomplete dictionary, and its objective function is


min||G−DX||F2s.t||xi||0≤K
(17)

where xi is a column vector in X and also the K-sparse sparse coefficient.

There are two stages used by the K-SVD algorithm in training the overcomplete dictionary, which are sparse coding and dictionary updating. In the sparse coding stage, in order to obtain the sparse matrix, the sparse coefficient vector corresponding to each sample is calculated [38–40]. In the dictionary updating stage, atoms in the overcomplete dictionary are updated according to the non-zero elements of the sparse matrix.

The pseudocode for the K-SVD algorithm is as follows:

[image: images]

The above pseudocode can be explained by the following four steps:

1.    The training dataset G(G∈Rn×N) is normalized, and the error parameter for the SAMP algorithm and the number of iterations are set to α and T, respectively.

2.    The number of atoms in the overcomplete dictionary D(D∈Rn×p) is p and p column vectors are randomly selected from G to form the initial overcomplete dictionary, which is denoted as D0.

3.    Sparse coding for G is achieved by using the SAMP algorithm to solve X(t)(X∈Rp×N).

4.    The dictionary is updated column by column after the sparse matrix is obtained. When updating an atom Du(t), the error E(u) between GI(t) and atoms other than Du(t)is calculated, and is then decomposed with SVD to obtain [U(u),Δ(u),V(u)]. Du(t) is updated by the first column in U(u), and XI(u) by the product of Δ(1,1)(u) and (V1col(u))T.

In this study, the training sample set was large, so the time consumed in the sparse coding stage was much greater than that consumed in the dictionary update stage. Sparse coding was performed by the SAMP algorithm, which is fast in calculating the sparse coefficient vector of a single image and slow in calculating the training sample set. To solve this problem, a parallel computing method was adopted. Considering the computing power and running memory of the computer, the training sample set was evenly divided, and input to the SAMP algorithm was done in batches and in parallel. Sparse coefficient vectors were calculated simultaneously using the CPU and GPU to accelerate the iterations of the K-SVD algorithm.

4  Simulation and Evaluation

COMSOL Multiphysics® software was used to build the simulation model, and image reconstruction was realized in the MATLAB® environment. The experimental platform was a computer with an Intel® CoreTM i7–6800k CPU @3.40 GHz, and an NVIDIA GeForce GTX 1080 Ti graphics card.

The measurement target was the two-phase flow in the pipeline, as shown in Fig. 7. R1 and R2 are the radius of the internal cross section and the thickness of the pipeline, respectively, L is the width of the electrode, θ1 is the angle of the electrode attached to the outer wall, and θ2 is the angle between the two adjacent electrodes. ε1 and ε2 are the relative permittivity values of the two mediums.

[image: images]

Figure 7: Parameters of the pipeline model with COMSOL Multiphysics®. R1 = 40 mm, R2 = 5 mm, L = 15 mm, θ1 = 22.5∘, θ2 = 7.5∘, ε1 = 1, ε2 = 10

The 66×1 capacitance vector and the 66×1281 sensitivity matrix were obtained from the simulation model. When solving for the 1281×1 pixel vector, the capacitance vector and the sensitivity matrix must be normalized. The overcomplete dictionary whose atomic number was set to 3000 based on experience converges after ten iterations of training with the K-SVD algorithm. For a better imaging effect, the overcomplete dictionary after 30 iterations were selected. The image reconstruction algorithms were OMP, GPSR, NS-Landweber, NS-Tikhonov, and NS-Newton-Raphson, and their parameters are shown in Table 1.

[image: images]

In order to study the noise resistance of different algorithms, 40 dB of noise was added to the capacitance vector. The imaging results are shown in Fig. 8. For the images reconstructed by the OMP algorithm, almost all distributions show many image artifacts: the bubbles are blurry, and their outlines diverge in multi-bubble distributions. With the GPSR algorithm, the image with the stratified distribution is clear, but target bubbles are deformed in the three-bubble distribution. The central bubble distribution by the NS–Landweber algorithm and the annular distribution by the NS–Tikhonov algorithm are different from their real distribution. Images obtained by the NS–Newton–Raphson algorithm have slight artifacts and slightly deformed bubbles, which enough to reflect the real distribution of the two-phase flow. A reasonable explanation for the poor images is the interference of noise and the soft field, and an incomplete training sample set that cannot cover the majority of the distributions in the two-phase flow.

[image: images]

Figure 8: Reconstruction results based on simulation data of noise of SNR = 40 dB

Image error (IE) and a correlation coefficient (CC) were used to evaluate the quality of the reconstructed images. For ECT, the CC is given higher priority than the IE. IE and CC are given by


IE=||g′−g||||g||×100%
(18)


CC=∑i=1p(gi−g¯)(gi′−g′¯)∑i=1p(gi−g¯)2∑i=1p(gi′−g′¯)2
(19)

where g is the normalized pixel vector of the real image and g′ is the normalized pixel vector of the reconstructed image. g¯ and g¯′ are the average values of g and g′. The maximum value of CC is 1. A small IE and large CC indicate that the quality of image reconstruction is good. The results for IE and CC are shown in Tables 2 and 3.

IE is smallest and CC is largest on the whole for the stratified distribution, indicating that ECT is sensitive for imaging of stratified distribution. For most single-bubble distributions, the contrast between the single-bubble and the background is obvious. As the number of bubbles in multi-bubble distributions increases, the larger IE and the smaller CC are, the worse the imaging quality is. Sensitivity is non-linear in the imaging area, and the location and size of the bubbles are highly random, which increases the difficulty of imaging multi-bubble distributions. It is difficult to reconstruct an image for annular distribution because its IE and CC are the worst of all distributions, but the NS–Newton–Raphson algorithm that IE and CC have no obvious defects can be selected.
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In order to evaluate the reconstruction quality and stability of the five algorithms more intuitively, the mean and variance of IE and CC are given.

As shown in Fig. 9, The left picture in Fig. 9 is the average error value. The higher the value, the worse the imaging effect, the lower the value, the better the effect; the right picture is the average correlation coefficient value, the lower the coefficient, the worse the image quality, the higher the coefficient, the higher the image quality. The OMP algorithm has the highest mean for IE and the lowest mean of CC, indicating that the quality of the reconstructed images by the OMP algorithm is low. The mean values for the other four algorithms are similar, and the quality is better than that of the OMP. As shown in Fig. 10, The variance of each method, the larger the variance, the worse the imaging algorithm, the two large variances for the OMP algorithm reflect its poor stability. For the GPSR, NS–Landweber, and NS–Tikhonov algorithms, all the variances are relatively large because of the error between the three distributions (the three bubbles by GPSR, the center bubble by NS–Landweber, and the annular by NS–Tikhonov) and their true distributions are shown in Fig. 8. For the NS–Newton–Raphson algorithm, the variance of CC is small, and the algorithm is stable and not easily disturbed by noise.

[image: images]

Figure 9: Mean of image error (IE) and correlation coefficient (CC) using different algorithms

[image: images]

Figure 10: Variance of image error (IE) and correlation coefficient (CC) using different algorithms

5  Conclusion

In this paper, an image reconstruction method based on D-CS-ECT was discussed. Sparse representation of image signal was obtained by training an overcomplete dictionary with K-SVD, and the nonlinear relationship between observation capacitance and the approximate sparse coefficient was solved under the constraint of no sparsity. The two-phase flow in the pipeline was simulated in a noisy environment. Images were reconstructed by the NS–Landweber, NS–Tikhonov, and NS–Newton–Raphson algorithms and compared with the OMP and GPSR algorithms, which are classical sparse constraint algorithms. The NS–Landweber and NS–Tikhonov algorithms were able to reconstruct images clearly on the whole, but unstable reconstructions of the central bubble distribution and annular distribution indicated that the two-phase flow in the central region was not easy to image. The NS–Newton–Raphson algorithm was superior to the other four algorithms in overall image quality and stability, and its highly correlated reconstructed images were closer to the real two-phase flow distribution.
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