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Abstract: Nowadays, high-speed sampling and transmission is a foremost challenge of radar system. In order to
solve this problem, a compressive sensing approach is proposed for radar target signals in this study. Consider-
ing the block sparse structure of signals, the proposed method uses a simple measurement matrix to sample the
signals and employ a Block Sparse Bayesian Learning (BSBL) algorithm to recover the signals. The classical
BSBL algorithm is applicable to real signal, while radar signals are complex. Therefore, a Complex Block
Sparse Bayesian Learning (CBSBL) is extended for the radar target signal reconstruction. Since the existed
radar signal compressive sensing models do not take block structures in consideration, the signal reconstruction
of proposed approach is more accurate and robust, and the simple measurement matrix leads to an easy imple-

mentation of hardware. The effectiveness of the proposed approach is demonstrated by numerical simulations.
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1 Introduction tic Target Recognition (ATR)!!2.

The higher the resolution of radar, the more Resolution improvement requires additional
details of the target can be captured and more in- radar bandwidth. According to the Nyquist theor-
formation of the target are available for Automa- em, the sampling rate should be twice of the
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bandwidth. Due to the limited processing speed
and data capacity of hardware, a ceiling is set on
the sampling rates. Compressive sensing, a new
measurement theory proposed by Donoho et al.l?),
indicates that sparse signals can be accurately re-
covered from lower-rate samplings. Radar signals
of targets are sparse, and can be compressively
measured and reconstructed!’.

Compressive measurement and signal recon-
struction are two key issues of compressive sens-

(58] Most existing compressive sensing ap-

ing
proaches employ a random matrix to measure sig-
nals. However, the hardware implementation of a
random matrix is difficult, which is the largest
hindrance in the practice of compressive sensing.
Thus, people always pursue an easily realized

9131 Radar signals of man-

measurement matrix!
made targets have block structures besides
sparsity, which has been not taken into considera-
tion by existed approaches. Researches on speech,
electroencephalogram and some other signals!'* %2
have demonstrated the block structure is benefi-
cial to the signal reconstruction.

In this paper, an approach of compressive
sensing is presented with the block sparse struc-
ture of radar target signals both in the compress-
ive measurement and the signal reconstruction
steps. In the reconstruction step, it uses a recon-
struction algorithm named Complex Block Sparse
Bayesian Learning (CBSBL), which is extended in
Ref. [23] from the classical BSBLI®#! to generate
a better reconstruction. Based on the excellent re-
construction algorithm, it is able to use a simple
measurement matrix in the compressive sensing.
There is only one non-zero element in every row
and column of such a measurement matrix. Com-
pared with the traditional compressive sensing ap-
proaches, the reconstruction accuracy of our ap-
proach is better and the hardware of the measure-
ment matrix is easier to implement. Finally, ex-
periment results exhibit the effectiveness of our

compressive sensing model.
2 Compressive Sensing

Suppose the original radar target signal
x € CM*! is a K-sparse signal on base @ € C >V

r=%-a (1)

where, @ € C ¥*! is the unknown sparse vector, M

is the length of the signal, N is the length of the

sparse vector. Suppose & € ROM(Q<M), is a

measurement matrix. y € C @1 is the measure-

ment vector acquired by

y=®-¥.-a=0"-a (2)

© € C 9V is the sensing matrix, and @ = & - .

The sparse representation vector, a, is the solu-
tion to the optimization problem

min ||al|, s.t.©@-a=1y (3)

As g is known, the signal can be recovered

via =" .a. Methods to solve the NP-hard

problem include greedy algorithms such as match-

[13], l,-norm class algorithms>!, and

2],

ing pursuit
Sparse Bayesian Learning (SBL) algorithms!

3 Compressive Sensing for Radar Target
Signals

Classical compressive sensing models suppose
is just a sparse vector. In applications, it always
has certain additional structure such as the block
sparse structure™ %, With such a structure, vec-
tor can be viewed as consisting of non-overlap-
ping blocks, and only a few blocks among them
are non-zero.

a=[aiag - ar--ag - a-ag)"
—_ =~ —— (¢

T
ag a; ag

where, d; is the length of block .

Fig. 1 is a block diagram of the compressive
sensing for radar target signals. It consists of two
part, the compressive measurement and the sig-
nal reconstruction. In the diagram, si(?) is the
original signal, X(f,,) is the signal sampled by tra-
ditional radars, « is its vector form. We can get
z, a High Resolution Range Profile (HRRP) of
the target, by correlating x with that same pulse
in a matched filter (effecting pulse compression).
If we want to generate a high resolution signal,
the Analog-to-Digital (A/D) converter requires a
high sampling frequency and a large dynamic
range. In a compressive sensing radar, a measure-
ments of the original signal is obtained through a
compressed measurement matrix €, which can be

a low-rate A/D converter. From the measured
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Traditional radar
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Fig. 1 Compressive sensing for radar target signals

data y, we can get a reconstruction of the origin-
al signal si(t), or reconstructions of the digital
signal x and z, from y. Since sy(t) is analog and
not convenient to discuss, we take the wanted
high-rate sampled signal X(f,,) as the original sig-
nal in the following discussion. In our compress-
ive sensing model, we reconstruct the sparse vec-
tor of target, g, from the compressive measure-
ments y, and then recover the frequency-domain
signal by £ = ¥ . g. Finally, the HRRP of target
is generated by an Inverse Fast Fourier Trans-
form (IFFT), & = IFFT(2), which effect matched
filter and pulse compression.

In Subsection 3.1, the block structure of radar
target signals and the sparse representation of the
signals are discussed briefly. In Subsection 3.2, a
simple matrix is suggested for compressive meas-
urement. In Subsection 3.3, the method of signal
reconstruction from compressive samples is dis-
cussed.

3.1 Sparsity and block structure of radar target
signals

Fig. 2 shows a radar target signal in the fre-
quency domain and time domain (only
amplitude). The time domain signal can also be
referred to as HRRP.

The original radar target signal in frequency
domain is X(f,,) or in vector form x, while the
complex time domain signal is denoted as Z. In
the application of radar ATR system based on
HRRP of targets, the observation ranges of radars

are far larger than the size of a target. The scat-

20

Amplitude
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Frequency point

Amplitude

Range (m)

Fig. 2 HRRP of a target z, the below one is HRRP z, the above

one is its frequency-domain transform

tering centers of some targets, such as airplanes
and missiles, are sparse and located on a few
blocks of z. In other words, £ has a with block
structure. Moreover, there may be intra-block cor-

relation!'s1?

|. In the high-frequency region, radar
targets can be represented by a few scattering
centers, then radar target signals can be sparsely
represented by the echoes of these scattering cen-

ters2627,

K
X(fm) = D BylF i o) + ViFu) (5)

p=1
Here, r, is the position of scattering center p.
fin is the frequency of samplings. V(f,,) is noise.
and E,(f,;;r,) is the response of scattering center
p. The isotropic point scattering model is given
by E,(fn;m,)=exp(-j4nf,r,/c). Here, ¢ is the speed
of light. There is sparsity in x, as the scattering
centers of radar targets are sparse in space. Base

on it, we construct the dictionary for radar sig-
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nals of targets. Suppose that the unambiguous
distance of radar is R. The start point is 75. We
sample the unambiguous distance into N points

with spacing AR. For every position r,=ry+nAR,

we let ¥, = [P1n " <pm77L:|T7 and the elements
is given by ¢,, ,=exp(-jdnf,r,/c), fn=f+mAf,
m=1,---, M. Then the dictionary is construc-
ted as

U=[¢ v, Py (6)

1, is an atom of dictionary and ¢,,, is an ele-
ment of the atomic. The signal x is sparse on the
dictionary W. The radar signals of targets can be
represented Eq. (1), z=%-a. Here, a is a sparse
representation vector of @. The number of diction-
ary column, as well as the length of the sparse
vector, is N. As the time domain signal z have
block structures, a is also a block sparse vector
based on such a dictionary. It may be with intra-
block correlation!*19.
3.2 Measurement matrix

Most existing compressive sensing models
take a random matrix @, as shown in Fig. 3(a),
as the measurement matrix. In our compressive
model, we use a simple measurement matrix ®, as
shown in Fig. 3(b). There is only one non-zero
element in each row or each column of matrix ®.
Actually, the measurement matrix shown in Fig.
3 is equivalent to an unequally-space sampling
method. It not only reduces size of samplings, but
also can relieve the pressure of A/D conversion.

The unequally down-sampling in the fre-
quency domain can retain more information,
though aliasing arises in the time domain. Since
the signal is block sparse and most of the areas

are zero, the aliasing can be suppressed by a

Column

(a) Random matrix, $*

sophisticated reconstruction algorithm. Therefore,
it is reasonable to take ¢ as a measurement mat-

rix. The compressive measurement is given by,
y=®-xz+vory" =P -x+wv (7)
Here, v is a noise vector. The sensing matrix is
©O=% V. Actually, in our compressive sensing
model, as the measurement matrix ® is known,
we can construct the sensing matrix @ directly,
O=[0,--0, -6,
Here, the atom is ©, = [01,,- - 04,00, . And
every element is given by 6,,=exp(-j4nf,r./c). f,
is the frequency of ¢-th sampling. @ is the num-
ber of samplings.
3.3 CBSBL signal reconstruction algorithm

Recovering a from compressive measurement
data is an important procedure of compressive
sensing. Recently, an excellent recover algorithm
named BSBL algorithm is proposed by Zhang and
Raol'*l. Tt has a superior ability to recover block
sparse signals. Compared to Group Lassol', Mix-
L1/L22 and Block-OMPR? DSGE CluSSs-
MCMCPE!U, SD-SPRF? etc., BSBL algorithm does
not need any prior knowledge of blocks.
Moreover, BSBL algorithm can exploit the intra-
block correlation. As the distribution of block
structures of radar target signals is unknown, BSBL
algorithm is preferred for radar target signal re-
construction.

The BSBL algorithm is proposed for real sig-
nals, but radar signals are complex. It is not dir-
ectly applicable to radar signals. Dr. Zhang gives
a solution, in which we have to decompose the
complex signal and sensing matrix into a real part
and an imaginary part first. Then we can obtain a
real signal model as Eq. (8). We name it as Bin-

10 20 30 40 50 60 70 80 90 100

Column

(b) A simpler matrix, &

Fig. 3 Two different measurement matrices
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ary-channels-BSBL (Bi-BSBL) algorithm.

Re(y) Re(O) Re(a) ]

Im(O®)

—Im(O)
Re(O)

Im(y) Im(a)

In order to recover complex signals directly,
we extend the advanced BSBL framework into
the complex domain, and then present the EM-it-
eration algorithm!'” in the CBSBL framework.
Suppose each block of g € C¥*!, a, follows the
Gaussian distribution:

Pla;~,;, B;) ~ N(0,v,B;) (9)
B, e R ig a parameter matrix used to express
the inter-block correlation of the #-th block a;. ~;
is a non-negative parameter used to control the
sparseness of a. If v,=0, a; will be set to zero. As-
suming that the blocks are un-correlated with
each other, the prior probability distribution of
the vector a is:
Pa; {7, B}{,) ~ MO, %) (10)

where, X, =diag(y;B1---v;Bi---vsB¢g) is a
block diagonal matrix. We assume that noise v
follows a multivariate complex Gaussian distribu-
tion P(v)~N/(0,A\I). I is a unit matrix, A is posit-
ive. The posterior probability of a follows a
Gaussian distribution P(aly; 7;,B;)~N(e,X4)-
The mean of a is p,=3)O" (A [+60-X)-O") '.y.
The variance of a is X,=(X,'+O".0/\) . If
parameters A and all {;, Bi}i(il, have been estim-
ated, then the Maximum A Posteriori (MAP) es-
timator of a is

avar=p, =Xy 0" (\[+ 0 - X,-0") .y (11)

A {7 B;}Y | can be obtained by the second max-
imum likelihood estimation in a Bayesian learn-
ing frame. This estimation process can be com-

pleted by minimizing the cost function:
L(¢) £1og |M + O - X - O]

12
+yl- (M +0-3,-0") 1.y ()

¢ refers to parameters A and {v,, B;}< . Egs. (11)
and (12) are the complex-domain-extended block
sparse Bayesian learning framework. The learn-
ing lure of these parameters is the key issue of the
Bayesian learning method. There are many differ-
ent solution algorithms according to iterative
methods of Egs. (11) and (12). Two iteration

methods, EM-iteration and BO-iterative are
presented in Refs. [18,19] for real signals. We ex-
tend the EM iteration algorithm to complex sig-
nals. Based on the estimation theory of complex
statistical signal processing and complex signals
Bayesian method®!, we outline the iterative for-
mulae as follows.

Initialization:"B=1 4, it=0, "“(e) represents the
it time iteration.

Iteration:
it20 = dlag (’Ylith T 77iith e 77GitB> ’
- ; ; -1
ltN(IZItEO'@H'()\I+@'lt20‘@H) -y,
iy, =85 0. \[+ 05, -e") "

@13
3-8 o[ N-Te(*5, - 0 0)

M bl

i 1 i -1 (it it it i \H
= ‘ETT [(tBi) : (Tin“ua (M) )} ’

it/\

Update:

G itsvi it i (it,,i\H
it+1B<_lZ t2a+t;:z-(tu;)
i=1 i

If v;<0,, set B;=0. In order to prevent a prob-
lem with over-fitting, it is assumed that the struc-
ture of each block is the same, i.e. B;=B, yi. The

iteration termination criterion is:

I 0 =" brafl <0 (13)

or the maximum number of iterations Nj is
reached. Suppose the index of stop iteration is n.

Output: @ =" p,, it=n;.

It is necessary to point out that the CBSBL
algorithm is not a novel algorithm, but the com-
plex extension of the BSBL algorithm. It inherits
the capability of exploiting block structure and

intra-block correlation.

4 Experimental Results

First, the performance of our CBSBL recon-
struction algorithms is examined, in comparing
with Bi-BSBL, Orthogonal Matching Pursuit
(OMP), and SBL algorithms. The last two al-
gorithms do not exploit block structure, while the
Bi-BSBL does. Second, we analyze the reconstruc-

tion accuracy when the original signals are meas-
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ured by the simple measurement matrix @, in
construction with the results of experience in
which the signals are measured by the random
matrix @

Experimental data is recoded in microwave-
darkroom. The radar emits a step-frequency sig-
nal, with start frequency f,=8.5 GHz, stop fre-
quency f,=9.5 GHz, and bandwidth B = 1 GHz.
The resolution is dg=0.15 m, and radar un-ali-
asing distance is R=15 m. We set the spacing
AR=0.15 m to sample the distance R. The length
of vector a is N=101. We add Gaussian white
noise and make signal-to-noise ratio SNR=20 dB.
SNR is defined as SNR=
g SQignal and O-Igloise are the energy of sig-

In this paper,
g sQignal/ g rgloise .
nal and noise respectively. p is the compressive
measurement ratio. The number of samplings at
every compressive measurement ratio is
M=sup(pN). p is set to 10 values in range
[0.25,0.7], with the interval Ap=0.05. Experi-
ments were repeated Tn=>50 times at each p-
value. Noise v and observation matrix @ are re-
generated every iteration. The Mean Square Er-

ror (MSE) of every algorithm is given by

15" la=sl, »
= =,
4.1 Experiment exploiting block structure in re-
construction
In this subsection, the measurement matrix is
a random matrix @°. Then, we test the recon-
struction accuracy of the four algorithms. The

sparse parameter of OMP is set as K=25 which is

—A— MSE CBSBL

—©— MSE OMP
0.25 —%— MSE SBL

MSE

0.25 0.30 0.35 0.40 0.45 0‘50 0.55 0.60 0.65 0.70
Compress ratio

(a) Algorithms not exploiting the block structure

a parameter chosen by prior knowledge of the tar-
get. SBL, Bi-BSBL, CBSBL iterate 1000 times
separately. Fig. 4 shows MSEs of four algorithms.

It can be found from Fig. 4(a) that the recon-
struction accuracy of CBSBL algorithm is better
than the OMP and SBL algorithms. Fig. 4(b)
shows that the reconstruction accuracy of CBSBL
algorithm is almost the same as the Bi-BSBL al-
gorithm. When the compressive ratio is low, the
performance of CBSBL is a little better than the
Bi-BSBL. This demonstrates CBSBL and Bi-BSBL,
the algorithms exploiting block structure, obtain
better signal reconstructions than those that do
not.

For a straightforward observation, Fig. 5
shows the reconstructed HRRPs of the four al-
gorithms in an experiment trip. Figs. 5(a)~5(d)
are the reconstructions of CBSBL algorithm, Bi-
BSBL algorithm, SBL algorithm, and OMP al-
gorithms respectively. The reconstructed HRRPs
in Figs. 5(a) and 5(b) are more similar to the ori-
ginal signal, while the reconstructed results of
SBL and OMP algorithms have obvious wave-
form distortion. Clearly, the signals are recovered
better by CBSBL and Bi-BSBL.

4.2 Experiment exploiting block structure with
simplemeasurement matrix

In this subsection, we use a simple measure-
ment matrix @ to measure the original signals,
and then use CBSBL, Bi-SBSL, SBL, OMP al-

gorithms to recover the signals. The experimental

0.10
0.09 F —4A—MSE CBSBL
0.08 4 —%—MSE Bi-BSBL

0.07
0.06
0.05
0.04
0.03
0.02
0.01

0

MSE

0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70
Compress ratio

(b) Algorithms exploiting the block structure

Fig. 4 Reconstruction MSEs of different algorithms, when the sampling matrix is &"
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setting of this section is the same as for Subsec-
tion 4.1.

Fig. 6 shows the reconstruction accuracy of
the four algorithms. Comparing with the results
in Fig. 4, we can find that the reconstruction
MESs are almost the same. Only slight degrada-
tions have appeared. Figs. 7(a)~7(d) show the
reconstructions of the four algorithms in one time
experiment.The same conclusion, the signals CBS-
BL and Bi-BSBL algorithms reconstruct signals
better, can be drawn from the reconstruction res-

ults in Fig. 7.

[ —— Ori HRRP
6l —— CBSBL
5
[
=
£ 47
23
2 .
1
0 A .

Range (m)
(a) CBSBL-EM

—— Ori HRRP
6 —— SBL
5
[
=]
£ 4
=
g 3
-
2

[] L L
-6 -4 -2 0 2 4 6
Range (m)

(c) SBL

4.3 Reconstruction accuracy under different
noise levels

In this subsection, we set p=0.35, and add
Gaussian white noise to the original signals to let
SNR=[15,20,25,30,35,40] dB. Then the number of
compressive samplings is M=sup(0.35x101)=36.
For each fixed SNR, we carry out the compress-
ive measure and reconstruction for Tn=>50 trips.
The reconstruction MSEs of CBSBL and Bi-BS-
BL versus SNR are shown in Fig. 8. It can be

seen that the reconstruction accuracy of the CBSBL

o —— Ori HRRP
6l Bi-BSBL
H
)
o
245
2
3¢t
<
21
1t
0 1 1
-6 -4 -2 0 4 6
Range (m)
(b) Bi-BSBL-EM
| ——Ori HRRP
—OMP
6 F
5
g
Zaf
&
< 37
9t
1|
0 LY A A
-6 -4 -2 0 2 4 6
Range (m)
(d) OMP

Fig. 5 Reconstructed HRRPs of different algorithms in one trip, when the sampling matrix is " and p=0.4

—&— MSE CBSBL
0.20 —©— MSE OMP
—%— MSE SBL

' L L s s n

30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70
Compress ratio

0
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(a) Algorithms not exploit the block structure

0.12
—A—\SE CBSBL
010 ——MSE Bi-BSBL
0.08
2 0.06
= 4

0.04

0.02

0 L A . . L . . L )
0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70
Compress ratio

(b) Algorithms exploit the block structure

Fig. 6 Reconstruction MSEs of different algorithms, when the sampling matrix is @
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Fig. 7 Reconstructed HRRPs of different algorithms in one trip, when the sampling matrix is " and p=0.4
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Fig. 8 Reconstruction MSEs and time cost

algorithm is a little better than Bi-BSBL under
different noise levels.
4.4 Time efficiency of CBSBL and Bi-BSBL

The recover accuracy of the CBSBL al-
gorithm has been investigated in Subsections 4.1,
4.2, and 4.3. In this subsection, we present the
time efficiency. Because accuracy is the primary
goal in signal reconstruction, we only compare the
efficiency of CBSBL algorithm and Bi-BSBL al-
gorithm, but not OMP and SBL. We use the
CPU time as measure of complexity. Although it

is not an exact measure, it gives a rough estima-
tion. The comparison is performed in
MATLAB2014A environment on a computer with
Intel four-core 3.4 GHz CPU and 4.0 Gb RAM,
and windows 7 OS.

Fig. 9 shows the consumed time of recon-
struction versus compression ratios, p. Here, we
set the SNR as SNR=20 dB. It can be seen that
the CBSBL algorithm uses less time than Bi-BS-
BLunder different compressive ratio levels. Fig. 10

shows the reconstruction cost time versus SNRs.

—4&— CBSBL
—¥%— Bi-BSBL

0.10

0.05 L L L L L L L T
0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70

Compress ratio

Fig. 9 Consumed time versus compressive ratios
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0.20
k.
018 b —&— CBSBL
—%— Bi-BSBL
0.16 |
g 0.14 f
s
0.124
0.10
0.08 : : : . ;
15 20 25 30 35 40

SNR (dB)

Fig. 10 Consumed time versus SNRs

Here, the compressed ratio is p=0.35. It is shown
that the CBSBL algorithm is less time-intensive
than Bi-BSBL under different noise levels.

5 Conclusions

In this study, we first extend a CBSBL recon-
struction algorithm for complex signals, such as
radar signals. Compared to the Bi-BSBL method
that decomposes signals into two channels, CBS-
BL has better reconstruction accuracy and effi-
ciency. Based on the CBSBL signal reconstruc-
tion algorithm, we present a compressive sensing
model for radar target signals that exploits the
block structure of signals. It utilizes a measure-
ment matrix, which is easy to realize in hardware.
Experiments demonstrated the effectiveness of our

compressive sensing model.
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