)

Check for
updates

ARTI: One New Adaptive Elliptical Weighting
Model Combining with the Tikhonov-£,-norm
for Image Reconstruction

Chunhua Zhu"?*®9, Zhen Shi'*?, and Weidong Yang'?*

! Key Laboratory of Grain Information Processing and Control,
Ministry of Education, Henan University of Technology,
Zhengzhou 450001, Henan, China
zhuchunhua@haut. edu. cn
2 College of Information Science and Engineering, Henan University
of Technology, Zhengzhou 450001, Henan, China
3 Henan Key Laboratory of Grain Photoelectric Detection and Control,
Henan University of Technology, Zhengzhou 450001, Henan, China

Abstract. To reconstruct the target-induced attenuation image keeping con-
sistent with the observed measurement data, this paper explores the use of a new
horizontal distance attenuation-based elliptical weighting model in building an
attenuation image, where a horizontal distance attenuation factor and a vertical
distance attenuation factor are introduced, respectively, which is able to clear the
difference of the voxel weightings perpendicular to the line-of-sight (LOS) di-
rection, as well as the difference of the voxel weightings parallel to the LOS
direction. Compared with the existing model, the proposed model can additively
reflect the occlusion effect of the radio frequency signal when the target is close
to the transceiver nodes. Besides, the Tikhonov-{,-norm regularization is
incorporated into the image reconstruction, which makes full use of the sparse
ability of the /,-norm (0 < p < 1) to further reduce the noise interference. The
experimental studies on indoor and outdoor scenarios with radio tomographic
imaging are presented to validate the effectiveness of the proposed approach.

Keywords: Device-free localization + Radio tomographic imaging - Elliptical
weighting model - £,-norm - Horizontal distance attenuation

1 Introduction

Radio tomographic imaging (RTI) technology can image the received signal strength
(RSS) changes of wireless propagation within the wireless sensor networks (WSNs)
area, where several mathematical models are applied to reconstruct images of moving
targets in indoor and outdoor environments with low power and low cost [1]. In an RTI
system, the elliptical weighting model has obtained widely application to derive the
shadowing losses on links between many pairs of nodes in a wireless network, then
image the attenuation of targets. The classical weighting model [2] was first proposed
by Joey Wilson and Neal Patwari, which builds one ellipse by taking any two trans-
ceiver nodes as the elliptical focus; the voxel weightings within the ellipse are all equal
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to one, and zero for the others, that is, the voxel weightings within the ellipse can’t be
distinguished. In 2014, Benjamin R. Hamilton proposed the inverse area elliptical
model [3], which modeled the weight of each voxel as the reciprocal of the minimum
ellipse area containing two sensor nodes and the voxel. The proposed model is able to
distinguish the contribution of each voxel in the ellipse, and obtain greater positioning
accuracy than other models. However, the higher computational complexity makes it
impossible to apply in real time. In 2015, a const-eccentricity elliptical model was
proposed in [4]. In the proposed model, the minor axis parameters of ellipse are
positively correlated with link length, and images can be reconstructed with fewer
voxels, thus noise interference is greatly reduced. But, how to determine the weightings
inside the ellipse has not been considered. In 2019, an adaptive elliptical weighting
model considering both the adjustment of ellipse coverage and the selection of voxel
weighting was proposed in [6], and the indoor positioning and tracking experiments
verify that the model can improve RTI performance. Besides, there are other elliptical
models based on Fresnel diffraction theory, such as saddle surface model [12] and
diffraction model [13, 14]. However, these models no longer define voxel weightings,
but concern RSS changes, which can’t be directly applied to the existing RTI systems.

Reviewing the existing research, for improving the image reconstruction quality
and the positioning accuracy, the voxel weightings in one ellipse should be chosen to
match the actual attenuation of the measurement data, besides, adjusting the range of
the ellipse and selecting the optimal image reconstruction algorithm can deduce the
interference of reconstructed images. In this paper, an innovative elliptical model is
presented, which introduces an adaptive horizontal distance attenuation factor based on
the adaptive elliptical model [6], so that the voxel weightings become a function of the
horizontal distance and the vertical distance between the voxel and the transceiver
nodes, thereby the new elliptical weighting model is able to better match the
measurements.

Besides, a Tikhonov-/,-norm regularization is proposed to solve the ill-posed linear
equations for imaging target position. The Tikhonov regularization is usually applied to
transform the ill-posed problems into well-posed optimization problems [24], the target
position can be estimated from Tikhonov regularized solution, but which is smoother
resulting in inaccurate positioning. Actually, the target only occupies a few voxels in
the whole monitoring area, which satisfies the sparsity of structure. Moreover, the
compressive sensing (CS)-based solutions, such as the least absolute shrinkage and
selection operator (LASSO) [25] and orthogonal matching pursuit (OMP) [5, 16], have
been proven. However, compared with CS-based image reconstruction, Tikhonov
regularized solution [17] can provide higher positioning accuracy. In 2019, Xu [7]
proposed a novel regularized reconstruction method (referred to as Tikhonov-£;-norm
regularization) with the objective function of linearly combining ¢;-norm and ¢,-norm
regularization, which utilizes the correlation and sparsity of attenuated images, there-
fore improves the positioning accuracy and maintains the better imaging quality.

In fact, the optimization model under ¢;-norm sparse constraint needs more
observation data to ensure the positioning accuracy in practical application, and there
are several non-convex reconstruction models are proved to perform better than the /;-
norm at low sampling rate [26], such as £y-norm and /,-norm. However, £y-norm-based
optimization model is a mathematical non-deterministic polynomial (NP) problem.
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Instead, £,-norm (0 < p < 1) [23] can also promote the sparsity of the solution and
avoid making the regular solution smoother. In this paper, the Tikhonov-/,-norm
regularization will be explored in detail for image reconstruction in RTI system.

This paper is organized as follows: in Sect. 2, the principle of RTI and the proposed
adaptive elliptical model are introduced. The £,-norm-based reconstruction method is
presented in Sect. 3. The experiments in indoor and outdoor scenarios are given and
analyzed in Sect. 4. Finally, the conclusion is presented in Sect. 5.

2 Radio Tomographic Imaging

2.1 Introduction of RTI

As illustrated in Fig. 1, there are L sensor nodes deployed around the monitor area, and
the red ellipse represents the target. A communication link or LOS path is established
between any two sensor nodes, and the total number of links can be denoted as
M = L(L — 1). The monitor area is divided into N grids (referred to as voxels). When a
target enters the monitor area, the RSS value will be changed as [8, 15]

y=Wx+n (1)
where y = [y1, y2, ..., yu]” € RM denotes the RSS changes of all the links in the
network, W = [w|,wy,..., WM]T € RM*N means the shadow weight matrix,
Wi = [Wi1,Wi2, ..., Win] € RY, x = [x,x2,.. .,xN]T € RY is the signal fading value in
the voxel, n = [ny,ny, . . ., nM]T € RY is the measurement noise vector.

=
AN
[><
sensor node

communication link

Fig. 1. RTI sensor node deployment.

When reconstructing a target image from measurement data, it needs to search for
an optimal solution under the least-squared (LS) error:
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X.5 = arg min||Wx — y|[3 2)

In RTI system, W is not full-rank, therefore, the LS solution of Eq. (2) will not be
unique. In the classical RTI, the prior information of the attenuation signal x is added to
the solution process as a constraint term, and the attenuation image can be recon-
structed by Tikhonov regularization, the corresponding objective function is expressed
as:

minf(x) = [Wx — y||3 +u;x"C'x (3)

where p; is the Tikhonov regularization parameter [10]. C is the prior covariance
matrix of x, which can be approximately calculated as

€]y~ exp(~ D) @

where dj; is the distance from voxel / to voxel j, and ¢ is a “space constant” correlation
parameter [1].

Setting the gradient of Eq. (3) to zero, the solution of Tikhonov regularization can
be obtained:

X = (W'W4 ) 'wly (5)

here the target location is the voxels with the largest attenuation in the reconstructed
image X.

2.2 Elliptical Weighting Model Considering Horizontal Distance
Attenuation

The weighting model can decide whether a voxel contributes to image reconstruction.
Figure 2 shows the elliptical weighting model in the RTI system, where any two sensor
nodes can be the foci of the ellipse, as Fig. 2(a) for the longest link.

In the classical weighting model [2] (referred to as Model 1), the parameter A for
adjusting the minor axis length of ellipse is a constant, which is obtained by experi-
ments or estimated on-line [11]. If the voxel is within the ellipse, its weight is set to 1;
otherwise, the weight is set to 0. In addition, as shown in link1 and link2 in Fig. 2(b),
the link lengths may be different. Therefore, considering the influence of the link length
on the weight, the weight inside the ellipse needs to be multiplied by the reciprocal of
the square root of the link length:

WiJ':

1 {1 di(1) +dy(2) <di + 4 (6)

Vd; | 0 otherwise

where d; is the length of link i, and d;;(1), d;;(2) are the distances between voxel j and
two sensor nodes, respectively.
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Fig. 2. The elliptical weighting model.

According to Eq. (6), A is a fixed value for different d;. Thereby, the shorter link
length will lead to the bigger elliptical coverage which will introduce more measure-
ment noise.

To solve the above problem, the const-eccentricity weight model (referred to as
Model 2) is proposed in [4], which can be described as

= L1 dy(1) +dy(2) <di+ g -
Y /d 0 otherwise

where dnax corresponds to the length of the longest link.

However, for Model 1 and Model 2, the attenuation contributions of different
voxels in the same ellipse can’t be distinguished, which leads to the mismatching
between the weigh model and the measured data. For improving the positioning per-
formance, an adaptive elliptical weight model (referred to as Model 3) is proposed in
[6], which introduces one distance attenuation factor ¢~" and the adaptive weighing
value is defined as

- e*h d,j(l)+d,j(2)<d,+(/)/1
Wij = { 0 otherwise (8)

where e is the base of the natural logarithm and 7 is the vertical distance from voxel j to
the LOS path, and ¢ is a parameter adjusting the minor axis of ellipse adaptively:

dmax
¢ = )

According to Eq. (8), the weightings of voxels will change inversely with parameter 4.
For the shorter link, the coverage of the corresponding ellipse will become larger, and
there is more valid measurement information for the following image reconstruction.
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In fact, according to the attenuation characteristics of radio propagation, the voxel
weight is not only related to the vertical distance from the voxel to the LOS path, but
also related to the horizontal distance from the voxel to any two sensor nodes. The
closer the voxel is to the sensor node, the greater the occlusion effect is on the node.
Therefore, we can define the greater voxel weight to match the more RSS attenuation.
Combined with the prior information x, that is, the distribution of the attenuation map
accords with the Gaussian process [18, 19], the horizontal and vertical distance
attenuation factors can be expressed as exponential form, which are introduced into the
proposed ellipse model (referred to as Model 4):

(10)

S e*h*e” d,](l)+d,](2)<d,+§0)u
W 0 otherwise

where s is the normalized distance between the projection point of voxel j on the LOS
path and any two sensor nodes.

s = min(ll,lz)/d,-
di=1l+0h (11)

where [, and [, are the distances between the projection point of voxel j on the LOS
path and two sensor nodes, respectively, as shown in Fig. 3.

Elliptical
Model

path

@ Scnsor Node L 2 Voxel j

Fig. 3. Geometry of elliptical weighting model.

According to Eq. (10), our proposed model mainly includes two characteristics.
Firstly, for the pixels in any two ellipses with different coverages, the corresponding
pixel weighting can be distinguished despite of the same min(ly,l;) and k; secondly,
for the pixels in one ellipse, those contribution reflecting path attenuation can be
detailed to match the actual radio propagation.

Under the same link, the voxel weighting distribution of different ellipse model are
shown in Fig. 4(a), Fig. 4(b), Fig. 4(c), Fig. 4(d), the color bar represents voxel
weight, changing from O-1. It can be seen that the weights of the voxels outside the
ellipse are 0. In Fig. 4(a) and Fig. 4(b), the weights of all voxels are constant by Model
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1 and Model 2 respectively. The weights of voxels by Model 3 only change in the
vertical direction to the LOS path, that is, the weights of voxels are only related to the
parameter & as Eq. (8). Besides, compared with Model 1, the other ellipse coverage can
change with own adjustment parameters. In Model 4, the weights of voxels have the
greater weights for the closer distance from the nodes, including the vertical direction
and horizontal direction.

Voxel weightings of model 1 Voxel weightings of model 2

voxel number
R o8 o8
voxel number
PR 8 o8

10 20 30 40 50 60 10 20 30 40 50 60
voxel number voxel number

(a) Model 1 (b) Model 2

Voxel weightings of model 3 Voxel weightings of model 4

P

voxel number
voxel number
8

3
3
2

10 20 30 40 50 60 10 20 30 40 50 60
voxel number voxel number

(c) Model 3 (d) Model 4

Fig. 4. Voxel weightings distribution of different elliptical models.

In order to evaluate the matching degree between the weighting model and mea-
sured data, the experiment of two WSN nodes is carried out as shown in Fig. 5(a), one
target moves from (-1.6, 0) to (1.6, 0) along the LOS path and from (0, —1.1) to (0, 1.1)
along the NLOS path as shown in Fig. 5(b). The collected RSS information in X and Y
direction are shown, respectively, here the normalized RSS values have been fit to
accessible curve. It can be seen that the attenuation trend is symmetrical round the
origin of the axes as in Fig. 5(c) and Fig. 5(d), which is the center of link between two
nodes, and X coordinate represents the horizontal direction of the communication link,
Y coordinate represents the vertical direction of the communication link. From Fig. 5
(c), the RSS attenuation increases steadily when the target moves along LOS path from
the center of link towards one node; and in the horizontal direction of the communi-
cation link of NLOS path, there is the worse RSS attenuation for the shorter vertical
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distance when the target moves near the center of the link. These worse RSS attenu-
ations should correspond to the larger voxel weights, the proposed ellipse model
(Model 4) can reflect the above RSS attenuation characteristics in RTL.

Y(m)

[ R
-1.8 -12 06 0 06 12 18

i de « Measurements * « Measurements
— Fitting curve — Fitting curve

Normalized Attenuation
Normalized Attenuation

15 -1 0.5 0 05 1 L5 12 0.8 04 0 04 08 12
X coordinate (m) Y coordinate (m)

(© (d)

Fig. 5. The verification on the RSS attenuation characteristics in RTIL. (a) the experiment
scenario. (b) Illustration of the experimental setup. (c) RSS attenuation along the LOS path.
(d) RSS attenuation along the NLOS path.

3 TIKHONOV-£,-norm-Based Image Reconstruction

Substituting Eq. (10) into Eq. (5), we can obtain the signal fading value of all voxels x
in the monitoring area, then the Tikhonov regularization can solve the linear equations
as Eq. (3) for imaging target position [24, 27, 28]. In several cases, there will inevitably
appear artifacts and false targets in the reconstructed image because of the RSS
measurement noise and calculation error of fading voxel weightings which will further
deteriorate the quality of reconstructed image for the complex scenarios. Considering
that the solution of the objective function as Eq. (3) satisfies the sparsity of structure,
and combining the correlation among the fading voxels, the £,-norm(0 < p < 1) is
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introduced as a sparse constraint to Eq. (3), then the new objective function can be
obtained.

minf(x) = [Wx = y|I* +ux" C™'x+ po x|} (12)

where pi, is {,-norm regularization parameter.
Sorting Eq. (12), we have

minf(x) = x" (W'W + 1, C)x = 2x Wy +y"y + i, ||} (13)
Since WI'W + 11, C™" is positive definite [7], the Cholesky decomposition is
W'W+u,C!'=Q7Q (14)
Plugging Eq. (14) into Eq. (13), the objective function becomes
minf(x) = [|[Qx — b[|” + po[x||} +¥ (15)

where b = (QT)_IWTy and ¥ = y’y — b’b are constants independent of x. In this
case, Eq. (15) can be transformed into the standard form of /,-norm regularization, but
which is a non-convex optimization problem. Fortunately, there exist several opti-
mization algorithms based on the /,-norm [20-22] for this type of problem.

However, the Tikhonov-£,-norm regularization as Eq. (15) isn’t the mixed norm
[21], and the matrix Q is full rank, so the optimization algorithms in [20, 21] cannot be
directly applied to solve Eq. (15). Considering the complexity of the algorithm, we can
mirror the idea of sparse constrained regularization method [22].

Defining the weight coefficient matrix A

A = diaglay, . . .,qj,...,ay] € RV

@ = (1) 10 (16

where xj’-“l is obtained from the last iteration; ¢ is initialized to 1, k is the number of
iterations. The solution of the kth iteration can be calculated as

' = QT (QY'Q" + i,I) 'b (17)
where T € RV*V is identity matrix, Q is the diagonal matrix.

QF = diag(1./A) (18)
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The detailed iteration process is shown in Algorithm 1.

Algorithm 1 Iteration Process of Image Reconstruction

Input: Matrices b, Q ; Parameters &, p, K, ;Initialize x’=Q\b, k=1;
while §<107° do
Construct the weight coefficient matrix A as
for j=1:N
a,=((x/7) +8)"
end
A=diagla,,a,,...,a,];
QF =diag(1./ A);
Update the matrix x* as:
x'=0'Q"(QR'Q + 4 "b;
if ||[x* —x*7!2 <[5 /100 then
0=0/10;
end
k=k+1;
end
Output: Reconstructed Shadowing Image x*

4 Experimental Validation and Performance Analysis

4.1 Experiment Setup

To verify the effectiveness of the proposed algorithm, several experiments are carried
out in outdoor and indoor scenarios as in Fig. 6(a) and Fig. 6(b), respectively, of which
the monitoring area is a square of 4.5 m by 4.5 m in Fig. 6(a) and 6 m by 6 m in Fig. 6
(b). The relevant experiment parameters are listed in Table 1. In order to suppress the
reflected signal, the flat directional antenna with horizontal beam width of 110° and
vertical beam width of 30° are adapted, and the nodes are placed on the bracket with
the height of 1m from ground. The nodes fully support the IEEE 802.15.4 protocol, and
the maximum transmission power is 4.5 dBm, ensuring to cover the whole monitoring
area. In order to measure RSS of all links quickly, a token-ring-like communication
protocol [1] was adopted. When all nodes complete a round of signal transmission,
RSS measurement information from all links is obtained.
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(a) outdoor scenarios (b) indoor scenarios

Fig. 6. Experimental scenarios.

Table 1. Experiment parameters.

Node Spacing | Voxel Size Node Number | N A

Indoor 15m 01m x 01m 16 3600 | 0.05

Outdoor 12 20251 0.04

4.2 Positioning Performance Evaluation

For evaluating the positioning performance of different ellipse models and recon-
struction methods, there are multiple index relevant to the image quality and posi-
tioning accuracy is adapted.

Defining the image quality o7 of the i-th target position is the difference between
the normalized reconstructed image X, and the true image Xx;,

> _ % —x|
O.i N (19)

Here the true image x; is modeled as a rectangle of 40 cm by 20 cm:

17 i the tar get OCCMpieS Vo.xelj
[X] =
i

0, otherwise (20)

For Ny tested target positions, the average imaging quality and positioning accuracy

respectively is:
Nr
RMSE i) = NL Z
= (21)

Nr
RMSE 1) = NLZ lzx — z?

where 7; and z; represent the estimated value and real value of the k-th target position,
respectively.



ARTI: One New Adaptive Elliptical Weighting Model 219

4.3 Performance Analysis of Different Ellipse Models

Assuming three outdoor target positions with (3.0 m, 3.0 m), (2.3 m, 2.3 m) and
(1.5 m, 0.9 m), and adapting the Tikhonov reconstruction method, the reconstructed
images by Model 1, Model 2, Model 3 and Model 4 respectively are shown as in
Fig. 7. The brightest area is the target position, which is the worst attenuation voxel;
and the energy concentration degree of the brightest area can embody the positioning
performance. It can be seen from Fig. 7 that the proposed Model 4 can show higher
energy concentration degree and the less artifact area for different target positions,
mainly because of perfect matching between the Model 4 and the actual measured data.

(a) Model 1 (b) Model 2 (c) Model 3 (d) Model 4

(e) Model 1 (f) Model 2 (g) Model 3 (h) Model 4

(i) Model 1 () Model 2 (k) Model 3 (1) Model 4

Fig. 7. The reconstructed image of different positions in outdoor scenarios. (a)-(d) position 1.
(e)—(h) position 2. (i)—(l) position 3

In indoor scenarios, for positions (3.0 m, 4.8 m), (1.0 m, 1.2 m) and (4.8 m,
4.8 m), the reconstructed images are shown in Fig. 8. It can be seen that the positioning
performance in indoor scenario is poorer than that in outdoor scenario, mainly rooting
from indoor multipath effects.

The imaging quality and positioning error in different target positions also are
provided as Fig. 9a and Fig. 9b, which is consistent to the conclusion from Fig. 7 and
Fig. 8. The positioning and imaging results are listed in Table 2 lists. Compared with
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the other ellipse models, the imaging quality of Model 4 can be improved by about
15.2%, 9.9% and 3.7%, respectively; and the positioning accuracy of Model 4
increases by 31.8%, 19.9% and 9.8%, respectively.

(a) Model 1 (b) Model 2 (c) Model 3 (d) Model 4

o) '! ‘
|~ ‘ |
(e) Model 1 (f) Model 2 (g) Model 3 (h) Model 4

(i) Model 1 () Model 2 (k) Model 3 (1) Model 4

Fig. 8. The reconstructed image of different positions in indoor scenarios. (a)—(d) position 4.
(e)—(h) position 5. (i)—(1) position 6.

035

—+—Model |
o1b % -Model2
| —A—Model 3
o Model 4

03

Imaging Quality Error

0.06,

0.04 - ; - 01
1 2 3 4 5 6 1 2 3 4 s 6
Position

(a) Imaging quality (b) Positioning error

Fig. 9. Positioning performance in different target positions.
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Table 2. Positioning performance of different ellipse models.

Model 1 | Model 2 | Model 3 | Model 4
Imaging Quality RMSE;,,,¢) 0.3154 10.2969 |0.2778 |0.2676
Median 0.2862 [0.2762 |0.2522 |0.2418
Standard Deviation | 0.0355 |0.0351 |0.0272 |0.0291
Positioning Accuracy | RMSE 0.2366 |0.2013 |0.1789 |[0.1613
(m) Median 0.1696 |0.1937 |0.1500 |0.1458
Standard Deviation | 0.0859 |0.0442 |0.0261 |0.0264

4.4 Comparative Analysis of Different Image Reconstruction

The proposed Model 4 is selected as the ellipse model in RTI, and positioning per-
formance of the proposed Tikhonov-/,-norm-based image reconstruction is compared
with the existing Tikhonov regularization [24, 27] and ¢;-norm regularization [7, 25,
29], respectively. The parameters of different image reconstruction methods are listed
in Table 3, and the reconstructed images are shown in Fig. 10 for the outdoor scenarios
and Fig. 11 for the indoor scenarios.

Table 3. Image regularization reconstruction parameters.

Parameter | Value | Description
m 30 Tikhonov regularization [24, 27]
Ly 2.2 | {,-norm regularization
e 20 £;-norm regularization [7, 25, 29]
P 0.4 Selection of norm p value
(a) Tikhonov (b) Tikhonov-¢, (c) Tikhonov-£,

Fig. 10. Reconstruction results of position 1 in outdoor scenarios.

(a) Tikhonov (b) Tikhonov-¢; (c) Tikhonov-£,

Fig. 11. Reconstruction results of position 4 in indoor scenarios.
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Compared with Tikhonov regularization as Fig. 10(a) and Fig. 11(a), the Tikho-
nov-£;-norm and Tikhonov-/,-norm regularization can further reduce the artifacts in
reconstructed image, mainly because of consideration the sparsity of the attenuated
image, thereby the smaller attenuation components from noise and multipath inter-
ference will be suppressed in sparse reconstruction; for 0 < p < 1, Tikhonov-£,-norm
has the stronger ability of sparse reconstruction, resulting in the higher energy con-
centration and the less residual artifacts in the reconstructed images as Fig. 10(c) and
Fig. 11(c). The corresponding imaging quality and positioning accuracy are shown in
Table 4, and Fig. 12 for different target positions. From Table 4, the proposed RTI
system can improve the average positioning accuracy (RMSE ;) by 10.2% (compared
to Tikhonov) and 5.0% (compared to Tikhonov-£;-norm); and the imaging error can
reduce by 48.0% (compared to Tikhonov) and 19.1% (compared to Tikhonov-/;-
norm). For different targets positions, the proposed Tikhonov-£,-norm regularization
can also show its superiority over the existing reconstruction methods as Fig. 12.

Table 4. RMSE of different reconstruction methods.

Tikhonov | Tikhonov-/, | Tikhonov-£,,
Imaging Quality RMSE ;) 0.2676 0.1720 0.1391
Median 0.2418 0.1609 0.1311
Standard Deviation | 0.0291 0.0228 0.0303
Positioning Accuracy | RMSE 0.1613 0.1526 0.1449
(m) Median 0.1458 0.1360 0.1323
Standard Deviation | 0.0264 0.0131 0.0179

0.08

0.18

0.16

¥
T
O(JZN 012

Position Position

(a) Imaging quality (b) Positioning error

Fig. 12. RTI performance curves of different reconstruction methods.

5 Conclusions

This study describes one new imaging model in RTI system, which mainly involves the
following works: 1) the horizontal distance attenuation factor is firstly introduced to the
adaptive elliptical model for computing the voxel contribution in monitoring area with
higher sensitiveness on shadowing effects, 2) considering the sparsity, Tikhonov-£,-
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norm-based image reconstruction (0 < p < 1) is combined into the imaging model,
when the value of parameter p is smaller than 1, the regularization parameter u, is far
less than the existing Tikhonov regularization and ¢;-norm regularization, which will
make the reconstructed image more sparse, thereby the proposed imaging model can
provide the higher energy concentration of the target position and the less artifacts in
reconstructed image. It should be noted that the optimal parameter p can only be
decided by experiments in the proposed Tikhonov-/,-norm-based image
reconstruction.
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