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ABSTRACT  

Electrical Capacitance Tomography (ECT) is a non-invasive promising 

method for monitoring industrial processes, such as oil-gas flow in 

pipelines and solid-gas flow in pneumatic systems. Despite its potential 

benefits, ECT generates poor-quality images, often used only for 

qualitative analysis. A non-linear relationship between measured 

capacitances and permittivity distribution and the ill-posedness of the 

sensitivity matrix elements causes this limitation.  This hinders the 

applicability of ECT in monitoring online industrial process 

applications. This work proposes a reconstruction method based on a 

nonlinear diffusion function to generate high-quality images from the 

measured capacitance data from the ECT system. The diffusion 

regularization functional helps to remove noise and preserve semantic 

features. Experimental results reveal that the proposed method 

generates high-quality and visually appealing images with a 15% 

reduction in distribution error and a 10% increase in correlation 

coefficient compared to state-of-the-art methods such as linear back 

projection and projected landweber. This allows further investigation 

into how nonlinear anisotropic diffusion can improve the applicability 

of ECT systems in industrial control and monitoring. 
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INTRODUCTION 

Electrical capacitance tomography (ECT) 

is a vital imaging technique to monitor the 

progress of industrial processes. This 

technique has a lower reconstruction time 

and is relatively inexpensive and can be 

used in harsh environments (Ghaly, Khan, 

et al., 2023). The usefulness of ECT as a 

viable image reconstruction tool depends 

on many factors, including spatial 

information of the generated images. 

Despite its advantages and wide 

applications, ECT systems generate poor 

images with lower spatial resolution, 

especially when used in pipeline and 

pneumatic systems (Tiwari et al., 2022). 

This limits the applicability of ECT 

reconstruction methods in practical 

industrial systems (Deabes & Amin, 2020). 

On the other hand, the ECT reconstruction 

problem is inherently ill-posed, hence 

prone to unstable and multiple solutions. 

Additionally, ECT electronics suffer from 

nonzero leakage currents, and associated 

methods produce a nonlinear mapping 

between capacitance and dielectric constant 

(Wang et al., 2020). 

Numerous reconstruction methods have 

been proposed for the past few decades to 
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address the ECT problem (Sharifi et al., 

2024) (Sun et al., 2023). Among the 

methods studied, Linear Back Projection 

(LBP) stands out as the most 

computationally efficient; however, it tends 

to produce images of lower quality (Nombo 

et al., 2021). Standard Tikhonov 

regularization effectively addresses the ill-

posed nature of the problem but often 

results in images with reduced resolution 

(Suo et al., 2023). Landweber iteration 

achieves high-quality image reconstruction 

but suffers from slow convergence rates, 

rendering it impractical for real-time 

imaging applications (Rajan & Jose, 2022). 

Artificial neural networks and genetic 

algorithms optimize initial estimates to fit 

data optimally, yet they are prone to 

premature convergence, limiting their 

ability to achieve a globally optimal 

solution (Egwuche et al., 2023). 

One of the promising approaches to 

improving the quality of the reconstructed 

images from the ECT system is to integrate 

the nonlinear anisotropic diffusion 

functional within the sensitivity matrix of 

the ECT model. This will assist in 

addressing the ill-posed problem. 

Nonlinear anisotropic diffusion functionals 

have demonstrated promising results in 

many image processing applications, such 

as denoising (Bua et al., 2024) and super-

resolution image reconstruction (B. Maiseli 

& Abdalla, 2024). However, despite its 

nonlinear nature, the technique has not 

been applied in ECT image reconstructions. 

The proposed study leverages the non-

linear attributes of both ECT and 

anisotropic diffusion models, by 

incorporating a non-linear diffusion 

functional within the sensitivity matrix of 

the ECT system. This will improve the 

quality of the images generated and enable 

the ECT system's applicability in online 

industrial process control and monitoring. 

Among the studied diffusion methods, 

Perona and Malik diffusion functional has 

remained popular since its inception 

(Perona & Malik, 1990). This function 

performs uniform regularization across 

image regions, ensuring effective recovery 

and protection of semantic features like 

edges and contours. Compared with other 

regularizers, such as Charbonnier 

(Charbonnier et al., 1994) and Total 

Variation (Rudin et al., 1992). Perona-

Malik has desirable mathematical 

properties, including robustness in noise 

and outlier rejection. Considering its 

promising performance in other image 

processing fields (Bua et al., 2024; 

Gobbino & Picenni, 2024; B. J. Maiseli, 

2020; Rafsanjani et al., 2016), this study 

proposes an image reconstruction method 

based on Perona-Malik nonlinear diffusion 

functional. Results from a series of 

experiments demonstrate that the proposed 

method offers an improved performance, 

by generating images with appreciable 

salient features. Experimental results reveal 

that the proposed method generates high-

quality and visually appealing images with 

a lower distribution error and high 

correlation coefficient compared to state-

of-the-art methods. 

 

METHODS AND MATERIALS 

Description of the ECT Measurement 

Process  

The ECT measurement process involves 

several steps from sensing to image 

reconstruction to facilitate the non-invasive 

imaging of the interior of the process under 

observation. The measurement process is 

divided into three main stages: sensing, 

signal processing, and image 

reconstruction (Figure 1). 

The sensing unit consists of strategically 

placing an array of electrodes around the 

periphery of the object to be imaged, 

typically arranged around the inner wall of 

a pipe or container. This configuration 

ensures complete coverage of the sensing 

region. Capacitance measurements are 

taken by sequentially exciting pairs of 

electrodes with an AC signal while 

measuring the resulting capacitance 

between them. Each pair of electrodes acts 

as a transmitter and receiver, and this 
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process is repeated for all possible 

electrode pairs to gather a complete set of 

capacitance data (Li et al., 2023). 

 
Figure 1: Description of the ECT measurement process. 

 

The signal processing deals with the 

collection and analysis of measured 

capacitances. A switching matrix is used to 

sequentially select electrode pairs, ensuring 

comprehensive data acquisition 

(Mousazadeh et al., 2024). The weak 

capacitance signals are then amplified and 

filtered to enhance signal quality and 

reduce noise interference. These analogue 

signals are converted into a digital format 

using high-resolution analogue-to-digital 

converters, enabling subsequent digital 

processing and analysis (Hussain et al., 

2023). The collected digital data forms a 

measurement matrix representing the 

capacitance values for all electrode pairs, 

serving as the input for the image 

reconstruction algorithms (Ghaly, Shalaby, 

et al., 2023). 

A reconstruction unit is a computer in 

which image reconstruction algorithms are 

implemented. Its main function is to 

convert the measured capacitance data into 

an image. The conversion process involves 

calculating permittivity values for each 

pixel using measured capacitance data. The 

process is achieved through mathematical 

methods for solving inverse problems. 

Results are represented as visual images, 

and the process is called image 

reconstruction. There is no general method 

for solving the ECT inverse problem, 

different techniques have been developed 

by researchers which can be classified 

mainly into direct (single-step) techniques 

in which the image is obtained from 

measured capacitance in one mathematical 

step; and iterative techniques which a set of 

objective functions are optimized 

iteratively. In most image reconstruction 

techniques; whether single-step or iterative; 

the sensitivity matrix is used for forward or 

backward projection between the 

capacitance measurements and the 

reconstructed image. The sensitivity matrix 

is a linearization of the non-linear field to 
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physical property distribution (Dimas et al., 

2024). 

 

Diffusion-Based Regularization for 

Improved ECT Image Reconstruction 

The ECT image reconstruction process 

involves solving two computational 

problems: forward and inverse (Huang et 

al., 2022). The forward problem is a 

simplified model of the ECT system and 

computes the capacitance values from a 

given permittivity distribution.  The 

problem is defined as 

𝐶 = 𝑆𝐺         (1) 

where 𝐺 is an 𝑁 × 1 a dimensional vector 

representing an image vector, 𝑁  is the 

number of pixels in the image, 𝐶  is an 

𝑀 × 1 a dimensional vector indicating the 

normalized capacitance values, 𝑀  is the 

number of capacitance measurements, and 

𝑆  is an 𝑀 ×  𝑁  field sensitivity matrix, 

which reflects the effect of permittivity 

distribution at each pixel on the inter-

electrode capacitance. Without loss of 

generality, equation (1) can be written as  

𝑆𝑇𝐶 = 𝑆𝑇𝑆𝐺        (2) 

and re-organized as 

𝐺 = (𝑆𝑇𝑆)−1𝑆𝑇𝐶        (3) 

The ECT inverse problem aims to estimate 

𝐺  from the given capacitance data. 

However, in most cases, 𝑆 is a non-square 

matrix that does not have a direct inverse, 

making the system ill-posed (Deabes & 

Amin, 2020). To address the problem, 

various reconstruction methods and 

regularization techniques have been 

proposed.  

The term 𝑆𝑇𝑆  in (3) is a non-invertible 

matrix, leading to degenerative solutions. 

Therefore, a regularization component can 

be introduced into the equation to address 

the problem. Subsequently, applying a 

regularization term, (3) becomes: 

𝐺 = (𝑆𝑇𝑆 + 𝜇𝐼)−1𝑆𝑇𝐶        (4) 

where 𝜇 > 0 is a regularization parameter 

and 𝐼 denote the identity matrix of 

dimension the same as the matrix 𝑆𝑇𝑆. 

The proposed method formulation 

originates from the ECT reconstruction 

model (4) and the Perona-Malik energy 

functional (5). 

𝜌(𝑆) =
𝐾2

2
 log (1 + 𝑆2)                (5)  

where 𝑠 denotes an image gradient and 𝐾 

represents the gradient-thresholding 

parameter that should be manually tuned 

for better reconstruction results. The 

convexity property of (5) gives 𝜌(𝑆)  the 

ability to generate desirable optimal solutions. 

The second derivative test, 𝜌′′(𝑠) ≥ 0, is often 

a preferred technique to test for the convexity 

of an equation. Therefore, 

𝜌′′(𝑆) =
𝐾2(1−𝑆2)

(1+𝑆2)2
       (6) 

Equation (6) becomes convex when 1 − 𝑆2 ≥ 

0 or 𝑆 ≤ 1. We adhered to this important 

condition in the implementation of our 

method to ensure the stability and 

convexity of the evolving ECT solution. 

Applying the Euler-Lagrange equation to 

(6), subjecting the resulting equation to a 

dynamical system, and incorporating a 

fidelity term give the anisotropic diffusion 

equation (Maiseli, 2020) 

𝜕𝑆

𝜕𝑡
=  ∇ (

1

1+(
|𝛻𝑆|

𝐾
)
2  𝛻𝑆) − 𝜇 ( 𝑆 - 𝑆𝑜 ) (7) 

where 𝜆 , fidelity parameter, maintains a 

balance between reconstructing ECT 

image, 𝑆, and the original raw data (initial 

measurements, 𝑆𝑜).  This equation suits 

many image processing applications, such 

as denoising, super-resolution, and 

inpainting. In our case, the equation was 

used to regularize the ECT solution. 

Specifically, the regularization component 

of (7) was encapsulated into (4), the re-

organized version of (8), to form the 

Perona-Malik diffusion-driven 

regularization for image resolution 

enhancement in ECT (PMECT) 

𝐺 = (𝑆𝑇𝑆 + 𝜇𝛻 (
1

1+(
𝛻𝑆

𝐾
)
2𝛻𝑆))

−1

𝑆𝑇𝐶      (8)    

The value of the regularization parameter, 

𝜇, in (7) greatly affects the quality of the 

final reconstructed images. A moderate 

value of 𝜇  yields a good estimate of the 
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permittivity distribution. The solution is, in 

addition, significantly impacted by the 

capacitance measurement’s inaccuracy. 

The capacitance error increases but the 

approximation error decreases with a high 

value of the regularization parameter. 

Discretizing (8) for computer implementation 

gives the iterative equation (9): 

𝐺𝑖𝑗
𝑛+1 = 𝐺𝑖𝑗

𝑛 + Δ𝑡

(

 
 
(𝑆𝑖𝑗
𝑇)
𝑛
𝑆𝑖𝑗
𝑛 + 𝜇𝛻(

1

1+(
𝛻𝑆𝑖𝑗
𝑛

𝐾
)

2 𝛻𝑆𝑖𝑗
𝑛)

)

 
 

−1

(𝑆𝑖𝑗
𝑇)
𝑛
𝐶𝑖𝑗
𝑛             

(9)

where (𝑖, 𝑗) is the spatial pixel position in the 

grid fabric of a reconstructing image, and 𝑛 

denotes the iteration number; the parameters 

were set as follows: Δ𝑡 = 0.25, and 𝜇=0.05. 

Equation (9) was implemented in MATLAB 

software. 

 

Experimental Setup and Evaluation 

Criteria  

Several experiments were conducted to 

evaluate the efficiency of the Perona-Malik-

ECT (PMECT) algorithm. The ECT system 

was configured as an eight-electrode circular 

sensor with a pipeline divided into 900 units. 

three flow types, namely annular, stratified, 

and bubble were used. Image reconstruction 

algorithms were implemented using 

MATLAB. Qualitative and quantitative 

metrics were used to evaluate the efficacy of 

various methods. In the former evaluation 

metric, the visual results of the reconstructed 

images generated by different algorithms 

were subjectively compared. To quantify the 

quality of the results, we used an image 

distribution error (DE), defined as  

DE =
1

𝑁
∑  𝑁
𝑖=1 |𝐺𝑖

𝑟𝑒𝑐 − 𝐺𝑖
𝑟𝑒𝑓
|   (10) 

where 𝐺𝑖
𝑟𝑒𝑐  and 𝐺𝑖

𝑟𝑒𝑓
are, respectively, the 

reference and reconstructed image vectors for 

an image element 𝑖, and 𝑁 represents the total 

number of pixels of the reconstructed image. 

Lower DE signals better results in reservoir 

management in oil industries, for example, 

the desired DE should be less or equal to 10% 

(Almutairi et al., 2020). In addition, we used 

the correlation coefficient (CC) between 

reference and reconstructed images. This 

quality metric is defined as  

CC =
∑  𝑀
𝑒=1 (�̂�(𝑒)−�̂�(𝑒))(𝐺(𝑒)−�̂�(𝑒))

√∑  𝑀
𝑒=1 (�̂�(𝑒)−�̂�(𝑒))

2
∑  𝑀
𝑒=1 (𝐺(𝑒)−�̂�(𝑒))

2
     (11) 

where  𝐺 and �̂� represent the average values 

of G and �̂�. The value of CC ranges between 

0% and 100% and represents the degree of 

deviation of the reconstructed image from the 

true distribution. The quality of the 

reconstructed image increases with CC. 

 

RESULTS AND DISCUSSION 

Figure 2 provides a qualitative analysis of 

images reconstructed using Linear Back 

Projection (LPB), Projected Landweber 

(PLAND), and the proposed method 

(PMECT). The reconstructed images using 

PMECT closely resemble the true reference 

images. Specifically, the PMECT method 

generates images with higher resolution with 

a clear definition of boundaries. This superior 

performance of PMECT highlights its 

potential as a more effective ECT 

reconstruction technique, promising 

improved industrial process monitoring 

applications. 

 

 

 Reference LBP PLAND PMECT 

Annular 1 

    



Diffusion-engineered Electrical Capacitance Tomography Method for Enhanced Image Quality 

Reconstruction 

 

144 Tanzania Journal of Engineering and Technology (Tanz. J. Engrg. Technol.), Vol. 43 (No. 2), Aug. 2024 

 

 

Annular 2 

    

Bubble 

    

Stratified 

    

 
Figure 2. Qualitative Comparison of Reconstructed Images from Linear Back Projection (LPB), 

Projected Landweber (PLAND) and PMECT. 

 

To further assess the performance of the 

proposed method, the evaluation was 

expanded to cover the full component fraction 

range for annular and stratified flows. Figure 

3 presents the distribution error (DE) as a 

function of the Reference Gas Fraction (%) 

for LPB, PLAND, and PMECT for annular 

flow. The DE for the LBP shows a significant 

error margin across most reference gas 

fractions. Starting at approximately 0.1 DE at 

0% gas fraction, the error peaks between 0.2 

and 0.25 from 20% to 90% gas fractions, 

indicating substantial deviations from the 

reference values before tapering back to 0.1 at 

100% gas fraction. Similarly, the PLAND 

method exhibits a high DE trajectory 

equivalent to the LBP, though slightly lower. 

The DE begins at 0.1 at 0% gas fraction, peaks 

just below 0.25 between 20% and 90%, and 

returns to 0.1 at 100%. In contrast, the 

PMECT method shows superior performance, 

maintaining a consistently low DE throughout 

the reference gas fraction range. Beginning 

below 0.05 at 0%, the DE remains under 0.1 

for the majority of the spectrum, only slightly 

exceeding this threshold around the 80% gas 

fraction mark. The REF line at 0.1 DE serves 

as a benchmark, highlighting the acceptable 

error margin. Notably, both LBP and PLAND 

methods frequently surpass this benchmark, 

reflecting their lower accuracy and reliability. 

On the other hand, the PMECT method 

remains predominantly below this reference 

line, underscoring its robustness and 

precision. 

 
Figure 3. DE for the full component fraction range for annular flow. 
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Figure 4 presents the distribution rrror (DE) 

as a function of the Reference Gas Fraction 

(%) for stratified flow for LBP, PLAND, and 

PMECT, alongside a reference line (REF) set 

at a DE of 0.1. The LBP method exhibits a 

significant DE across most reference gas 

fractions, beginning around 0.1 at 0% gas 

fraction, peaking above 0.2 between 20% and 

80%, and then tapering off towards the end. 

The PLAND method follows a similar trend, 

though with slightly lower DE values than 

LBP. The DE starts at 0.1 at 0% gas fraction, 

peaks just below 0.2 around the mid-range, 

and decreases back to around 0.1 towards 

100% gas fraction. In contrast, the PMECT 

method shows a noticeably lower DE across 

the entire range. The DE starts below 0.05 at 

0% gas fraction, remains significantly lower 

than both LBP and PLAND throughout, and 

only briefly approaches the REF line at 

certain points. The REF line at 0.1 DE serves 

as a benchmark for acceptable error levels. 

Both LBP and PLAND methods frequently 

surpass this threshold, indicating higher error 

rates and less reliable reconstructions. 

Conversely, the PMECT method stays 

predominantly below this benchmark, 

underscoring its enhanced accuracy and 

reliability. Figure 5 shows the correlation 

coefficient (CC) as a function of the 

Reference Gas Fraction (%) for annular flow. 

The LBP method quickly rises to 

approximately 0.8 by 20% gas fraction and 

maintains this value with slight fluctuations. 

The PLAND method starts with a negative 

CC at 0% but aligns with the LBP method 

from 20% gas fraction onward, stabilizing 

around 0.8. In contrast, the PMECT method 

starts close to 1.0 at 0% gas fraction and 

maintains a consistently high CC of around 

0.9 throughout the range. This indicates 

superior performance and reliability. The 

REF line at 1.0 represents the ideal 

correlation. While the LBP and PLAND 

methods frequently fall below 0.9, the 

PMECT method stays significantly closer to 

this benchmark, highlighting its superior 

accuracy. 

Figure 6 presents the correlation coefficient 

(CC) as a function of the stratified flow's 

reference gas fraction (%). The PMECT 

method consistently shows the highest CC 

values, indicating superior performance in 

accurately reconstructing the reference gas 

fraction. The LBP method generally performs 

better than PLAND, but both exhibit lower 

CC values compared to PMECT. At low 

reference gas fractions (0% to 20%), PMECT 

quickly surpasses a CC of 0.8. LBP shows a 

gradual increase, reaching about 0.8, while 

PLAND starts lower around 0.6 and increases 

more slowly. In the mid-range (20% to 80%), 

PMECT maintains high CC values, peaking 

around 0.9. LBP remains stable around 0.8, 

and PLAND hovers around 0.7 to 0.75 with 

more variability. At high reference gas 

fractions (80% to 100%), PMECT continues 

to outperform, with CC values close to 1. LBP 

and PLAND show a decline in performance 

but maintain CC values above 0.7. None of 

the methods achieve a perfect CC of 1, but 

PMECT comes closest, especially at higher 

gas fractions. 
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Figure 4. DE for the full component fraction range for stratified flow. 

 

Figure 5. CC for the full component fraction range for annular flow. 

 

Figure 6: CC for the full component fraction range for stratified flow. 
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In summary, the PMECT method performs 

better in image reconstruction than the Linear 

Back Projection (LBP) and Projected 

Landweber (PLAND) methods. PMECT 

produces images with higher resolution and 

clearer boundary definition, closely 

resembling true reference images. It 

maintains a consistently low distribution error 

(DE) across various gas fractions for both 

annular and stratified flows, with an average 

DE difference of 15% lower than LBP and 

PLAND. Additionally, PMECT achieves the 

highest correlation coefficient (CC) values, 

with an average CC improvement of 10% 

over LBP and PLAND, indicating its 

robustness and precision. Overall, PMECT 

emerges as a more accurate and reliable ECT 

reconstruction technique, offering significant 

advantages for industrial process monitoring 

applications. 

 

CONCLUSION 

The Perona-Malik diffusion-driven 

regularization method significantly improves 

image resolution in Electrical Capacitance 

Tomography (ECT) applications. 

Experimental evaluations demonstrated a 

marked 15% reduction in distribution error 

(DE) and a 10% increase in the correlation 

coefficient (CC) for PMECT as compared to 

conventional reconstruction methods such as 

Linear Back Projection (LBP) and Projected 

Landweber (PLAND). By integrating 

nonlinear anisotropic diffusion within the 

sensitivity matrix of the ECT model, the 

proposed method effectively addresses the ill-

posed nature of the inverse problem, thereby 

enhancing the fidelity and robustness of the 

reconstructed images. This improved 

performance is essential for monitoring 

industrial applications, where accurate and 

reliable image reconstruction directly impacts 

process monitoring and control. Future 

research will focus on developing algorithms 

with reduced computational complexity to 

enable real-time ECT system monitoring. 

Additionally, the potential benefits of other 

diffusion-regularizer functionals will be 

explored. The promising results of this study 

underscore the potential of the PMECT 

method to advance the applicability of ECT 

systems across various industrial processes 

and potentially improve the processes 

outcomes. 
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