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Abstract Image reconstruction is vital for process tomography system. Due to industrial demand for process
monitoring and control of solid transport in pneumatic conveyor, electrical charge tomography system using
electrostatic charge carried by particles has become vital and attract the attention of many researchers. Three
image reconstruction algorithm methods known as linear back projection, filtered back projection and least
square methods are actively discussed by researchers. In this paper, a new image reconstruction algorithm
called least square with regularization (LSR) method will be introduced to improve the previously mentioned
method applied in electrical charge tomography. Simulation and experimental data had been used to reconstruct
the image. The results were compared and it indicated that LSR method showed better improvement in terms
of stability and accuracy of the image.
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1 Introduction

Image reconstruction is vital for electrical tomography system because it has many advantages over other
tomography modes due to its high-speed, low-cost, non-intrusive sensors, no radiation, rapid response, robust
as well as suitable for industrial applications [1]. The aim of electrical tomography is to reconstruct the image
of cross-section of material being conveyed in pipelines.

Many image reconstruction techniques have been extensively developed over the last two decades as reli-
able tools for electrical tomography. Some examples are linear back projection [2], filtered back projection [3],
singular value decomposition (SVD) [4], Tikhonov regularization [5], simultaneous algebraic reconstruction
technique (SART) [6], landweber iteration [7] and etc.

In electrical charge tomography, some progresses have previously been reported on the use of an electro-
dynamics sensors in flow metering and tomography imaging of solids or dry powder in pneumatics conveyor
pipeline [8–16]. However, many issues especially in the image reconstruction method remain to be examined.
Currently, there are only three methods that have been introduced in image reconstruction for electrical charge
tomography (EChT) i.e. the linear back projection (LBP) [11], the filtered back projection (FBP) [13] and least
square (LS) [16,17]. LBP method has no linearity with the sensing mechanism used in the electrical charge
tomography, thus image reconstruction is focusing only on the sensor location. FBP method may be accurate
in detecting the high concentration area, but it has a problem in detecting more charges in sensing area. The
problem with LS method is that it has no unique solution [18]. Since the matrix sensitivity being used in this
system is imposed with singular therefore a small change in the data causes arbitrarily large changes in the
solutions. This means that the solution will become unpredictable or unexpected solutions exists with very
large error. This causes the solutions to be inaccurate and unstable. Thus, it needs a new and improvement
method for the solution.

In this paper, a new image reconstruction algorithm for electrical charge tomography is presented. The
previous methods will be discussed and the advantages of the new method will be highlighted. Discussion will
be based on the similarity of the image being reconstructed by these methods as compared to image captured
by CCD camera that has been processed using digital imaging technique. In terms of stability of the image,
singular value decomposition (SVD) method will be used to calculate the condition number of the images
reconstructed by LBP, FBP and the new method.

2 Background to EChT in Image Reconstruction Process

EChT image reconstruction process involves two problems solutions: forward modeling problem solution and
inverse problem solution. In electrical charge tomography, imaging forward modeling is pre-described as the
theoretical of the system in sensing area. It is related to sensor’s sensitivity to the three-dimensional charge
which contains a uniformly distributed charge in coulomb per square meter (C/m2) [13]. Process tomography
system by electrical charge is given one measurement from each of the sensor; the amount of information
available is equal to the number of sensors [17]. Therefore, forward modeling of the pipe and the sensing area
are mapped equally to the number of the sensor used in this measurement system i.e. 16 by 16 rectangular
arrays consisting of 256 pixels or elements. This mapping will produce image resolution where more pixels
will provide better image resolution. However, it has limitation since the diameter of the pipe is 100 mm. The
length between sensors is divided equally and is located around the pipe at respective coordinates [18]. The
sensitivity map derived from the modeling and the summation of complete sensitivity maps for 16 sensors
in two- and three-dimensional are shown in Fig. 1. The highest concentration point at the edge of the pipe
from the two-dimensional image of the sensitivity map in Fig. 1 represents the location of 16 electrodynamics
sensor installed around the pipe.

Inverse problem is the solution that provides an image of the charge concentration distribution within the
sensing area. The data captured by the 16 sensors are used to generate an image concentration. This image
concentration is being generated using analytical and statistical approaches such as linear back projection
(LBP), filter back projection (FBP), and least square with regularization (LSR) methods.

2.1 Linear Back Projection (LBP)

Linear back projection is a straight forward solution which refers to the relationship between the distribution
of charge, q and the detection of voltage by the detector as shown in Eq. (1).
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Fig. 1 Two- and three-dimensional total sensitivity map, S

V = Sq (1)

S is the sensitivity map or sensitivity matrix with a dimension of 16 × 16 (as discussed in Sect. 2). The
measurement data V and the charge distribution q are unknown.

To reconstruct the images in this system, the inverse problem has to be solved using Eq. (1). Thus, the
Eq. (1) becomes q = S−1V , known as back projection [19]. In practice, the concept of pseudo inversion is used
by assuming that S−1 = ST [20]. In reality, S is a symmetric value, so it is formulated as Eq. (2).

qLBPi = Si Vi (2)

i = (1, 2, 3. . .16) refers to the number of sensitivity matrix or measured data for particular sensor. As a result,
image concentration for qLBP is obtained from the sum of qLBPi (sum of every sensitivity matrix multiplied by
voltage measured for every sensor) for 16 sensors. However, LBP method has no linearity with the sensing
mechanism used in the electrical charge tomography, thus image reconstruction focuses only on the sensor
location [13].

2.2 Filtered Back Projection (FBP)

The major limitation of linear back projection method arises due to the non-linear sensing mechanism of the
electrostatic charge transducer. However, a filter can be determined by combining it with the back projec-
tion method to provide Filtered Back Projection (FBP). This filter provides weighting to individual pixels to
produce a uniform concentration profile when the sensor has equal outputs [13].

The filter matrix is obtained by dividing the maximum value of pixel (Smax) in sensitivity matrix of S by
each value of pixel (Si ) as shown in Eq. (3).

Filter = Smax

Si
(3)

Filtered back projection is a result of multiplication of Linear Back Projection with filter matrix of S, written
as Eq. (4).

qFBP = qLBP × Filter (4)

FBP method may be accurate in detecting the high concentrations area, but this method faces problem in
detecting more charges in sensing area. As a result, image provided by FBP looks like a huge point with
uniform pattern and the value of concentration faded away from the sensor location towards the center of the
sensing area [16].
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2.3 Least Square Method (LS)

Least square (LS) method is almost the solution to the inverse problem of equation when measurement errors
are considered. It is meant to minimize the Eq. (1).

Min ‖Sq − V ‖2 (5)

where,

qLS = (STS)−1V (6)

The solution of Eq. (6) is not unique. This is because the matrix (STS)−1 is not invertible. Therefore, the Eq. (6)
is not a stable solution [21]. This is due to ill posed of sensitivity map S being used in this system. Ill posed
is nature in image reconstruction and it can be quantified by the condition number of the matrix sensitivity S.
An ill-posed problem has a large condition number, and the solution is sensitive to small changes in the input
data [22].

The SVD is the ‘tool’ that will reveal all the difficulties associated with the ill conditioning of the matrix
[23]. Let S be the matrix of reconstructed image with M × N rectangular matrix where M ≥ N . Then, the
SVD of S is a decomposition of the form:

S =
Min(m,n)∑

i=1

uiσiv
T
i (7)

where Ui = (u1, . . . un) and Vi = (v1. . . vn) are matrices with orthonormal columns, UTU = VTV = In,
where

∑ = diag(σi . . . σn). σi is the singular values of S, while Ui and Vi are the left and right singular
vectors of S.

Discrete ill conditionings will be considered if the condition number S is large. The condition number is
equal to the ratio between its largest and smallest (in magnitude) of singular value as in Eq. (8).

Cond(S) = σ1

σn
(8)

Ill posed of the inverse problem has conditions numbers as high as 1 × 1020 [1]. In this system, analysis of
matrix sensitivity has been conducted using SVD method. Based on Eq. (6), the ill-posed condition was tested
using SVD to check the level of ill posed. Therefore, Eq. (9) is formulated [23].

qLS =
k∑

1

uT
i V

σi
vi (9)

V denotes the data measured in the system. The uT
i and vi are the left and right singular vectors, while σi is the

singular value of S. Discrete Picard Condition (DPC) chart is used to compare between the decay of Fourier
coefficients |uT

i V| and the singular value σi . If the decay of |uT
i V| is faster than the singular value σi , then the

solution is acceptable and regarded as a stable solution. Besides that, the solution to the problem is imposed
with ill-posed problem [23].

Figure 2a and b, respectively, shows the DPC produced by the system for unperturbed and perturbed data
with noise error for Eq. (6).

In Fig. 2a, most of the Fourier coefficients |uT
i V| for the unperturbed problem satisfy the DPC. However,

in Fig. 2b, it can be seen that when the sample data was perturbed with noise error, the decay of the singular
value is faster than the Fourier coefficients |uT

i V|. It can also be noticed that it is not a stable solution because
of being imposed with ill-posed problem.

From the graph in Fig. 2, the condition number of matrix sensitivity S is 1.384 × 1021 (the first and the last
singular value is 637.8 and 4.61 × 10−19, respectively). This number means that the solution is affected by
ill-posed problem. The solution needs some regularization process to dampen out a small singular value in it.
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Fig. 2 Discrete Picard Chart for LS solution. a Unperturbed from noise error. b Perturbed with noise error

2.4 New Image Reconstruction Method in EChT

Due to the problem with singular value in sensitivity map S, the method to dump small singular value in S
has to be solved. Imposing the Eq. (5) with additional information about the solution called penalty term can
optimize the problem. This is represented by Eq. (9).

E(q) = arg min ‖Sq − V ‖2 + β2 ‖R(q − q0)‖2 (10)

This process called simple regularization process or Tikhonov regularization [24]. The Tikhonov regularization
method is an effective method to solve ill-posed problems [25]. The regularization method has been applied
to electrical capacitance tomography for image reconstruction by Peng et al. and Lionheart [26,27].

The aim of this regularization is to dampen the contribution of small singular value in the solution. The
matrix R is a regularization matrix which penalizes extreme changes in parameter q , removing the instability
in the reconstruction. The parameter ß is called regularization parameter. The solution of equation (10) would
be written as a simple form of the standard Tikhonov where R = I and assuming q0 = 0. Thus, equation (11)
is introduced and called Standard Tikhonov Regularization (STR).

qSTR = (STS + β2 I )−1STV (11)

For the algorithm described in Eq. (10), the choice of regularization is important. In general, a small value
of ß gives a good approximation of the original problem, but the influence of errors may make the solution
physically unacceptable. Conversely, a large value of ß suppresses the data, but increases the approximation
error [28]. It is crucial to choose optimal regularization parameter ß. Also, it may not always the optimal choice
of R = I (identity matrix), but with suitable value of regularization parameter a solution becomes closer to the
true solution as possible and enough to show that the result is acceptable for this problem. There are two main
methods to calculate this regularization parameter, the generalized cross validation (GCV) method [29,30] and
the L-curve method [31]. Analysis has been done using both methods. The results suggest that GCV method
is more consistent and it’s value is acceptable for image reconstruction process used in EChT.

GCV idea was introduced from the modification of ordinary cross validation (OCV). Derivation of OCV
and GCV can be found in detail in article [32]. The GCV offers a way to estimate appropriate values of reg-
ularization parameters ß. GCV is based on the statistical consideration that if an arbitrary element Vi of the
right-hand side V is left out, then the corresponding regularized solution should predict this observation well,
and the choice of regularization parameter should be independent of an orthogonal transformation of V [33].
This leads to choosing the regularization parameter, which minimizes the GCV function in Eq. (11)

G =
∣∣∣∣SqSTR − V

∣∣∣∣2
2

(trace(Im − SSI))2 (12)

where SI is a matrix that produces the regularized solution qSTR when multiplied with V , i.e., SI = (STS +
ß2 I )ST.
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Fig. 4 Discrete Picard Chart for ST method. a Unperturbed from noise error. b Perturbed from noise error

From the sensitivity matrix obtained in forward problem solution (Sect. 2) and prediction data in the EChT
measurement system. The value of regularization parameter is calculated using GCV method [23]. Figure 3
shows the GCV curve which has been plotted whereby the minimum point in GCV curve is the optimization
value for regularization parameter i.e. 0.025908.

From Eq. (11), the solution can be formulated using SVD that compares the level of ill-posed problem in
EChT. Therefore, Eq. (13) is formulated [23].

qSTR =
k∑

1

σi

(σ 2
i + ß2)

.
uT

i V

σi
vi (13)

Figure 4a and b shows the DPC produced by the system for Eq. (12). Figure 4a shows that the Fourier coeffi-
cients |uT

i V| for the unperturbed problem satisfy the discrete Picard condition. In Fig. 4b, it can be seen clearly
that even when the sample of data are perturbed by noise error, the decay of coefficients Fourier |uT

i V| is still
faster than the singular value and there is no changes even though the noise is affected at the measurement
data.

The condition number obtained from this solution is 152.38 (the first and the last singular value is 111.3
and 0.7304, respectively). It shows that with regularization the stability of the image becomes much better than
the LS solution approach. This is because the regularization solution possesses the filter factor that dampens or
filters out the contribution of a small singular value to the solution. The regularization solution is also capable
of regulating the solution in a stable manner.

In terms of accuracy study for both least square and Standard Tikhonov Regularization (STR) or regulari-
zation solution, the 16 values of solution for qls and qSTR are recorded. Figures 5 and 6 show the graphs plotted
for LS and solution with regularization versus the number of measurements, respectively. It can be seen that
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Unperturbed and perturbed solution by LS vs. number of measurement
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Fig. 5 The Graph for least square solution values versus number of measurements
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Fig. 6 The Graph for regularization solution values versus number of measurement

the values of solution for perturbed data with noise in Fig. 5 are rapidly increasing for measurement number
9 to 16 as compared to solution without noise (unperturbed).

The graph in Fig. 6 shows that the solution values obtained by regularization solution for unperturbed and
perturbed data (with noise) are changing simultaneously depending on the data values. This indicates that the
regularization solutions are more robust against noise. Even with the presence of noise in the measurements,
the solutions still follow the origin of solution.

The solution values of unperturbed and perturbed data (with noise) for LS and STR method are being
compared. Results show that LS for data solution value number 1 until number 9 are almost similar. However,
the values exponentially increase when the solution reaches data number 10–16. This shows that the solution
produced by LS method is inaccurate. This is because the LS solution values show unpredicted change when
they reach a certain number of measurements. But for the solution which is imposed with regularization (STR),
it becomes obvious that the solution value for unperturbed and perturbed data (with noise) is almost consistent
for all the 16 measurements. In addition, the means square error value is around 0.00233 % as compared to
the same error obtained by LS is 24,635.07 %. Thus, it shows that with regularization, the solutions are more
accurate and remain accurate although the number of measurement increases.

The advantage of this STR method is that it can detect two charges at separate points in the sensing area,
but it has ghosting image at adjacent areas. These errors are due to the assumption that the charge is uniformly
distributed in the sensing area. As mentioned earlier FBP is accurate in detecting the area of the charge but
cannot distinguish between two separate charges in the sensing area. A better way to solve this both prob-
lems as well as image reconstruction process for EChT is using FBP image as a threshold value to erase the
ghosting image in the STR method. The high value in STR method will be reduced as the filter of the image
reconstruction process as Eq. (13). The filter matrix FilterSTR is obtained by taking each value (qSTRi) of pixel
in qSTR and divide by the maximum value of pixel (qSTRmax) in qSTR . As a result, Eq. (14) is used to produce
the image concentration in the sensing area called Least Square with Regularization method (LSR).

FilterSTR = qSTRi

qSTR max
(14)

qLSR = qFBP × FilterSTR (15)

Figure 7a–c show the different images that have been reconstructed by qFBP, qSTR and qLSR methods, respec-
tively. The advantage of qL S R as shown in Fig. 7c is that it can detect two charges at separate points in the
sensing area as accurately as FBP method.
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3 Image Reconstruction Process Flowchart

Figure 8 shows the flowchart of image reconstruction process in electrical charge tomography system using
LSR method. Image reconstruction process consists of several processes such as capturing data for 16 electro-
dynamics sensors, image reconstruction using Standard Tikhonov Regularization (STR) for every sensors, total
image reconstruction for STR, developing STR filter and producing image concentration using LSR method
and lastly displaying image concentration profile.
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Fig. 8 Image reconstruction process using LSR method
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Image reconstruction using LSR method is derived from the image of FBP solution that is multiplied with
STR filter. The combination of both methods will produce a better image in terms of charge detection point
and the stability of the image. In addition, this method is capable of overcoming the problem in distinguishing
between more than two charges point as well as the problem with the imaging away towards the center of
pipeline.

4 Simulation and Experiment Results

4.1 Simulation Data

Using predicted data for different types of flow regimes such as full flow, three quarter flow, half flow and
quarter flow. The images have been reconstructed using LBP, FBP and LSR methods, respectively. This part
will discuss the pattern of the images concentration produced by LBP, FBP and LSR methods and the advan-
tages of the image created by LSR. Figure 9 shows the image reconstructed for different types of flow regime
such as full flow, three quarter flow, half flow and quarter flow.
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Table 1 Images reconstructed by LBP FBP and LSR with condition number for different types of flow regimes

Type of flow regimes LBP (condition number) FBP (condition number) LSR (condition number)

Full flow 2.731 × 1017 1.301 × 1017 246.126
3 quarters flow 3.723 × 1017 2.447 × 1017 210.061
Half flow 6.179 × 1017 3.562 × 1017 181.721
Quarter flow 8.610 × 1017 6.173 × 1017 219.606

The results in Fig. 9 shows that the high concentration area reconstructed by LBP method only focuses
on the sensors location as shown in Fig. 1. While the FBP method shows that the high-concentration area is
uniformly focused around the particular sensors in particular flow regime as a huge point of charge and the
concentration value is reduced towards the lower concentration area. LSR method produces the high concen-
tration area as being detected by FBP method. However, the pattern of concentration produced by LSR is
homogenously scattered around the flow regime with some pixels with different value of concentration as well
as many charges present in the sensing area.

In terms of stability of the image reconstructed by LBP, FBP and LSR methods, Table 1 shows the condition
number for different types of flow regimes as discussed in Fig. 9. This condition number is obtained from
numerical analysis using SVD method. It shows that LSR method produces the smallest value of condition
number as compared to other methods. This means that the image reconstructed by LSR method is more stable
than other methods.

4.2 Experimental Data

In order to evaluate the LSR algorithm, laboratory experiments are carried out using 16 electrodynamics sensors
installed around the pipeline in gravity flow rig measurement system as shown in Fig. 10.

The plastic beads are being used as materials conveyed in the pipeline of the test system. The mean size
of plastic beads is 2 × 2 × 2 mm. An automatic vacuum loader is used to convey the materials from the tank
to the hopper through a material feed vane. The loader will stop when the hopper is full. Then, solid materials
are fed down from the hopper into the pipe through a measurement system. The flow rate of the solid materials
is controlled by the rotary valve and its speed rotation is set by the control unit. The length between the rotary
valve and the array of sensors is 1.0 m. The solid particles are accelerated under gravity (9.8 m/s2). The
electrification between the plastics beads and the pipe wall will generate charge around particles. This charge
will be induced to the electrodynamics sensor when passes it. This charge will be converted into voltage by
electrical conditioning circuit attached to the sensor. The voltage will be sent to image reconstruction system
of a computer system through Keithely STA-1800HC data acquisition card. Image reconstruction process is
conducted off-line using Matlab programming language. The sampling rate used during data acquisition pro-
cess in this system is 1 kHz. For the purpose of discussion, the data are captured with different flow regimes,

Fig. 10 Gravity flow rig measurement system
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Fig. 11 An experimental image for different types of flow regime using LBP, FBP and LSR methods

various baffles regarding the flow model is placed 10 cm above the sensing area. A sample of data captured
for respective flow regime such as full, three quarter, half and quarter flows will be used to construct the image
using LBP, FBP and LSR methods. The results of the image which have been reconstructed are shown in
Fig. 11.

In general, all three methods i.e. LBP, FBP and LSR produced constant pattern of image concentration
with high concentration area depending on the flow regimes.

The pattern of concentration produced by LBP is focused on the sensor location. This is because the LBP
method has non-linear relationship with the sensor mechanism. As a result, the concentration area produced
is not as detected by FBP and LSR.

FBP method presents the pattern of charge concentration that is uniformly distributed around the sensor
with a huge point and the values of concentration decrease towards the lower concentration area as well to
the center of the pipe. FBP may be accurate in detecting the high concentration area. However, in terms of
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Table 2 Images reconstructed by LBP FBP and LSR based on experimental data with condition number for different types of
flow regimes

Type of flow regimes LBP (condition number) FBP (condition number) LSR (condition number)

Full flow 7.308 × 106 8.113 × 106 186.876
3Quarter flow 1.661 × 106 1.211 × 107 131.641
Half flow 1.316 × 106 1.958 × 106 124.257
Quarter flow 3.182 × 106 6.454 × 106 122.238

concentration pattern this method cannot differentiate between two or more charges present in the sensing
area. Thus, this is the problem imposed by FBP method.

The concentration area detected by LSR is similar to the one being detected by FBP. However, the pattern
of concentration produced by LSR method is homogenously scattered around the sensing area with different
value of charge concentration which depends on the pixel’s location. This shows that LSR method has the
capability to differentiate between two or more charges present in the sensing area. This is the advantage of
LSR as compared to FBP method. In addition the pattern of concentration produced by LSR method is more
practical. The visual observation in the pipe shows that the same portion of the pipe is occupied. This is due to
the natural behavior of the rotation of the rotary valve in solid flow rig measurement system. The rotary valve
releases the plastic beads downwards through the vessel in wave of clusters. This sometimes causes the flow
occupying only some portion of the pixels location while leaving the rest of the pixels unoccupied or empty.
As a result the flow of conveying material through the pipe is not uniform but homogenously scattered around
the sensing area and sometimes may produce ‘roping’ pattern. This can be clearly found in the pattern shown
by LSR method at full and three quarter flow regimes.

The stability of the image discussed above is calculated using SVD method. Table 2 shows the condition
number regardless of the stability of the image being reconstructed by LBP, FBP and LSR, respectively. This
shows that LSR method constantly produces low condition number compared to two other methods i.e. LBP
and FBP methods. This reveals the advantages of the LSR method for image reconstruction in EChT in terms
of stability of the image.

4.3 Image Validation Process

Image reconstruction process and digital image technique are two separate approaches, but inter-related tech-
niques. In order to validate or verify images reconstructed by image reconstruction methods discussed above,
both techniques are used in this measurement system. In digital imaging technique, CCD camera is used to
interrogate the flow in pipeline around the sensing area. The materials or particles flowing through the pipeline
can be imaged using CCD camera with suitable illumination light source [34]. Many authors have introduced
CCD camera to capture image of particles for various purposes such as particle size analysis, particles size
distribution, mass flow rate [34–36] etc. It is quite simple to focus a CCD camera and acquire digital images
in this system. Figure 12 shows the illustrated experimental apparatus used in the validation process.

Plastic beads are being used in this gravity flow rig system with nominal size of 2 mm. The data captured by
the electrodynamics sensor are recorded in 10 s, the same length of time as the videos recorded by CCD cam-
era. A CCD camera will capture video of materials moving through the pipe hole and send it to the computer
system (PC 1) with pictures of 1000 × 1000 pixels. Meanwhile, the electrodynamics sensor will be induced
with charge from the material that passes through the sensors. This charge will be converted into voltage by a
signal conditioning circuit attached to the sensor. The voltage will be sent to the image reconstruction system
(PC 2) via Keithely STA-1800HC data acquisition card.

Image reconstruction process and digital image processing are conducted off-line using software applica-
tion programs such as Matlab 7.0, Virtual Dub and Adobe Photoshop 7.0. Video captured by CCD camera
will be processed using digital image processing and measured data from the sensor are used to reconstruct
the cross-section image of the pipe through sensing area. Finally, images reconstructed are compared with the
image captured by CCD camera. Verifying process of the image reconstructed is based on similarity to the
image produced by CCD camera.

123

Author's personal copy



Arab J Sci Eng (2012) 37:1625–1643 1637

Fig. 12 Experimental apparatus using digital imaging technique

(a) (b) (c)

C 

A B 

Fig. 13 a Original image in sensing area. b Image after resizing to 16 × 16 pixels. c Real image in color mode

4.3.1 Sample: Test 1

Figure 13 shows the different versions of images captured by CCD camera using different digital processing
modes. Figure 13a shows the original image in sensing area with grayscale mode for material flown in the
pipeline as captured by CCD camera. Figure 13b is down-sampled image of Fig. 13a to matrix of 16 by 16.
Figure 13c is the image of Fig. 13b after being converted into color mode using MATLAB.

Figure 13c shows the image captured by the CCD camera with the highest image concentration area as
shown in circle with labeled A. The other high concentration areas are shown in circles and labeled as B and C.
In addition, for every high concentration area there are many pixels with different value of concentration. This
means that in a real situation, the particles dropped in conveyor pipeline are scattered around the pipe with
many concentration zone areas with different values of pixels concentration as well as many charges present
in the sensing zone area.

Figure 14 shows the images reconstructed by LBP, FBP and LSR methods based on data captured using
electrodynamics sensor at the same time as the video recorded by CCD camera as shown in Fig. 13.

Figure 14a–c show that LBP, FBP and LSR methods produce images with different pattern of concentration,
but at the same high concentration area i.e. at the bottom left, bottom right and at the top right.

In Fig. 14a, image pattern reconstructed using LBP method shows that the image concentration is not
focusing on the area as shown by the real image recorded using CCD camera in Fig. 14c. Instead, the high
concentration values focus on the sensor (the edge of sensing area) itself. This means that LBP method is not
suitable to reconstruct the image for electrical charge tomography because of its non-linearity to the sensing
mechanism.

Figure 14b shows image reconstructed by FBP method. The high concentration areas focus around the
sensor labeled as A, B and C. In this zone, the pattern of concentration value reduces away towards the centre.
It means that, FBP detects more charges near the sensor location and the charges reduce away towards the
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Fig. 14 a Image reconstructed by LBP. b Image reconstructed by FBP. c Image reconstructed by LSR method

Table 3 Condition number for LBP, FBP and LSR

LBP (condition number) FBP (condition number) LSR (condition number)

2.67 × 106 2.33 × 105 223.54

(a) (b) (c)

A

B C 

D 

Fig. 15 a Original image in sensing area. b Image after resizing to 16 × 16 pixels. c Real image in color mode

centre. In general, the image reconstructed by FBP is accurate in detecting the high concentration zone areas
but the pattern is not similar to the image recorded by CCD camera. As a result, FBP method cannot produce
image similar to the image produced by CCD camera, and thus FBP is not applicable to be used in industrial
process.

Figure 14c shows that the pattern of high concentration area for LSR method is scattered with different
pixel value of concentration. There are many pixels with different values of concentration in the sensing zone
areas, labeled as A, B and C. This means that the image reconstructed by LSR method has the capability to
differentiate between zone areas and pixels with high value of concentration within the same zone area. As for
comparison, it can be seen that the zone area and the pattern of concentration reconstructed by LSR method is
similar to the image recorded by the CCD camera as shown in Fig. 13c.

An analysis of condition number of the images has been performed using singular value decomposition
(SVD) method. Table 3 shows the condition number of ill posed for each method. It shows that LSR method
obtains the lowest condition number; this means that image reconstructed by LSR method is more stable than
any other methods.

4.3.2 Sample: Test 2

Figure 15 shows the image captured by CCD camera with three different image processing modes. Figure 15a
is the image identified at the sensing area with grayscale mode and Fig. 15b is a down sampled image of Fig. 15a
to 16 by 16 matrix. Figure 15c is the image of Fig. 15b after being converted into color mode. Figure 15c is
the image that will be compared to the image reconstructed by LBP, FBP and LSR methods being introduced.

123

Author's personal copy



Arab J Sci Eng (2012) 37:1625–1643 1639

(a) (b) (c)

A4 C B
A

A1 A2
A3

D

Fig. 16 a Image reconstructed by LBP. b Image reconstructed by FBP. c Image reconstructed by LSR
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Fig. 17 a Image captured by CCD camera. b Image reconstructed by LSR with ß = 0.1. c Image reconstructed by LSR with ß =
0.02590. d Image reconstructed by LSR with ß = 0.04. e Image reconstructed by LSR with ß = 0.003. f Image reconstructed by
LSR with ß = 0.0000557

Figure 16 shows the image reconstructed by LBP, FBP and LSR methods based on data measured at 233 g/s
mass flow rate and captured by electrodynamics sensor at the same time when CCD camera recorded the video.

Figure 15c shows the image captured by the CCD camera. The highest image concentration area called
zone A is shown in circle and labeled as A. The other high concentration areas are also shown in circles and
named zones B, C and D and labeled as B, C and D, respectively. From the observations, it shows that for each
high concentration zone area (A, B, C and D) there are many different values of concentration in each pixel.
This indicates that in the real situation, the particles dropped in conveyor pipeline are homogenously scattered
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Table 4 Condition number for LBP, FBP and LSR images

LBP (condition number) FBP (condition number) LSR (condition number)

7.960 × 106 2.000 × 106 125.95

with different values of concentration for each pixel in the sensing area. As a result, it represents many charges
on the moving particles which exist in the sensing zone area.

As a comparison with image captured by CCD camera, Fig. 16 shows the images being compared to the
image in Fig. 16c. Figure 16a is the image reconstructed using LBP method. It shows that the highest concen-
tration area of the image does not focus at the zone areas as shown by the image captured using CCD camera.
Instead, it focuses around the sensor that is located near the highest concentration area as labeled A1, A2 and
A3 in Fig. 16a. This means that the high concentration area detected by LBP focuses on sensor 1, 2 and 3.
It can also be seen in Fig. 16a that the other high concentration areas are located around the edge of the pipe
as well as around the sensor location. Thus, it is different from the image captured by CCD camera whose
concentration is scattered around the top half of the sensing area.

Figure 16b shows image reconstructed using FBP method. The highest concentration area is labeled as
A4. It shows that FBP detects the high concentration area which is similar to the areas captured by CCD
camera. However, compared to images recorded by CCD camera, images detected by FBP are pictured as a
whole image. This means that the high concentration areas detected by FBP in Fig. 16b comprises all areas
labeled as A, B and C just like the image produced by CCD camera in Fig. 15a. In addition, the pattern of
concentration produced by FBP is near the edge of the pipe and around the sensor location and fading away
towards the centre. This means that FBP cannot differentiate the pixels with high concentration in the same
zone area. Thus, it cannot differentiate the charges that exist in the high concentration area as shown by the
image captured by CCD camera in Fig. 15c.

Meanwhile, the high concentration zone area detected by LSR in Fig. 16c is similar to the one shown by
CCD camera in Fig. 15c. The pattern of high concentration area shown by LSR is homogenously scattered
with different concentration values for each pixel. Many high concentration zone areas labeled as A, B, C
and D in Fig. 16c had been detected. This indicates that LSR method has the capability to differentiate the
concentration value for each pixel in the sensing zone area. As a result, it can be seen that LSR method has
reconstructed a similar image to the image captured by CCD camera as shown in Fig. 15c.

An analysis of condition number of the images has been performed using singular value decomposition
(SVD) method. Table 4 shows the condition number of ill posed for each method. It shows that LSR method
obtains the lowest condition number which also means that the image reconstructed by LSR method is more
stable than any other methods such as LBP and FBP.

4.4 Convergence Analysis Based on Regularization Parameter

For the purpose of convergence analysis, the regularization parameters generated by GCV method, L curve
and other values are being selected. These values are used to construct the image using LSR method of image
reconstruction process. The values of regularization parameter selected are 0.1, 0.02908 (obtained from GCV
curve), 0.003, 0.0003 and 0.0000557 (obtained from L curve). For the purpose of image convergence analysis,
the image captured by CCD camera as discussed in Sects. 4.3.1 and 4.3.2 is used.

4.4.1 Sample: Test 1

Figure 17 shows the images being compared with different value of regularization parameters to the image
captured by CCD camera.

Figure 17a is the real image which has been captured by CCD camera as discussed in Sect. 4.3.1. Image
in Fig. 17a shows that the high concentration is focused at the top and right of the image, while others are at
the bottom right and left of the image as labeled with A, B and C, respectively. Observation shows that the
image in Fig. 17b and c are similar to the image in Fig. 17a. The other three images as in Fig. 17d–f are totally
different and rejected from the discussion.

Regarding the image stability, the image in Fig. 17c obtains the smallest condition number i.e. 223.54 as
compared to the image in Fig. 17b i.e. 259.91. This indicates that the image in Fig. 17c is quite stable. As a
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Fig. 18 a Image captured by CCD camera. b Image reconstructed by LSR with ß = 0.1. c Image reconstructed by LSR with ß =
0.02590. d Image reconstructed by LSR with ß = 0.04. e Image reconstructed by LSR with ß = 0.003 f Image reconstructed by
LSR with ß = 0.0000557

result, the image reconstructed by regularization parameter obtained from GCV method produces an image
that is more accurate and numerically stable than others.

4.4.2 Sample: Test 2

Figure 18 shows the image being compared to different value of regularization parameters. Figure 18a shows
the image captured by the CCD camera as discussed in Sect. 4.3.2. The highest image concentration area is at
the middle and top of the image as shown in circles and labeled as A. The other high concentration areas are
shown in circles with labels B, C and D.

Figure 18b–f, respectively, are the images reconstructed by LSR with various regularizations parameter
values i.e. 0.1, 0.025908 (obtained by GCV method), 0.003, 0.0003 and 0.0000557 (obtained by L-curve). This
shows that high image concentration areas for images in Fig. 18b and c are similar to the image recorded by
the CCD camera labeled A, B, C and D. However, the image in Fig. 18c is better than the image in Fig. 18b in
terms of its brightness of concentration. This means that the concentration of charges presented by Fig. 18c is
very clear and almost similar to the image captured by CCD camera as shown in Fig. 18a. Otherwise, images
in Fig. 18d–f are different from Fig. 18a and rejected.

In terms of condition number, the image in Fig. 18c produces the smallest condition number (125.95)
compared to the one in Fig. 18b i.e. 3.0×103. This means that the image shown in Fig. 18c is numerically
stable than others. This indicates that the image produced by regularization parameter obtained from GCV
method is acceptable.

5 Conclusion

The successful application of image reconstruction greatly depends on the precision of image reconstruc-
tion algorithm. In this paper, the instability and inaccuracy of the images in EChT are due to the ill posed
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of sensitivity matrix produced by the forward problem. This problem has been analyzed and recovered by
introducing regularization in Standard Thikonov solution called STR. Combination of STR and FBP in image
reconstruction has produced a new image reconstruction algorithm called the least square with regularization
(LSR) for EChT. As a result, LSR method has rectified the previous problems such as inaccuracy and instability
of the images produced by applying previously introduced methods i.e. LBP, FBP and LS. In addition, with
LSR method where its regularization parameter was empirically chosen using GCV method, the proposed
algorithm is efficient to overcome this problem.

The results show that LSR method provides good and promising result in terms of accuracy and stability of
the image being reconstructed. This means that this paper is successful in achieving its objectives as mentioned
earlier. Therefore, for EChT technology to be used in a real industry environment, more work on hardware
and software systems should be carried out to guarantee that the data and algorithm are well organized and
developed.

Although time consuming needed for LSR method to reconstruct the image in EChT is take much time.
However the Eqs. (4) and (13) could be pre-calculated (Filter and Filter STR). As a result there is only one step
operation need for producing LSR image (qLBP × Filter × Filter STR). Therefore, new algorithm is numerically
simple and computationally fast. Its reconstruction speed is similar to that of the LBP algorithm.
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