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Abstract: Due to the short wavelength of millimeter-wave, active electrical scanning millimeter-wave imaging
system requires large imaging scenarios and high resolutions in practical applications. These requirements lead
to a large uniform array size and high complexity of the feed network that satisfies the Nyquist sampling
theorem. Accordingly, the system faces contradictions among imaging accuracy, imaging speed, and system

cost. To this end, a novel, Credible Bayesian Inference of near-field Sparse Array Synthesis (CBI-SAS)
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algorithm is proposed under the framework of sparse Bayesian learning. The algorithm optimizes the complex-
valued excitation weights based on Bayesian inference in a sparse manner. Therefore, it obtains the full
statistical posterior Probability Density Function (PDF) of these weights. This enables the algorithm to utilize
higher-order statistical information to obtain the optimal values, confidence intervals, and confidence levels of
the excitation weights. In Bayesian inference, to achieve a small number of array elements to synthesize the
desired beam orientation pattern, a heavy-tailed Laplace sparse prior is introduced to the excitation weights.
However, considering that the prior probability model is not conjugated with the reference pattern data
probability, the prior model is encoded in a hierarchical Bayesian manner so that the full posterior distribution
can be represented in closed-form solutions. To avoid the high-dimensional integral in the full posterior
distribution, a variational Bayesian expectation maximization method is employed to calculate the posterior
PDF of the excitation weights, enabling reliable Bayesian inference. Simulation results show that compared
with conventional sparse array synthesis algorithms, the proposed algorithm achieves lower element sparsity, a
smaller normalized mean square error, and higher accuracy for matching the desired directional pattern. In
addition, based on the measured raw data from near-field 1D electrical scanning and 2D plane electrical
scanning, an improved 3D time domain algorithm is applied for 3D image reconstruction. Results verify that

the proposed CBI-SAS algorithm can guarantee imaging results and reduce the complexity of the system.

Key words: Millimeter-wave imagery; Bayesian inference; Sparse array synthesis; Hierarchical Bayesian;

Variational Bayesian expectation maximization
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Fig. 1 Geometric model of millimeter-wave electric scanning

circumferential 3D imaging system
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Abstract: Due to the short wavelength of millimeter-wave, active electrical scanning millimeter-wave imaging
system requires large imaging scenarios and high resolutions in practical applications. These requirements lead
to a large uniform array size and high complexity of the feed network that satisfies the Nyquist sampling
theorem. Accordingly, the system faces contradictions among imaging accuracy, imaging speed, and system
cost. To this end, a novel, Credible Bayesian Inference of near-field Sparse Array Synthesis (CBI-SAS)
algorithm is proposed under the framework of sparse Bayesian learning. The algorithm optimizes the complex-
valued excitation weights based on Bayesian inference in a sparse manner. Therefore, it obtains the full
statistical posterior Probability Density Function (PDF) of these weights. This enables the algorithm to utilize
higher-order statistical information to obtain the optimal values, confidence intervals, and confidence levels of
the excitation weights. In Bayesian inference, to achieve a small number of array elements to synthesize the
desired beam orientation pattern, a heavy-tailed Laplace sparse prior is introduced to the excitation weights.
However, considering that the prior probability model is not conjugated with the reference pattern data
probability, the prior model is encoded in a hierarchical Bayesian manner so that the full posterior distribution
can be represented in closed-form solutions. To avoid the high-dimensional integral in the full posterior
distribution, a variational Bayesian expectation maximization method is employed to calculate the posterior
PDF of the excitation weights, enabling reliable Bayesian inference. Simulation results show that compared
with conventional sparse array synthesis algorithms, the proposed algorithm achieves lower element sparsity, a
smaller normalized mean square error, and higher accuracy for matching the desired directional pattern. In
addition, based on the measured raw data from near-field 1D electrical scanning and 2D plane electrical
scanning, an improved 3D time domain algorithm is applied for 3D image reconstruction. Results verify that
the proposed CBI-SAS algorithm can guarantee imaging results and reduce the complexity of the system.
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quently occurred internationally, posing chal-
lenges to the development and stability of human
society. Therefore, higher requirements have been
put forward for security equipment in places with
high traffic, such as civil airports, bus terminals,
and train stations. Traditional security inspec-
tion equipment includes handheld metal detectors,
X-ray security inspection machines, and so on.
Among them, handheld metal detectors can de-
tect metallic dangerous goods, but are ineffective
for non-metallic sones, and their detection range
is limited, resulting in low detection efficiency!!l.

The X-ray security inspection machine is superi-
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or to metal detectors in terms of detection effi-
ciency and accuracy, but the ionization of X-rays
can cause radiation damage to human health and
is not suitable for security inspection. With the
rapid development of millimeter-wave devices and
integrated circuit technology, security inspection
technology based on millimeter-wave three-dimen-
sional (3D) imaging has become a research hot-
spot. The frequency band of millimeter-waves is
between 30—300 GHz, and the wavelength is in
the range of 1—10 mm. It can easily penetrate
the surface clothing of the human body to detect
hidden dangerous goods without the blackbody ef-
fect, and it will not cause radiation accumulation
in the human body®”. However, in actual security
check situations, it is necessary to cover a large
imaging range and achieve high imaging resolu-
tion. However, the wavelength of millimeter
waves is relatively short, and for a uniform array
that meets half the wavelength, the system re-
quires a large number of transmitting and receiv-
ing antenna elements. The number of array ele-
ments is huge, and working in the high frequency
band may result in mutual coupling between ar-
ray elements, leading to complex system design,
difficult engineering implementation, and high
costl®l. Nowadays, traditional 3D reconstruction
algorithms are mostly used in millimeter-wave ar-
ray imaging, which makes it difficult to achieve
real-time high-resolution imaging. Because of this,
traditional array imaging faces the contradiction
between imaging accuracy, imaging speed, and
system cost in practical engineering applications,
making it difficult to reconcile.

In millimeter-wave security imaging, to im-
prove the focusing effect of near-field energy, the
security system can use a beam pattern with the
appropriate SideLobe Level (SLL), main lobe
width, and directionality to capture the 3D in-
formation of the human body. In recent years,
scholars at home and abroad have proposed many
analytical methods to solve the problem of an-
tenna array synthesis, including the Duff Cheby-
shev and Taylor methods for uniformly distrib-
uted antenna arrays!®® which reduce the peak
SLL but increase the main lobe width. In addi-

tion, these uniformly distributed and equidistant
arrays require a large number of elements, high
hardware costs, and high computational complex-
ity to obtain high-resolution images. To solve
these problems, sparse array synthesis technology
has emerged, which can not only effectively re-
duce the number of required array elements, but
also ensure appropriate beam patterns. The goal
of sparse array synthesis technology is to optim-
ize the spatial response performance of antenna
arrays based on certain constraints, such as ele-
ment arrangement, weight range, main lobe width
and SLL, to obtain the minimum number of ele-
ments required to achieve specific spatial re-
sponse performancel®’. At present, sparse array
synthesis mainly focuses on the far-field aspect.
Lemaitre-Auger Pierre used a subsampled distri-
bution to expand the cell spacing, which could
only suppress the generation of pseudo-Bessel
beams!”. Li Peng fa proposed a subarray-based fo-
cused array antenna to reduce the number of an-
tennas, but its SLL is relatively high!®!,
RUDOLPH D L uses a genetic algorithms to syn-
thesize controllable SLL sparse arrays”. However,
the method of random optimization is time-con-
suming and has the problem of local convergence.
Compressed Sensing (CS) has the advantage of
determining the optimal solution and has been
widely applied in various research fields, such as
biomedical and sparse array synthesis. To obtain
the array with the minimum sparsity in sparse ar-
ray synthesis, prior and likelihood information are
introduced. OLIVERI G respectively adopted
single-task Bayesian CS (BCS) Yand multi-task
Bayesian Compressed Sensing (BCS)!'!l, both of
which were solved by a Relevance Vector Ma-
chine (RVM), effectively solving the problem of
sparse array synthesis. Because the excitation of
the array is composed of amplitude and phase, it
is a complex number. However, single-task BCS
can only solve real number excitation problems,
whereas multi-task BCS is suitable for solving
complex excitation problems. However, both are
based on point estimation, and the adaptability of
excitation weights is not strong. Therefore, most

existing sparse array synthesis techniques focus on
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the sparsity process of far-field uniform arrays,
and face problems such as difficulty in solving,
local convergence, and weak weight adaptability.
However, there is little research on sparse array
imaging processing.

After obtaining echoes through the designed
sparse array, high-resolution imaging is per-
formed. Near-field sparse array imaging com-
monly uses time-domain and frequency-domain
imaging algorithms. A typical near-field time-do-
main imaging algorithm is the Back Projection
Algorithm (BPA), which has a simple and easy to
implement imaging principle!'? and can be ap-
plied to various imaging scenarios. However, time-
domain algorithms first need to partition the ima-
ging scene into grids, and then coherently accu-
mulate the imaging for each point to ensure ima-
ging accuracy. The computational complexity is
proportional to the number of array elements and
the number of pixels in the imaging scene, which
results in lower computational efficiency when ap-
plied to 3D imaging. Compared with time-do-
main algorithms, frequency-domain algorithms
transform the echo signal into the spatial domain
for compensation, avoiding the need to divide the
imaging scene into grids, reducing computational
complexity, and improving efficiency. A typical
near-field frequency-domain imaging algorithm is
the Range Migration Algorithm (RMA), which re-
quires interpolation to compensate in the
wavenumber domain during the imaging process?.
However, a finite length interpolation kernel func-
tion can introduce truncation errors and reduce
imaging accuracy. Therefore, there is a contradic-
tion between imaging accuracy and imaging
speed, which makes it difficult to meet the cur-
rent needs of human security imaging.

Based on the aforementioned analysis, this
paper proposes a trustworthy inference near-field
sparse synthesis array 3D millimeter-wave ima-
ging algorithm, which models near-field sparse ar-
rays as a pattern matching problem. The error
between the synthesized sparse array pattern and
the expected target pattern is equivalently trans-
formed into a Bayesian inference problem. BCS is

used to determine the array with the minimum

sparsity that is close to the target reference pat-
tern. The algorithm first models the complex ex-
citation weights as Laplacian priors. Due to the
non-conjugate nature of the prior and likelihood,
hierarchical Bayesian modeling is performed based
on the prior modeling to construct the relation-
ship between the likelihood function and Lapla-
cian prior parameters, and then, the posterior
probability density function of the complex excit-
ation weights is derived. In addition, to ensure
the closed analytical solution of the posterior
probability density function, the Variational
Bayesian Expectation Maximization (VB-EM)
method is applied to calculate the posterior prob-
ability density functions of the complex array
weights and their hyperparameters based on the
Gaussian Seidel iteration strategy. Finally, using
the results of the posterior probability density
function, the analytical optimal value, confidence
interval, and confidence level of the complex ar-
ray weights are obtained, thereby achieving an
analytical indication of the dynamic changes in
the complex array weights. In terms of image pro-
cessing, the designed sparse array receives human
echo data and performs dimensionality processing.
In the height distance dimension, the Fast Factor-
ized Back Projection (FFBP) algorithm is used to
decompose the array into multiple sub-apertures.
Then, adjacent sub-images are recursively fused
through linear interpolation to complete the two-
dimensional (2D) reconstruction of the height dis-
tance dimension. In the azimuth distance dimen-
sion, the BPA is used to complete the 2D recon-
struction of the azimuth distance dimension. This
paper quantitatively analyzes the proposed meth-
od by comparing it with traditional sparse array
synthesis methods in the simulation experiments.
While keeping the aperture unchanged, the
sparsity of the array elements is smaller, and the
matching accuracy between the synthesized direc-
tional pattern and the target directional pattern
is better. The measured data via both one-dimen-
sional (1D) electrical scanning and 2D planar full
electrical scanning experiments shows that the
sparse array designed in this paper achieves a

good balance between imaging accuracy, imaging
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speed, and system cost, while maintaining the
same level of sparsity. The effectiveness and su-
periority of the method proposed in this paper are
verified through simulation comparison and exper-
imental verification. The high accuracy of the
sparse array reconstruction designed in this pa-
per is validated by the measured data of 1D elec-
trical scanning and 2D planar full electrical scan-

ning.

2  Electrical Scanning Imaging System
and Signal Model

The millimeter-wave electric scanning ima-
ging system adopts a linear array electrical scan-
ning in the height dimension and a circular scan-
ning in the azimuth dimension to form a 2D syn-
thetic aperture, to achieve the multi-angle obser-
vation capability. This can reduce the number of
image reconstructions and improve the scanning
efficiency of the system!**), while also collecting 3D
echo data, which is very suitable for close range
security imaging. The geometric model of the mil-
limeter-wave circumferential scanning imaging
system is shown in Fig. 1. A 3D polar coordinate
system is established with the origin O(R,0,2),
and the person being tested stands at the center

of the cylinder. The antenna array forms a Ah
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Fig. 1 Geometric model of millimeter-wave electric scanning

circumferential 3D imaging system

uniform linear array with a spacing of in the Z-
direction. The linear array is centered R, around
the Z-axis, and the antenna rotates around the Z-
axis with a radius. After scanning the target at
each position, the antenna array moves to the
next position to continue scanning until the end.
The scanning in two dimensions forms a cylindric-
al scanning surface. The 6 angle between the posi-
tion of the antenna array and the X-axis is
defined as the angle interval between each mo-
tion. The A# pitch beamwidth of the antenna and
the rotation range of the linear array determine
the 2D resolution of height and azimuth.

In the millimeter-wave electrical scanning cir-
cular 3D imaging system, to ensure imaging resol-
ution, a large time bandwidth signal is usually
used, and the common large time bandwidth sig-
nal is a linear frequency modulation signal, whose

mathematical expression is expressed as follows:

s¢(t) = rect (;p) exp {j27‘( (fct + %t2>} (1)

where t represents fast time, rect(-) is a rectangu-
lar window function, 7}, represents the time width
of the transmitted signal, f. represents the center
frequency of the signal (i.e., the carrier
frequency), and ~ is the frequency modulation
slope of the linear frequency modulation signal.
The position of the antenna unit M, is
(Rocosf, Rosinf, z). The position of the target
scattering point P; is (z,yi, 2); then, the dis-
tance from the antenna unit M, to the target

scattering point P; is expressed as follows:

R(6; z)

= \/(Ro cosf — x;)° + (Rosin® —y;)* + (2 — 2)°
(2)
After a delay, the P; original echo signal M,
received by the antenna unit from the target scat-
tering point is given by the following:
s:(t,0, 2)
— o;rect (75—7(9z)>
T,
. . . Yo . 2
exp {JQT( [fc(t 7(6;2)) + 5 (t—71(0;2)) }%
3)

where o; is the ¢ backscattering coefficient of the
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target scattering point, and the echo delay can be
expressed as 7(0;z) = 2R(0;z)/c,

The echo signal obtained by down converting

Eq. (3) is expressed as follows:

t—7(6;
s(t, 0, z) =o;rect (;i’z)>
oxp { —j2nfer(6;2) + ma(t - 7(6:2))° |

(4)
The pulse compression of Eq. (4) is per-
formed through matched filtering, usually select-
ing the time-domain flipped conjugate signal of
the linear frequency modulation part of the trans-
mitted signal as the matched filter for pulse com-

pression, which can be expressed as follows:

h(t) = exp{—jmy(~t)*} ()
The process of pulse compression is usually
achieved by multiplying the frequency domain of

the signal, which is written as follows:
so(t,0,2) = FFT YFFT[s(t,0,z2)] - FET[h(t)]}

_ oysine (’fTW) exp(—i2nfe7(0; 2))
(6)

where FFT! represents the inverse fast Fourier
transform. From Eq. (6), it can be seen that, after
the pulse compression processing of the matched
filtering, the echo signal exhibits a sinc function-
al form in the distance time domain, indicating
that the echo has completed the focusing in the
distance dimension, but still needs to be focused

in the azimuth and altitude dimensions.
3 Sparse Array Synthesis

BCS is one of the existing techniques for syn-
thesizing the expected radiation pattern with the
minimum sparsity of the array, which has signific-
ant advantages, such as flexibility and high com-

1l However, there is still

putational efficiency!
little research on using Bayesian learning for near-
field sparse array synthesis. In the framework of
sparse Bayesian learning, this paper models the
near-field sparse array synthesis problem as a pat-
tern-matching problem. Because the pattern-
matching problem is a Non-deterministic Polyno-
mial (NP) problem with polynomial complexity, it

is difficult to solve using deterministic methods.

Therefore, the sparse array synthesis problem is
further formulated as a BCS model. In Bayesian
learning, considering the problem of large array
size and a large number of elements in reality,
this paper aims to use as few elements as possible
to synthesize the expected directional pattern.
Therefore, heavy-tailed Laplacian sparse priors
are applied to the complex excitation weights,
and the priors are hierarchically modeled. Finally,
Bayesian inference is used to solve the complete
posterior probability density function of the op-
timal sparse array excitation, and its confidence
interval and confidence are obtained.

3.1 Array complex excitation hierarchical
Bayesian modeling

This paper considers an equivalent model of a
circular cylindrical linear array with N uniformly
isotropic elements. Before performing sparse syn-
thesis on the near-field array, because the signal
received by the receiving end of the near-field ar-
ray is a spherical wave radiated toward it by the
target, it is necessary to first model the near-field
focusing array of the uniform array!'®, and then
use this model as the basis for sparse array syn-
thesis. This paper focuses on targets at different
heights using the same array antenna, which is al-
ways distributed on the Z-axis of the height di-
mension. The aperture length of the array is 1.8 m.
When the array antenna rotates to a certain azi-
muth position, the 3D coordinate system is trans-
formed into a 2D coordinate system, and a near-
field array focusing model is established at any
azimuth, as shown in Fig. 2. The element at the
physical center of the array antenna is taken as
the reference element O(0,0), which is denoted as
the reference origin of the Cartesian coordinate
system (assuming the total number of elements is
odd).

This paper uses the Cartesian coordinate sys-
tem to model the near-field array model; hence,
only straight lines parallel to the array can be
truncated, which is called the focal line. When the
focal line is slightly larger than the array, the ar-
ray performs better and has higher efficiency
within this range!'”’. For the application scenario
of millimeter-wave security check, the distance
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Fig. 2 Focusing model of near-field linear array in a Cartesian
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coordinate system with arbitrary orientation

between the center of the human body and the
height dimension Z-axis is 0.628 m. Therefore, the
distance between the focal line and the height di-
mension Z-axis is set to 0.628 m. As shown in
Fig. 2, focal line 3 is selected. To minimize mutu-
al interference and coupling between antennas,
the scattering point P at the center of focal line 3
is chosen as the point with the maximum gain,
that is, the near-field array modeling is carried
out in the orthogonal direction of the antenna ar-
ray to improve the focusing performance of the
antenna array. For any scattering point in space
K (xy, zx), the vector pointing from the reference
point O to the scattering point K is 7, the vec-
tor pointing from the reference point O to the
nelement with sequence number is r,, and the
nvector pointing from the element with sequence
number in the array to the scattering point K is
Thn =T, — Ty. Then, the electrical field radiated
by the n element with the sequence number at
the scattering point K is expressed as follows:

e_j2“|7'k, nl/A

En(rk) = f0(97 w)wn

7k, nl
e*j2ﬂ|7'k*7‘n|/)\

= fo(0,¥)wn (7)

|re — rn|
where A is the working wavelength of the array
antenna, fo(0,1) represents the element factor of

the directional pattern of the array elements. This

paper assumes that each element is an ideal omni-

directional antenna (i.e., the element factor

f0(97¢) =

corresponding to the numbered element n. By as-

1); wy is the complex excitation weight

suming that all elements in a linear array are iso-
tropic, the interference caused by mutual coup-
ling between elements can be ignored, signific-
antly simplifying the analysis and calculation of
the array synthesis. The basic principles of a reli-
able inference sparse array synthesis algorithm are
highlighted, and a preliminary design of sparse ar-
rays is proposed. In practical systems, array ele-
ments usually have certain directionality and dif-
ferent responses in different directionalities. Om-
nidirectional array elements are assumed to be
unable to capture the impact of the deviation
caused by this directionality on imaging. The next
step will consider calibrating the phase error
caused by array directionality!'®l. Therefore, the
electrical field radiated by the array antenna of N
elements at the scattering point K can be ex-

pressed as follows:

o—i2nlri—ral /A

Z O el ®)

Under near-field millimeter-wave security in-
spection, the human body being tested is a 3D ob-
ject. Therefore, r; in E(ry) is replaced with the
distance vector in the near-field observation area
to form the beam pattern in the observation area.
Based on the superposition principle, the electric-
al field radiated by the linear array at the obser-
vation point E(r) in the near-field area is repres-

ented as follows:

where 7 is the distance vector from the near-field
observation point to the reference point. By dis-
cretization, Eq. (9) is rewritten in matrix form as
follows:

FE = dw (10)
where E = [E(ro1), E(roz2), -,

the sample vectors at K different observation pos-

E(rok)] contains

itions, w = [wy, wa, -, wx|T is the complex excita-

tion weight vector of N elements, the position of
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each element in w represents the position of the
antenna element, and the size of each element
represents the amplitude of the antenna element

exp(—j2x [ro1—r1| /)

exp(—j2m [ro1—mra| /A)

excitation. Under near-field millimeter-wave se-
curity inspection, the directional vector matrix &
can be written as follows:

exp(—j27 |ro1—rn| /M)

|7’01—7“1| |7‘o1—7°2| \7“01—7‘N\
; (11)
exp(—j2m |rox —r1| /A)  exp(—j2n|rox—mra| /N) exp(—j2w [rox —7rn| /N
|7‘OK—7“1\ |"“0K—7‘2| |7‘OK—"“N|
E.=dw+e (13)

The purpose of sparse array synthesis is to
find the array with the least number of elements
and the complex excitation weights of the correl-
ated elements, so that its radiation pattern
matches the expected reference pattern E, with
a matching error of e. Then, this problem can be
transformed into an ¢y-norm constrained pattern-
matching optimization problem, and the match-

ing model is shown in the following equation:

min [|w|, s.t. || Bt — Pwl3 < e (12)

where | - ||, represents the {yp-norm, which con-
strains the number of non-zero complex excita-
tion weight w, and the number of complex excita-
tion weight w is the number of elements in the ar-
ray. Constraining the number of non-zero com-
plex excitation weights is equivalent to constrain-
ing the number of non-zero elements in the array.
|| - ||, represents the f5-norm, which constrains the
matching accuracy between the sparse array syn-
thesized directional pattern and the reference dir-
ectional pattern, Es= [Ewt(ro1), Ewt(roz), -,
E.i(rox)|! € CK is the sample vector of the near-
field reference directional pattern at K different
observation positions, and e = [e(ro1),e(ro2), -,
e(rox)] € CK is the zero-mean complex Gaussi-
an error vector with an accuracy of j3.

The problem represented by Eq. (12) is an
NP-hard problem that is difficult to solve using
deterministic methods. Random optimization may
be a suitable method to solve this problem, but it
faces the problem of local convergence!'”’ and has
poor performance due to complex high-dimension-
al problems. BCS has been used in far-field sparse

array synthesis!'

. To express the near-field sparse
array synthesis problem as a BCS problem, the
ly-norm constraint in Eq. (12) is further ex-

pressed as follows:

In order to find the array with the minimum
number of elements and the complex excitation
weights of the elements, so that the radiation pat-
tern matches the expected reference pattern, it is
difficult to transform Eq. (12), which uses determ-
inistic methods, into Eq. (13), which formulates
the problem as a Bayesian compressive sensing
approach. Essentially, the problem of minimizing
the fo-norm of the complex excitation weight w in
Eq. (12) is transformed into the problem of solv-
ing the complete posterior distribution of the
complex excitation weight w in Eq. (13).

Assuming that the error e follows a 3 zero-
mean symmetric complex Gaussian distribution
with an accuracy of, the E.: likelihood function
of the reference pattern can be obtained as fol-

lows:

p<Eref|wa/8) CN

( ) exp (B | Bu—Bw]3)  (14)

Considering the randomness of errors, the er-

ref |¢wa /6 1I>

ror accuracy G is modeled as a Gamma distribu-

tion, as follows:

" B exp(—dB)

p(Ble,d) = i
(15)

Gamma(8|c,d) =

where I'(c) =/ t“"*e~'dt is the Gamma func-
0

tion, d is a constant parameter®!, and ¢ can be
taken as 107 based on empirical values.
Considering that the array size is too large
and the cost is too high in reality, this paper ap-
plies heavy-tailed Laplacian sparse priors to the
complex excitation weight w to synthesize the de-
sired radiation pattern with fewer array

[21,22]

elements?'?2. After obtaining the prior model and

likelihood function of the complex excitation
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weights, the joint posterior distribution of the
complex excitation weights can be obtained based
on Bayesian principles, and then, the posterior
analytical solution of the complex excitation
weights can be solved based on Bayesian infer-
ence. However, due to the non-conjugate nature
of the heavy-tailed Laplacian sparse prior and
Gaussian likelihood function, it is not possible to
derive a closed-form analytical solution for the
posterior probability density function. Therefore,
this paper introduces intermediate hyperparamet-
ers to perform hierarchical Bayesian modeling on
the Laplacian sparse prior model with heavy tails,
to achieve the solution of the complete posterior
probability density function of complex excita-
tion weights.

In the first step of the hierarchical model, this
paper models w as a complex Gaussian distribu-
tion that depends on hyperparameter a. The

(5
exp | ———
T Q5

Due to the inherent smoothness of Gaussian

modeling is written as follows:

N

N
plwla) = HCN(W 0, ;) = H

=1 =1

functions, Eq. (16) does not belong to the sparse
distribution range. To promote the sparsity of pri-
ors and simplify the derivation of posterior distri-
butions, this paper selects the gamma distribu-
tion conjugate with Gaussian distribution as the
prior of hyperparameter e and models the hyper-
parameter « in the second step of the hierarchic-

al model, as follows:

—

o
Il
-

p(ala,b) = || Gamma(w; |a,b)

FZE:) a2t exp(—ba;) (17)

L

=1

According to Egs. (16) and (17), the edge dis-
tribution of the complex excitation weight w can
be calculated, i.e., p(w) = /p(w la)p(e|a,b)de,

When the value of a is 1.5, the edge distribution
20

follows a Laplace distribution®, and b based on
empirical values, b can be taken as 10 °. The
probability models of parameters and hyperpara-

meters in the hierarchical Bayesian model are

shown in Fig. 3. In Fig. 3, E. represents the ref-
erence direction diagram, w represents the com-
plex excitation weight, and «, 8 represents the
introduced hyperparameter random variables. The
layering of w and a can simplify the model by
making non conjugate problems solvable. The
dashed boxes a, b, ¢, and d are all fixed parameters.
3.2 Array complex excitation variational infer-
ence solution

According to the Bayesian hierarchical model
given in Section 3.1, the joint posterior probabil-
ity distribution of the incentive weight w and hy-
perparameters a and 3 is calculated using

Bayesian inference theory, as follows:

P(Eret |w,8 )p(w [ )p(a)p(B)

p(w,a,,@ |E1~ef) = p(Eref)

(18)
The numerator in Eq. (18) can be obtained
from Egs. (14) to (17). However, it is necessary to
calculate the complete posterior distribution of
the complex excitation weight w to optimize the
number of elements in the array. However, calcu-
lating the denominator term in Eq. (18) requires
multidimensional integration, which is difficult to
handle. For reasonable accuracy and efficiency,
VB-EM is a typical deterministic approximation
algorithm that can effectively infer the hidden
random variables and obtain the posterior distri-
bution analytical solutions of random variables
through the expectation maximization method.
This paper considers w, a, 3, E,s as ran-
dom variables, where E, can be measured and is
an explicit random variable and w, «, 3 cannot
be directly measured and is an implicit random
variable. An implicit random variable is included
in the combination of random variables
Z={w, a, B}. The posterior probability density
functions of these implicit random variables can
be obtained by solving VB-EM. The logarithmic

Error
variable
Reference Prior stratification
pattern

Fig. 3 Bayesian graphic model
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likelihood function of Eq. (14) can be expressed as

follows:
In p(Eyer) = ELBO(q) + KL(q [|p) (19)
where
_ n p(Ereﬁ Z)
ELBO(q) = /q(Z)l <q(z) )dZ (20)

KL(alp) = - [ oz)m (12120

Here, ¢(Z) is the approximate posterior prob-

)dZ (21)

ability density function, ELBO(q) represents the
lowest evidence lower bound, and KL(g||p) rep-
resents the divergence (KL) between the prior
probability density function p(Z |E,) and the ap-
proximate posterior probability density function
q(Z). Because KL(gq||p) > 0, therefore Inp(E,s)>
ELBO(g), the increase in the logarithmic likeli-
hood function is always greater than the increase
in the lower bound, ensuring the convergence of
the algorithm with the lowest evidence lower
bound.

In the VB-EM algorithm, based on the as-
sumption of mean field theory, we can simplify
the derivation by factoring ¢(Z). Thus, ¢(Z) can
be approximated as follows:

9(Z) = q(w)q(e)q(B) (22)

Based on the factorization of Eq. (22), the

VB-EM algorithm maximizes the lower bound

ELBO(q) relative to ¢. By substituting Eq. (22)

into Eq. (20), the corresponding solution for the
random variable can be obtained as follows:

4(Z;) = exp{< Inp(Eret, Z)>q(z)/q(z;) } Tconst (23)
where i =1, 2, 3 corresponds to the posterior
probability density function number of o, w, 3,
and < ->,(z)/q(z,) represents the Z; expected op-
erator Z with respect to anything other than Z.
According to Eq. (23), the Z approximate posteri-
or probability density function of each element in
Z can be inferred.

The approximate posterior probability dens-
ity function of the complex excitation weight w is
written as follows:

4(w) ~ exp{< Inp(Eret |w, B)p(w |t)>g(a)q(8)
+ const} (24)

By substituting Egs. (14) and (16) into Eq. (24),
it can be concluded that the complex excitation

weight w follows a complex Gaussian distribution,

as follows:
N
gw) ~ ] ON (w |, 2) (25)
m=1
where
p=<p8>3P"E,, (26)
= (<B>dbr<A>)" (27)

Here, A = diag(afl,agl,m,ag,l), (~)_1 is the
inverse operator, H is the conjugate transpose op-
erator, and the mean of Eq. (26) can be under-
stood as the optimal value of the sparse complex
excitation weight w. When the value of the com-
plex excitation weight is less than 0.03 times the
maximum value, the complex excitation weight is
set to zero, and there are no elements at that pos-
ition. Eq. (27) is the covariance matrix. Based on
the set significance level, the upper and lower
confidence limits of the optimal value can be cal-
culated, thereby determining the confidence inter-
val and confidence level of the optimal value.

Similarly, according to Eq. (23), the approx-
imate posterior probability density function of hy-

perparameter o can be obtained as follows:
j(a) = exp{< Inp(w |a)p(c)>4(w) + const} (28)
Substituting Egs. (16) and (17) into Eq. (28),

each a element obtained follows a generalized in-
verse Gaussian distribution with an lrorder dis-

tance of

< 2|w‘|2 > é’cn—l-‘rl (\/2[) < 2|w1\2 >)
<al>= ( 2; )
IC7,_1 <\/ 2b < 2|w1|2 >)

(29)

where K, is the second type of modified Bessel
function®). When [ = —1, the updated < ;' > is
used for Eq. (27).

Similarly, according to Eq. (23), the approx-
imate posterior probability density function of hy-
perparameter 8 can be obtained as follows:

(j(ﬁ) ~ eXp{< lnp(Eref |w7 ﬁ)p(,@)>q(w)q(ﬁ) + COIzSt})
30
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Substituting EqS. (14) and (15) into Eq. (30),
B follows a gamma distribution, and the mean

value of B is written as follows:

K+
<B>= ¢

- 31
|1 Bt — B3 +d o

According to the mentioned Bayesian infer-
ence earlier, we can iteratively update Eqs. (26),
(27), (29), and (31) to obtain the complex excita-
tion weight w when the difference between the
two iterations does not exceed 10> Then, based
on the number and position of non-zero elements
in the complex excitation weight w, we can de-
termine the number and position of elements in
the optimized sparse array. In summary, the near-
field sparse array synthesis algorithm first sets the
initial number of iterations, the total number of
iterations, the convergence judgment threshold,
and the initial values of the iteration variables.
Then, the algorithm continuously iterates and up-
dates until the convergence threshold is met, ob-
taining the optimal value, confidence interval, and
confidence level of the complex excitation weight,
and achieving a reliable inference of the complex
excitation weight. When the sparse array synthes-

is algorithm reaches the maximum number of iter-

ations, the output may not be the optimal solu-
tion of the complex excitation weight, but it can
serve as a starting point for subsequent optimiza-
tion or further processing. Based on this output,
the quality and convergence speed of the solution
can be improved by adjusting the algorithm para-
meters and increasing the number of iterations.
The flowchart of the sparse array synthesis al-

gorithm is shown in Fig. 4.

4 Improved 3D Time-Domain Imaging
Algorithm Based on Sparse Array

After using the near-field sparse array de-
signed in Section 3 to receive the measured echo
data of the human body obtained from cylindric-
al scanning, due to the sparse synthesis of the
uniform array, the distribution of excitation
weights in the array is asymmetric, i.e., some ele-
ments have larger weights, and others have smal-
ler weights. This will cause the sidelobes of the
point spread function of the target scattering
points to increase, resulting in defocusing and ar-
tifacts in the image. By improving the 3D time-
domain imaging algorithm based on the sparse ar-
ray, the sparse recovery of range pulse com-

pressed echo data is achieved to obtain the near-

Input the sample vector of K observation
positions in the near-field reference pattern

A 4

Parameter initialization

Set the number of initial iterations: ¢
Set the total number of iterations: T},

Set convergence judgment threshold: &

Set the initial value of iteration variable: w,, 3,, o, a, b, ¢, d

)

> If <T,

max

Yes

No Calculate sample
expectation

A 4

According to Eq. (26), the parameter w®
of iteration ¢ is obtained

Yes

t=t+1

No

K According to Eq. (29), the parameter a*
of iteration ¢ is obtained

A

Weights, confidence intervals and confidence
levels of complex excitation after sparse output

According to Eq. (31), the parameter 3
of iteration ¢ is obtained

(

Fig. 4 Flow chart of near-field sparse array synthesis algorithm
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field sparse array 3D recovery imaging of the hu-
man body. First, the FFBP algorithm is used to
focus the image on the height distance dimension.
This algorithm mainly uses aperture decomposi-
tion and recursive fusion for imaging, and its pro-
cessing procedure is as follows!??.

To facilitate the sparse synthesis processing of
millimeter-wave Multi-Input Multi-Output
(MIMO) arrays, the signal model of millimeter-
wave MIMO radar is simplified based on the equi-
valent phase center approximation. The multi-
transmitter multi-receiver array structure is
transformed into a uniform array with transmit-
ter and receiver co-located, which is equivalent to
a phase center with transmitter and receiver co-
located at their center positions. The FFBP al-
gorithm divides the entire equivalent phase cen-
ter aperture into several shorter sub- apertures,
according to a certain decomposition coefficient,
and projects the compressed data corresponding
to the sub-apertures onto a local polar coordinate
grid with the aperture center as the origin,
thereby obtaining coarse angular domain resolved
sub-images. Because the quality of sub-images in
the initial stage directly affects the accuracy of
subsequent image fusion, it is necessary to intro-
duce the judgment of the integrated aperture in
the sub-aperture Back Projection (BP) integra-
tion process in the initial stage. Assuming the
total length of the linear array aperture is Ly,
the number of sub apertures in the n(n = 1,2, -, N)
stage is U™ = UM /27=1 the length of each sub
aperture is 1) =L, /U™ and w = [wy, ws, -, wy]"
is the complex excitation weight vector of N ele-
ments. Each w element in the vector is composed
of amplitude and phase, where the position of
each element represents the position of the an-
tenna element, and the size of each element rep-
resents the amplitude of the antenna element ex-
citation. The height coordinate of the center of
sub-aperture u(u = 1,2, -, U™) is 2\ =(u - U™ /2
—1/2) 1™ | and the number of elements m con-
tained in each sub aperture depends on the num-
ber of sparse complex excitation weight vector w
in the current sub-aperture. Each sub aperture

image is reconstructed in its own polar coordin-

ate system. In this paper, 95") represents the an-
gular domain division of the local polar coordin-
ate system under stage n and sub-aperture u. The
local polar coordinate grid of sub-aperture » in
the first stage is shown in Fig. 5.

As shown in Fig. 5, for sub-aperture u, a po-
lar coordinate system (p, 91(})) is established as the
origin xq(}), where the polar coordinates of the grid
pixel point P are (p, 9&1)), and the elevation beam
width of the array element is 6yeun. When the
angle ¢ between the direction of the line connect-
ing the array element to the grid pixel point P
and the line of sight direction does not exceed
Obeam/2, the array element beam can illuminate
the point P, such that

abcam ‘f o pSil’l (91(})) ’ ebcam
— —— < arcsin : < ,
R (p,00;¢) 2
@ 2
ce |5 5] (32)

This paper defines £, which satisfies Eq. (32)
as the integral aperture of the pixel point P. £ is
represented by a symbol ¢™. For sub-aperture u,
as shown in Fig. 5, the echo data from the scat-
tering point Py can be written as follows:

2
¢ 2R

— g s c
S (t,&) = o;sinc T

p

exp (—j%fff") (33)

where Ry is the distance from the aperture posi-
tion & to the target point P;. When the integral
aperture of each pixel on the imaging grid is
clearly known, the reconstructed image of the
sub-aperture uin the first stage is represented as
follows:

ZA

A P(p, 6V
Py(py, 90%) (p: 8.)

Fig. 5 The first stage of theusubaperture of the local polar grid
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10 (p.0) = | St exp (iKreR(p,0:6)) d

(34)

€€€IA

where Kg.=4nf./c is the center frequency
wavenumber, and R(p, 91(}); €) is the distance from
the aperture position ¢ to the grid pixel point
P(p,05)).

By integrating each sub-aperture separately
using Eq. (34), the height distance 2D focused im-
age of the first stage sub-aperture can be ob-
tained, which is a coarse angular domain sub-image.

Second, the previous stage’s sub-images are
continuously fused with the current stage’s sub-
images. As recursive fusion continues, the length
of the sub-aperture increases while the number of
sub-apertures decreases, resulting in an increase in
the resolution of the sub-images. The expression
for recursive fusion of sub-aperture images is writ-
ten as follows:

18 (p o) =TT [E02? (p0527)
+15 (p057Y)]

(35)

where [] represents coherent addition. After com-
pleting the final stage, the sub aperture is equal
to the entire aperture, and the local polar co-
ordinates at this point are equivalent to the glob-
al polar coordinate system.

Finally, I(p,0) is transformed from the polar
coordinate image into a Cartesian coordinate sys-
tem to obtain a resolution image I(x,z) of the en-
tire space.

After the aforementioned FFBP processing,
the height distance dimension achieved focusing,
while the scattered points in the azimuth dimen-
sion still cannot be distinguished. Due to the
strong trajectory adaptability of the BP imaging
algorithm, it can focus on targets in any nonlin-
ear trajectory. Therefore, the BP algorithm is
used for focusing different point targets in the azi-
muth distance dimension. First, the 3D scene
needs to be divided along the height direction in-
to N, a form of overlapping azimuth distance ho-
rizontal sections. Then, grid points are divided for

each section, and finally, the BP algorithm is used

to perform 2D imaging on each horizontal section
to obtain a 3D image.

For any 2D horizontal plane XOY , as shown
in Fig. 6, we first interpolate a set of distances to
the compressed data at each azimuth moment.
Then, we calculate the distance R;; between the
array element and each point target q on the grid
within the rotation range. Based on R;;, we find
the corresponding value of the point with coordin-
ates (z;,y;) in the 2D data; after phase compensa-
tion, the values are coherently accumulated to ob-
tain the reconstruction result of that point, as fol-

lows:
I(ey) = / so(t,0) exp(iKroRiy)dy  (36)

where R;; represents the distance from the array
element to the grid point, and sg(t,0) represents
the compressed data of the distance-azimuth di-
mension.

The aforementioned calculation has com-
pleted the processing of one section. Repeat the
above steps for horizontal sections XOY of differ-
ent heights until all sections in the direction Z are
imaged in two dimensions. Combine the imaging
results of the height-distance dimension and the
azimuth-distance dimension to obtain the final 3D

imaging result of the target, as follows:

Iz, y,2) = {I(z,2), I(z,y)} (37)

Finally, to facilitate the observation and de-
tection of scene targets, the reconstructed 3D hu-
man body image is projected along the distance
dimension at different observation angles to ob-
tain 2D human body images observed from differ-

ent angles.
AZ
1 [
i{| ~ BP grid
5‘, division point
; T T T
//
L
N s
AN

Fig. 6 Two-dimensional horizontal section grid diagram
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5 Experimental Verification

To verify the effectiveness and superiority of
the proposed credible inference near-field sparse
synthesis array for 3D millimeter-wave imaging,
simulation experiments were designed. Compared
with the ¢;-norm/>*) based on convex optimiza-
tion CVX and the synthetic sparse array direc-
tional map based on the Focal Undetermined Sys-
tem Solver (FOCUSS)®! of traditional methods,
the credible inference near-field sparse synthesis
array provided confidence intervals and confid-
ence levels for complex excitation weight w, and
the effectiveness and superiority in sparsity and
matching performance were verified. Finally, un-
der the same sparsity conditions, the proposed
method was validated by collecting 1D electrical
scanning circumferential and 2D planar full elec-
trical scanning measured echo data based on the
designed sparse array, ensuring imaging results
while reducing system complexity.

This section first defines sparsity
d = M /Muyni, where Mis the number of non-zero
excitation weights w and Myy; is the number of
arrays uniformly arranged in the reference pat-
tern. The normalized mean square error ¢
between the reference pattern and the synthes-

ized pattern is defined as follows:
[ 1Bustr) = Blr)Par
E =
/ | Bpet(r) 2dr

where E(r)= ®w, € CX is the directional dia-
gram of the final sparse array synthesis. Eq. (38)

(38)

clearly shows that the mean square error and
sparsity of the synthesized directional pattern and
the reference directional pattern are inversely pro-
portional. Our goal is to balance the mean square
error and sparsity, i.e., to minimize the number of
elements in the array, while meeting the desired
directional pattern performance as much as pos-
sible. Then, sparse array synthesis was carried out
based on the convex optimization CVX ¢;-norm
and the FOCUSS method, respectively. To
achieve the same expected directional pattern per-
formance, the sparsity and mean square error

were compared. Finally, the designed sparse ar-

ray was used to receive the echo of the human
body, and an improved 3D time-domain imaging
algorithm was used to reconstruct the human
body in 3DP% thus verifying the advantage of the
proposed algorithm in reducing system complex-
ity while ensuring imaging results.
5.1 Simulation experiment

This section mainly considers a reference pat-
tern with low sidelobes in the near-field. The size
of the near-field antenna array used to generate
this reference pattern is 191 A, and a uniform lin-
ear array topology with a unit spacing of 0.5 X is
adopted. The total number of array elements is
383, and the position of the near-field focal line
from the array is set to 0.628 m, where X is
0.01035 m. It uses a Taylor distribution reference
pattern with a peak SLL of —16 dB. The refer-
ence point selects the physical center of the array
and uses it as the origin O(0,0) of the coordinates.

The red circles and dashed lines in Fig. 7 rep-
resent the reference directional diagram, whereas
the blue asterisks and dotted lines represent the
algorithm proposed in this paper. The ¢;-norm is
solved under the convex optimization CVX. The
sparse array directional diagram is synthesized
under the FOCUSS method. Fig. 7 intuitively
shows that the method proposed in this paper is
closer to the reference directional diagram and
has better matching performance. The red circles
and dashed lines in Fig. 8 represent the positions
and amplitudes of the reference directional pat-
tern elements, whereas the blue asterisks and dot-
ted lines represent the algorithm proposed in this
paper. Based on the ¢;-norm solved by convex op-
timization CVX and the positions and amp-
litudes of the sparse array directional pattern
elements synthesized by the FOCUSS method,
Fig. 8 shows that compared with traditional
sparse array synthesis methods, the sparsity of
the proposed method is lower, and there are more
sparse elements in a uniformly arranged full ar-
ray. To compare the focusing effect of different fo-
cal lines, for the application scenario of milli-
meter-wave security imaging, the distance
between the human target and the array is about

0.4~0.8 m. Therefore, the near-field focal lines
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are set to 0.4, 0.5, 0.6, 0.7, and 0.8 m. The mean
square error of the matching reference direction
map at different focal line positions is shown in
Fig. 9. It can be seen that the sparse array com-
prehensive algorithm proposed in this paper has
the smallest mean square error in matching the
reference direction map.

From the data in Tab. 1, it can be quantitat-
ively observed that, when the performance of the
reference directional pattern is almost the same, it
can be clearly seen that the algorithm proposed in
this paper can make 110 elements sparse with a
sparsity of 71.28% compared to other sparse ar-
ray synthesis algorithms. The normalized mean
square error of the sparse array synthesized direc-
tional pattern and the reference directional pat-
tern is 1.89x 10, whereas the ¢;-norm sparse ar-

ray synthesis algorithm based on convex optimiz-

Element position (0.5))
* FOCUSS method

(¢) The synthesizes element positions and amplitudes
of the pattern and reference pattern based on
FOCUSS method

— e Reference excitation amplitude

Fig. 8 The position and amplitude of near-field array under

different algorithms
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ation CVX solution makes 44 elements sparse
with a sparsity of 88.51% and a mean square er-
ror of 3.50 x 10 3. The sparse array synthesis al-
gorithm based on the FOCUSS method makes 62
elements sparse with a sparsity of 83.81% and a
mean square error of 3.08 x 10 *. Quantitative
analysis shows that the algorithm proposed in this
paper has better accuracy in matching reference
directional patterns, as well as lower sparsity, and
can be designed with lower array costs and sys-
tem feeding network complexity.

In the framework of sparse Bayesian learning,
the algorithm proposed in this paper is used to
obtain the posterior probability density function
for the analysis of complex excitation weights,
thereby obtaining high-order statistical informa-
tion and obtaining the expected and variance of
complex excitation weights. In the case where the
mean square error between the direction map syn-
thesized by sparse array and the reference direc-
tion map is 1.89 x10*, according to the set signi-
ficance level of 0.05, it can be determined that the
maximum amplitude of each element will not ex-
ceed the upper limit of the confidence interval,
and the minimum amplitude will not be lower
than the lower limit of the confidence interval,
which can meet the matching performance of the
direction map and provide boundary judgment

basis for the evaluation of excitation amplitude in

practical applications. However, if the lower
bound of the confidence interval is directly set to
zero, although it improves sparsity, the matching
accuracy will be severely reduced. Fig. 10 shows
the confidence interval diagram of the positions of
near-field array elements and their excitation
weight amplitudes, where blue represents the ex-
citation weight amplitude (i.e., expectation) and
red represents the confidence interval of the excit-
ation weight at a confidence level of 95%.
5.2 Validation of sparse array reconstructed
image with actual test data

To verify the feasibility and applicability of
the sparse array synthesized in Section 5.1, as
well as the high-precision advantages of the pro-
posed algorithm, this section uses a combination
of mechanical and electrical scanning to conduct
experimental verification using circumferential
measurement data and 2D full electrical scanning
array measurement data. The circular imaging
system combining mechanical and electrical scan-
ning adopts a linear array that moves along the
circumference at a fixed angular velocity, and it
performs cylindrical scanning around the meas-
ured human body to receive the echo of the hu-
man body. The relevant parameters of the milli-
meter-wave electrical scanning circular imaging
system are shown in Tab. 2. The 2D full electric-

al scanning array imaging system adopts a 2D

Tab. 1 Performance comparison of different sparse array synthesis algorithms

Method Peak sidelobe level (dB) Number of array elements  Sparsity (%) Mean squared error
The method proposed in this article -15.81 273 71.28 1.89x10*
/1 norm 15.76 339 88.51 3.50x10°3
FOCUS method —15.68 321 83.81 3.08x10*

Array element excitation amplitude

0 50 100 150

200 250 300 350
Element position (0.5\)

B Confidence interval —@ Excitation amplitude

Fig. 10 Confidence interval for the position and amplitude of near-field elements



No. 5

YANG Lei et al.: Credible Inference of Near-field Sparse Array Synthesis for Three-Dimensional ...

1107

planar array of 480 x 480 elements, with an an-
tenna array size of 1.0 m x 1.8 m, a spacing of
12.6 mm between elements, a distance of 0.85 m
from the center point of the planar array, a sys-
tem operating frequency of 27 GHz, and a system
operating bandwidth of 6.5 GHz. It quickly cap-
tures and receives human body echoes from actu-
al measurements.

To qualitatively compare the imaging per-
formance of the sparse array synthesis, based on
the sparsity of the algorithm proposed in this pa-
per, the optimal complex excitation weight ob-
tained from the ¢;-norm solved by convex optim-
ization CVX is zeroed to a threshold of less than
or equal to a certain value, such that the sparsity
optimization eliminates the same number of ar-
ray elements as the algorithm proposed in this pa-

per. Similarly, the optimal complex excitation

Tab. 2 Parameters of millimeter-wave electrical scanning

circumferential imaging system

Parameter Numerical value
System operating bandwidth 6.5 GHz
Operating frequency 27 GHz
Target distance 0.4~0.8 m
Azimuth/elevation angle 55°/55°
Sampling points 64
Element spacing 0.0052 m
Rotation times 314
Single rotation angle 0.2867°
Rotation radius 0.628 m
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(a) Uniform array
imaging

(b) Sparse array imaging
results designed by
the algorithm proposed
in this paper

Fig. 11 Comparison of imaging results obtained by circular linear

weight obtained based on the FOCUSS method is
zeroed to a threshold of less than or equal to a
certain value, such that the sparse optimization
reduces the same number of elements as the al-
gorithm proposed in this paper, resulting in the
same sparsity of 71.28%. The imaging results
shown in Fig. 11(a) are the images obtained by
scanning and collecting echo data through a circu-
lar linear array, completing 3D imaging pro-
cessing, and projecting along the maximum dis-
tance dimension. Figs. 11(b), 11(c), and 11(d) re-
spectively shows the imaging results of the sparse
array designed by the algorithm proposed in this
paper, the sparse array designed based on the ¢;-
norm solved by convex optimization CVX, and
the sparse array designed based on the FOCUSS
method. The echoes of the human body are collec-
ted using the designed sparse array, the 3D recon-
struction is completed through an improved 3D
time-domain imaging algorithm, and the images
are projected along the maximum distance dimen-
sion under the same sparsity of 71.28%. The ima-
ging results shown in Fig. 12(a) are obtained by
collecting echo data through a 2D full electrical
scanning array, completing 3D imaging pro-
cessing, and projecting along the maximum dis-
tance dimension. Figs. 12(b)—(d) respectively
shows the imaging results of the sparse array de-
signed by the algorithm proposed in this paper,
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the sparse array designed based on the ¢;-norm
solved by convex optimization CVX, and the
sparse array designed based on the FOCUSS
method. The echoes of the human body are collec-
ted using the designed sparse array, the 3D recon-
struction is completed through an improved 3D
time-domain imaging algorithm, and the images
are projected along the maximum distance dimen-
sion under the same sparsity of 64.67%. To com-

pare the imaging effects, in all directions, the side
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E -04 £ —04 g
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3 3 3
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(b) Sparse array imaging results
designed by the algorithm
proposed in this paper

(a) Uniform planar
array imaging

Azimuth dimension (m)

(c) Sparse array imaging

imaging results of circular linear sparse arrays de-
signed by different methods at an azimuth of 15°
under the same sparsity of 71.28% are shown in
Fig. 13. Figs. 13(a)—(d) respectively shows the
imaging results of uniform arrays, the sparse ar-
ray imaging results designed by the algorithm
proposed in this paper, the sparse array imaging
results designed based on the /;-norm solved by
convex optimization CVX, and the sparse array
imaging results designed based on the FOCUSS
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Fig. 12 Comparison of imaging results obtained by full scanned planar sparse arrays designed by different methods
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Fig. 13 Comparison of side imaging results of circular linear sparse array designed by different methods at 15° orientation
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method at an azimuth of 15°.The results show
that the focusing effect of the red box example
area in Fig. 13(b) is relatively good compared to
Figs. 13(c) and (d).

From a qualitative perspective, comparing the
results of Figs. 11(b)—(d), and Figs. 12(b)—(d) un-
der the same sparsity, it can be found that Figs. 11(c),
(d), and 12(c), 12(d) have poor imaging contrast
in the positions where dangerous goods are easily
hidden in the human body, such as the left and
right thighs and calves, the front waist, the arms,
and the chest. The imaging features are severely
lost, which affects the detection of dangerous
goods and makes it difficult for the security in-
spection system to be applied in practical situ-
ations. Compared with Figs. 11(c) and (d), Fig.
11(b) shows clear imaging of the main locations
where dangerous goods are hidden in the human
body, with distinct joints and good focusing ef-
fect. However, the imaging data volume of
Fig. 11(a) is 64 x 383 x 314, whereas the ima-
ging data volume of Fig. 11(b) is 64 x 273 x 314.
The imaging data volume of Fig. 12(a) is 64 X
480 x 480, whereas the imaging data volume of
Fig. 12(b) is 64 x 386 x 386. Compared with
Figs. 11 and 12(a), the results of Figs. 11 and
12(b) show that using the method proposed in
this paper for sparse array imaging can reduce the
imaging data volume by 28.72% and 35.33%, re-
spectively, while ensuring the imaging quality.
The computational complexity of the FFBP al-
gorithm is O(NZ%log,N), and the computational
complexity of the BP algorithm is O(N?3). There-
fore, the high sparsity reliable inference of near-
field sparsity proposed in this paper is feasible.
The comprehensive array 3D imaging algorithm
can reduce the complexity of the system feeding
network, while ensuring imaging quality close to
the uniform array reference imaging result.

From a quantitative perspective, we conduc-
ted point target simulation experiments, as shown
in Fig. 14. We selected a 3x3x3 scattering point
set, with each point having an isotropic distance
of 0.2 m, to form a 27-point simulated cubic mod-
el with a size of 0.4 m x 0.4 m x 0.4 m and con-
stant reflection coefficients. We selected an edge

point target A from the cubic model and ana-
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Fig. 14 Diagram of the position of edge point A

lyzed its focusing performance. We used a uni-
form array, a sparse array based on the al-
gorithm proposed in this paper, a sparse array
based on the FOCUSS algorithm, and an ¢;-norm
sparse array based on convex optimization CVX
to image it. We provided azimuthal and height
profile images and quantitatively analyzed their
imaging focusing performance. The experimental
results are shown in Fig. 15. From Fig. 15 and
Tab. 3, it can be seen that, in the azimuth direc-
tion, due to the lack of sparse synthesis pro-
cessing, the imaging profiles of the uniform array,
the sparse array algorithm proposed in this paper,
the sparse array based on the FOCUSS algorithm,
and the ¢;-norm sparse array solved by convex
optimization CVX have the same peak sidelobe
ratio and resolution, and the same imaging qual-
ity. In the height direction, it can be seen that
the peak sidelobe level of the norm sparse array
solved by the sparse array algorithm proposed in
this paper is lower, and the resolution is higher
compared to the sparse array algorithm proposed
in FOCUSS and the ¢;-norm sparse array solved
by convex optimization CVX. However, com-
pared to that of the uniform array, the peak SLL
of the sparse array increased from —24.69 dB to
—22.15 dB, i.e., an increase of 2.54 dB, and the
imaging quality decreased. However, in the case of
significantly reduced array cost and feeding net-
work complexity, the slight decrease in imaging
quality due to height is within an acceptable
range.
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Fig. 15 Profile of edge points of imaging results of different sparse array synthesis algorithms

Tab. 3 Quantitative analysis of profile of edge points of imaging results by different sparse array synthesis methods

Imaging results of edge points

Height to peak sidelobe

Height resolution Azimuthal peak sidelobe Azimuth Resolution

ratio (dB) (3 dB width) (mm) ratio (dB) (3 dB width) (mm)
Uniform array imaging —24.69 7.76 -8.01 4.2
The algori sed 1 is arti
e algorithm proposed. in t.hlb article for 9915 776 801 49
sparse array imaging
. . P
Sparse array 1mag1ng based on FOCUS 9018 770 8.0l 42
algorithm

£1 Norm sparse array imaging based on

-17.98 7.82 -8.01 4.2

convex optimization CVX solution

6 Conclusion

This paper has proposed a reliable inference
near-field sparse comprehensive array 3D milli-
meter-wave imaging algorithm to address the con-
tradiction between system cost, imaging accuracy,
and imaging speed faced by millimeter-wave act-
ive scanning imaging systems. The algorithm is
used to design a near-field sparse array that meets
the expected directional pattern, and combined
with an improved 3D time-domain imaging al-
gorithm for reconstruction to verify the achieve-
ment of high-precision imaging at low system cost
and complexity. In the sparse Bayesian learning
framework, the near-field sparse array synthesis
problem is modeled as a BCS problem. Probabil-

ity and statistical models are performed using a
reference direction map and error variables, and
the complex excitation weights are hierarchically
modeled. The posterior probability density func-
tion of the analytical complex excitation weights
is obtained through the VB-EM algorithm,
thereby obtaining high-order statistical informa-
tion. Furthermore, the optimal value and dynam-
ic range of the complex excitation weights are ob-
tained, achieving a dynamic indication of the
complex excitation weights. By comparing the
sparse array designed by this algorithm with ex-
isting sparse array synthesis techniques, the ef-
fectiveness and superiority of the proposed al-

gorithm, in terms of sparsity and matching accur-
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acy have been demonstrated. Compared with uni-
formly spaced arrays, the sparse array designed in
this paper can reduce the number of elements by
about 29%. Finally, based on the measured data
of 1D circumferential electrical scanning and 2D
planar full electrical scanning, an improved 3D
time-domain imaging algorithm was used for 3D
reconstruction, verifying the advantages of the
proposed algorithm in ensuring imaging results

while reducing system complexity.
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