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Abstract: Ultra-wideband frequency modulated continuous wave (FMCW) radar has the ability to achieve high-range resolution.
Combined with the inverse synthetic aperture technique, high azimuth resolution can be realized under a large rotation angle.
However, the range-azimuth coupling problem seriously restricts the inverse synthetic aperture radar (ISAR) imaging performance.
Based on the turntable model, traditional match-filter-based, range Doppler algorithms (RDAs) and the back projection algorithm
(BPA) are investigated. To eliminate the sidelobe effects of traditional algorithms, compressed sensing (CS) is preferred.
Considering the block structure of a signal at high resolution, a block-sparsity adaptive matching pursuit algorithm (BSAMP) is
proposed. By matching pursuit and backtracking, a signal with unknown sparsity can be recovered accurately by updating the
support set iteratively. Finally, several experiments are conducted. In comparison with other algorithms, the results from
processing the simulation data, some simple targets, and a complex target indicate the effectiveness and superiority of the proposed

algorithm.
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1 Introduction

Frequency modulated continuous wave (FMCW)
radar has the advantages of light weight, low cost, and
high resolution, compared with pulsed radar (Meta
etal., 2007). Thanks to dechirp processing, large
instantaneous bandwidth can be achieved at a very
low sampling rate. Combined with the inverse syn-
thetic aperture radar (ISAR) technique, FMCW radar
can implement 2D imaging on simple system
architectures, thus becoming a powerful detection
method for non-cooperative targets (Hu et al., 2010)
and showing tremendous value when applied in
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unmanned aerial vehicle (UAV) imaging and identi-
fication (Kim et al., 2005).

To obtain a high-resolution and high-quality
ISAR image, a large bandwidth for the transmitted
signal and a large angular integration width are
needed. Traditional range Doppler algorithms (RDAs)
deal with small rotation angle imaging problems,
which ignore range-azimuth coupling and will seri-
ously defocus an ISAR image at a large angle (Xing
et al., 2004). In these cases, some algorithms have
been proposed to solve the problem of scatterers’
migration through resolution cells (MTRC), including
the polar format algorithm (PFA), the keystone-
formatting algorithm, and the back projection algo-
rithm (BPA) (Ozdemir, 2012). However, these match-
filter (MF) based algorithms are inevitably limited by
the time-frequency uncertainty principle, and there-
fore they can neither eliminate the sidelobe nor gain
super resolution (Herman and Strohmer, 2009).
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The theory of compressed sensing (CS) provides
an avenue for ISAR imaging with super resolution.
The CS exploits the sparsity property of a signal in the
transform domain and recovers it without distortion,
using the /;-minimization approach (Elhamifar and
Vidal, 2012; Li and Qi, 2014a; 2014b). Two classes of
widely studied recovery algorithms are convex
relaxation algorithms and greedy algorithms (Wang,
et al., 2012). The former transform nondeterministic
polynomial (NP) hard /s-optimizations into
/,-minimizations, which can be solved efficiently
through the basis pursuit (BP) method or a gradient
projection for sparse reconstruction (GPSR). Alt-
hough high recovery accuracy can be obtained, com-
plex calculations are needed. Greedy algorithms se-
lect correct atoms in the dictionary via the matching
pursuit (MP) technique, and then the ISAR signal can
be expressed as a linear combination of them (Li et al.,
2012). This kind of algorithm reaches a compromise
between computing efficiency and recovery accuracy,
and it includes the MP algorithm, the orthogonal
matching pursuit (OMP) algorithm, and the subspace
matching pursuit (SP) algorithm.

In conventional CS theory, the scatterers are
thought to be distributed in any position. However,
when the resolution is increased, scatterers on com-
plex targets will span resolution cells and form a
block structure. Taking this additional structure into
account, block-sparse compressed sensing is more
suitable for ISAR imaging with a large bandwidth and
large rotation angle (Eldar et al., 2010). In this study,
we develop a Ku-band radar system at a 6.2 GHz
bandwidth to implement ISAR imaging for a short
range. Then, the important range-azimuth coupling
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problem is analyzed in the ISAR turntable model,
followed by image processing of the BPA. To elimi-
nate the sidelobes in MF-based algorithms and take
the block structure into consideration, an ISAR im-
aging algorithm based on block-sparsity adaptive
matching pursuit (BSAMP) is proposed. Given
matching pursuit and backtracking, this algorithm can
decide on the block sparsity adaptively and find the
correct support set rapidly, thus achieving a super-
resolution ISAR image. Finally, the simulation results
and real data processing verify the effectiveness of the
proposed algorithm. Through comparison with the
MF-based algorithms and the traditional CS algo-
rithm, our algorithm shows superiority in imaging
performance and feasibility in practice.

2 Ku-band FMCW radar system

The Ku-band FMCW radar system with 6.2 GHz
bandwidth is used to detect targets at a short range and
a block diagram of the whole system is shown in
Fig. 1.

As shown in Fig. 1, a homodyne architecture
transceiver is adopted to simplify the engineering
design. The triangular voltage can be generated by the
direct digital synthesizer (DDS) method or the signal
generator. Here, the DDS method is preferred for its
favorable voltage linearity. The 6.2 GHz bandwidth
for the system is realized by the yttrium iron garnet
(YIG) oscillator. In contrast to voltage-controlled
oscillators (VCOs), the output frequency of the YIG
is controlled by the current. Therefore, a voltage ad-
justment circuit and a voltage-to-current conversion

Voltage-to-current
conversion circuit

T Vi)

Y

YIG oscillator

A 4

> (11.8-18.0GHz) Splitter
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Fig. 1 Block diagram of the Ku-band FMCW radar system
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circuit are required to produce the triangular current.
The nonlinearity of the transmitted signal is about
8.2%. The specifications for the wideband radar sys-
tem are listed in Table 1. Fig. 2 shows a photo of the
Ku-band radar system.

Table 1 Specifications for the wideband FMCW radar

system

Parameter Value
Frequency 11.85-18.05 GHz
Pulse repetition interval 77.7 ms
Signal nonlinearity 8.2%
Modulation Triangular FMCW
Transmitted power 16 dBm
Sampling rate 192 kHz
Resolution (theory) 242 cm
Detection range 180 m

Fig. 2 Photo of the Ku-band radar system

In this system, the signal generated by the YIG
oscillator is divided into two parts: the transmitted
signal and the local oscillator (LO) signal. The
transmitted signal and LO signal can be written (am-
plitude is ignored) as

51 (1) =510 (0) = exp{Jl2n(fot + kt* /1 2) + (@O}, (1)

where fy is the central frequency, & is the chirp rate, ¢
is the fast time, and &(?) is the nonlinear phase term.
After being reflected by the targets, the received
signal from N targets is the sum of a delayed version
of St(2).

N .
sp (1) = Zi:l exp{jl2n(f,(t—7,) )
+k(t-1,)/2)+e(t—1,)].

The dechirp method is applied to reduce the
sampling rate in FMCW radar, so that the beat signal
is the multiplication of the received signal and the LO
signal. After the wideband mixer and low-pass filter,
we may obtain the beat signal as

N
sb(t)=Zexp | 2m| for, + +ktz,
i=l Torgel rang
get range

A3)
~k )2 |+e(t)-e(t—1,)
%,_/ %,—/

RVP Nonlinearity

According to the principle of FMCW radar
ranging, the beat frequency k;#7; is proportional to the
target’s range, which can be measured accurately via
the fast fourier transform (FFT). The residual video
phase (RVP) term in Eq. (3) is neglected for
short-range applications. The last nonlinear phase
term varies with the target range and seriously dete-
riorates the range resolution by spreading the energy
through different frequencies. To obtain a well-
focused ISAR image, the nonlinearity in the beat
signal is eliminated via the time-domain warping
method (Middleton et al., 2011; Anghel et al., 2014;
2015) or match Fourier transform (Wang et al., 2001;
Fu et al., 2012). For the remaining part of this paper,
we will assume that the nonlinearity has been elimi-
nated in the preprocessing stage.

The range of targets is measured by FFT and the
azimuth dimension can be obtained through the rela-
tive motion between the radar and the targets.

3 ISAR turntable model and back projection
algorithm

3.1 Signal model

Assume the translational motion has already
been compensated for and the target is rotating uni-
formly with angular velocity @. The sketch map is
shown in Fig. 3. The range between the radar and
rotation center is set to ro and the initial coordinates of
the target are (rp, 8,). Then, according to the cosine
law, the range between the radar and the target is
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y= \/r; + 17+ 25, sin(0, + o), 4)

where %, is the slow time of m pulses. Substituting
Eq. (4) into Eq. (3), the signal model can be expressed
as

s(t,t,)=oexp(j(4nr/d)+ j2nk t(2r/c)), (5)

where 4 is the wavelength and ¢ is proportional to the
scatterer reflectivity. When ro>r,, Eq. (4) can be

Taylor expanded as

r(m)=r, +r sin(6, + ot,)

(6)

=r,+y,cos(art,)+x,sin(wr,),

where x,, and y, are the Cartesian coordinates of target
P. In an RDA, the rotation angle is assumed to be
small, so that cos(wt,)~1, sin(wt,)~1, and Eq. (5) can
be approximated as (Lu and Bao, 1999; Zhang et al.,
2014)

r, +
Spp (4,2,) =0, €xp [j4n07yp]

2x 2(r, +
'CX[{_]QTI: ; thexP(ﬂnkthj.
c

(7
Target w
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! ?

) r
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R

Fig. 3 ISAR turntable model

In this case, the range-azimuth coupling is sep-
arated and only the linear phase terms exist, so that a

two-dimensional Fourier transform can be applied to
separate targets and the ISAR image is obtained.

3.2 Back projection algorithm

In an RDA, two assumptions are employed to
obtain the far-field small-rotation-angle ISAR image.
When the target is detected at a short range (such as
with a security check) or a high azimuth resolution is
needed, the RDA will fail due to ignoring the serious
range-azimuth coupling. A more accurate algorithm is
the time-domain BPA.

In BPA, the information from the target’s tra-
jectory is naturally used, which makes it best suited
when facing targets with highly nonlinear trajectories
(Ribalta, 2011). The delay between the radar and
targets is calculated, and then a coherent integration is
applied to obtain a focused azimuth image, which can
be written as

6, =X mess( -2 s Eerm | s
where S is the Fourier transform of s(¢, ¢,) and W, is
an azimuth windowing function.

In contrast to the RDA, the range between the
radar and targets is accurately calculated. Thus, no
approximation is used, which makes it suitable for
short-range and large-angle ISAR imaging. Eq. (8)
can be interpreted in three ways. First, the phase term
exp(—j4nr(m)/L) compensates for the motion of tar-
gets, which varies as the target and rotation change.
After that, a coherent integration works to increase
the azimuth resolution. Second, it is a decoupling
procedure. The term S is the pulse compression en-
velope denoting the range-azimuth coupling or the
MTRC. The phase term first compensates for the
range-dependent, second- and higher-order range-
azimuth coupling terms, and then a Fourier transform
works to integrate the linear azimuth phase to obtain a
well-focused azimuth image (Wang et al., 2010). Last,
phase compensation is equivalent to the generalized
match Fourier transform, which integrates the non-
linear phase term according to its variation. On the
basis of the explanations above, the BPA is equivalent
to the PFA or the keystone-formatting algorithm.

In an ISAR BPA, two inherent problems need to
be solved: the range between the radar and the rota-
tion center ro and the angular velocity w. As the target
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is non-cooperative, 7y and @ are not known. However,
many methods have been proposed to estimate them.
In this study, we use the minimum entropy to estimate
the two parameters (Martorella et al., 2005; Qiu and
Zhao, 2006).

4 Block-sparsity adaptive matching pursuit
algorithm

Limited by integration time, sidelobes in the
MF-based algorithms are inevitable, affecting the
image quality to some degree. In this case, com-
pressed sensing emerges and solves this problem. On
the other hand, when the radar resolution increases,
complex scatterers will span across the resolution
cells and become block targets. For this reason, the
block-sparse-based compressed sensing algorithms
are more suitable for ISAR super resolution imaging.
In this study, we propose a BSAMP to conduct ISAR
imaging with a wideband and large rotation angle. In
an ISAR scenario, block sparsity is always unknown.
Our proposed algorithm can find the optimal block
sparsity through iteration and by updating the support
set, under the condition of initial block sparsity and
step length. After that, the image can be reconstructed
rapidly and accurately.

4.1 Block-sparse model

Let S be the MxN data matrix of the ISAR echo
and o be the KxL matrix of reflectivity in the target
spatial domain. Stack § and & into a vector, i.e.,
yuna=vec(S), xkrxi=vec(s). Considering the addi-
tional noise n, the ISAR imaging model can be
written as

y=®x+n, 9)

where @ is the (MN)*(KL) dictionary matrix. For &=1,
2, ..., Kand =1, 2, ..., L, we obtain KL sub-signals
corresponding to all discretized spatial positions.
After stacking them into an (MN)*(KL) matrix, @ can
be written as @=[yi1, Y21, ..., VKI, Y225 e VK25 +-
Yo, ...,yKL].

In fact, the dictionary is a signal template for
every time and every position of signal model (5).
When implementing signal recovery, we manage to
search for the most suitable unit in the dictionary.
Once x is solved, an ISAR image of KxL is obtained.
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The problem is that only a few strong scatterers
exist in the scenario, which means only a few ele-
ments in x are nonzero and most are zero or near zero.

According to the theory of compressed sensing,
solving the unknown vector x is to find the sparsest
representation of a given signal, which can be ex-
pressed as an optimization program:

(10)

min||x||0 s.t. ||y - dix”2 <eg,

where ||x||0 is the /p norm of x, which counts the
number of nonzero elements in x, and ¢ is the error
tolerance threshold corresponding to the noise. The
optimization program in Eq. (10) is NP-hard and has
the restricted isometry property (RIP), which can be
convex relaxed as (Wang et al, 2011; Li and Qi,
2015)

min ||x||l s.t. ||y - d5x||2 <e.

)

Methods have been proposed to solve Eq. (11),
such as convex optimization and greedy algorithms.

The traditional sparse recovery model assumes
that the elements in x are independent. In practice,
however, there are some structural characteristics
between the elements. The recovery performance will
be increased if we take the signal correlation and
structural characteristics as prior information. The
commonly used structural feature is the block struc-
ture, which means there are ¢ blocks in x and each
block x; contains d; elements, i.e.,

T
.xj:[.xl,..."xjd1 ’“.’xdq,l-#l’“.’xd ] .

x]T x;]r

Corresponding to sparsity, block sparsity means that
only a few blocks in x are nonzero. To simplify the
problem, we assume that every block has the same
length, i.e., d=d. When d=1, block sparsity turns into
the general sparse problem.

Furthermore, the dictionary can be divided into ¢
blocks as

— T
¢_[¢13"'a(0d9"'a¢(q_|)d+1n”'9(0qd] . (13)
o b;
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In this case, solving the unknown vector x becomes
the optimization program below:
min|x],, st |y-oxf,<e (4
where ||x|| 20 counts the number of nonzero blocks,
or the blocks with nonzero /», norm. Methods as di-
verse as group lasso, group basis pursuit, and the

mixed b/l; program (Li et al, 2012) have been
adopted previously to recover the signal.

4.2 Reconstruction algorithm

In considering the sparsity adaptive matching
pursuit (SAMP) algorithm (Do et al., 2008), the
proposed BSAMP algorithm (Algorithm 1) can im-
plement signal recovery under unknown block spar-
sity. On the other hand, the excellent recovery per-
formance and high efficiency of block-sparse algo-
rithms are retained in this algorithm.

Algorithm 1 Novel block-sparsity adaptive matching
pursuit (BSAMP)

Input: echo vector y, dictionary matrix @, block length d, and
step size b.
Output: reconstructed signal x.

Step 1: initialization. Set x =0 and initialize residue ry=y,
initial block sparsity L=b,, stage index stage=1, and finalist
Fy=0.

Step 2: preliminary test. The index set S, ie., S=
max(” tﬁiT;f,-,l ||, L), forms according to the index of the L
largest projection value in the jth (=1, 2, ..., ¢) iteration. This
projection procedure can be implemented through the inner
product and /, norm.

Step 3: making a candidate list. The candidate list C; is the
union of the finalist ;| and the index set §}, i.e., C=F;-|US;.

Step 4: final test. Obtain the support block set F through

the least squares method, ic., F =max(Hd>Z~,y ZaL)s where

D, is  the

. T
, pseudo-inverse of @¢ and D¢ =

-1
(dig D, ) . ¢c, is a matrix consisting of the blocks from

@ corresponding to the candidate list.

Step 5: computing the residue. With the supports noted
above, the residue can be computed via the least squares
method as ¥ =y —®, D] y.

Step 6: adjusting block sparsity. If ||r||22 || Fiy ||2, then
stage=stage+1, L=stage xL, and turn to step 2; else, F=F, r/=r,
J=j+1.

Step 7: reconstruction. If j>¢q or the halting condition is
true, i.e., ||r||2<e, then quit the iteration. The reconstructed
signal is X = @] y.

As described in the SAMP algorithm, sparsity &
does not have to be known in our proposed algorithm,
which is, in practice, more realistic. Given the initial
block sparsity and step size, the finalist can be ob-
tained through iteration and adjusting the block spar-
sity adaptively. By using backtracking as step 3, there
is not just one support set that is found in the process
of projection. In addition, the support set is updated
and corrected at every iteration step, as shown in step
4; thus, a better reconstruction performance is real-
ized. The basic procedure for the BSAMP algorithm
is summarized in Fig. 4.

Initialization
*=0,r,=y.L=B,

stage=1,F, =&

Preliminary test
S, = max(HdllTrH Hz L)

Making candidate list
C,=F ,US,

Final test
F= max(Htpg yHZ L)

Computing residue
r=y-@,dly
Yes /Reconstruction
E=dy

No

Updating
F,=F,r=rj=j+1

Adjusting block sparsity
stage = stage + 1
L =stagex L

Fig. 4 Flowchart of the proposed algorithm

4.3 Computation cost

Unlike conventional block-sparsity recovery
algorithms, such as block OMP (BOMP), our pro-
posed algorithm uses an iteration operation, which
means that the computation cost depends on the initial
block sparsity L. It is easy to understand that when
L=1, we need about K iterations to recover the signal
with block sparsity K, i.e., O(K). When we choose
L=K, the number of iterations is about logKk, i.e.,
O(logK). In addition, the computation cost of each
iteration lies mainly in the preliminary test procedure.
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If the measurement matrix ®cR™ "

, then the com-
putation complexity is between O(mNlogK) and
O(mNK). Thus, advantages can be found in the
computation complexity of our algorithm compared
with the BOMP algorithm with O(mNK) and the BPA

with O(N°) (Ribalta, 2011).

5 Simulation and measurement results

In this section, simulations and real data pro-
cessing results are used to validate the proposed
BSAMP algorithm. This section will be divided into
two parts. Part one contains the simulations and the-
oretical analysis, which shows the superiority of the
proposed algorithm by comparison with MF-based
algorithms and traditional CS algorithms. The second
part contains the ISAR images of the corner reflectors
and a model airplane, which validates the algorithm’s
feasibility with real data.

5.1 Simulation results

To simulate the actual signal, the simulation is
conducted under the specifications of the aforemen-
tioned wideband FMCW radar system. The frequency
range is 11.85-18.05 GHz, with a bandwidth of
6.2 GHz, which means the theoretical range resolu-
tion is 2.4 cm. The period of the linear frequency
modulated (LFM) signal is 77.7 ms. Assume that the
azimuth resolution is equal to the range resolution,
and then the rotation angle is 23.8°. The angular ve-
locity is set to 0.02 rad/s. Finally, the beat signal is
sampled at a 192 kHz sampling rate.

In the first simulation, nine point targets are
distributed in the scene at about 5 m to the radar, as
shown in Fig. 5a. The ISAR images formed by
MF-based algorithms and CS algorithms are shown in
Figs. 5b-5f.

In Fig. 5b, only the target in the center of the
turntable is well focused and the other targets are
badly degraded for the far-field small-rotation-angle
approximation of the RDA. In comparison, a serious
range-azimuth coupling is taken into consideration
and no approximations are employed in the PFA and
BPA. Hence, better-focused ISAR images are ob-
tained. The difference between these two methods is
the numerical interpolation in the PFA, which can be
neglected if it is well designed. However, the sidelobe
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still affects the image quality in high-resolution ISAR
imaging. In Figs. 5e and 5f, we can recover the ISAR
images with the OMP and only one scatterer in a point
target, and the block length is d=1. Thus, there is
nearly no difference reflected between Figs. Se and
St

The next simulation is based on a model plane
composed of many point scatterers, where some
scatterers are gathered in a resolution cell and show
some characteristics of agglomeration. A simulation
based on the parameters above is shown in Fig. 6.

According to the analysis, the plane is badly
degraded in Fig. 6b. With the help of PFA and BPA,
the ISAR images in Figs. 6¢ and 6d are focused well,
but the scatterers in a resolution cell cannot be sepa-
rated and the images are contaminated by the sidelobe.
When using the OMP algorithm, not only the outlines
of the plane but also some false points are shown in
Fig. 6e. The problem with the OMP algorithm can be
interpreted as two factors. First, the OMP algorithm
neglects the block structure of the signal, which leads
to deterioration in the recovery performance. Second,
the sparsity (k=170) is relatively large in the scenario,
resulting in a decreased reconstruction rate. In com-
parison, with the block-sparse property, the signal can
be recovered better and the reconstruction rate is
higher even with the same sparsity (Wang et al., 2012),
as shown in Fig. 6f.

5.2 Real data results

Using the Ku-band FMCW radar system, meas-
urements on real targets were conducted. In the first
experiment, five corner reflectors were used to verify
the advantage of CS algorithms over MF-based algo-
rithms. In the scene, the corner reflectors are located
about 3 m away from the radar antenna and supported
by a foam cylinder. The turntable is driven by a step
motor with an angular velocity of about 0.02 rad/s.
After calculation, the rotation angle is 23.3°, corre-
sponding to the theoretical azimuth resolution of 2.46
cm. The scenario photo and ISAR images of the ex-
periment are shown in Fig. 7.

The RDA image (Fig. 7b) was seriously distorted
by the range-azimuth coupling. However, better per-
formance could be achieved with the PFAs and BPAs.
Compared to the images in Figs. 7c and 7d, we may
find that some strong sidelobes exist in the PFA and
the focusing ability is inferior to that of the BPA
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Fig. 5 Point target simulations: (a) target locations; (b) ISAR image with RDA; (c) ISAR image with PFA; (d) ISAR
image with BPA; (e) ISAR image with the OMP algorithm; (f) ISAR image with the BSAMP algorithm

due to its numerical operations. Though the sparsity is
k=5, we cannot obtain five targets with the OMP al-
gorithm because the corner reflectors are not ideal
points. In contrast, the result is correct in our pro-
posed algorithm. In fact, the step motor is another
target, except for the corner reflectors, detected by the
BSAMP algorithm, and the block sparsity is £&=6.

In the following experiment, a model airplane
was used to represent a complex target to be detected.

The plane was placed about 3 m away from the radar
and put on a foam cylinder. The length of the plane
was 110 cm with an effective wingspan of 120 cm.
The system parameters were the same as those used in
the experiment above. The scenario photo and ISAR
images are shown in Fig. 8.

Similar to the analysis above, some important
scatterers on the airplane were distorted in Fig. 8b. In
Figs. 8c and 8d, the nose, wings, tires, and engine can
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Fig. 6 Model plane simulations: (a) target locations; (b) ISAR image with RDA; (c) ISAR image with PFA; (d) ISAR
image with BPA; (e) ISAR image with the OMP algorithm; (f) ISAR image with the BSAMP algorithm

be recognized easily. With the OMP algorithm, we
can see that the outlines were combined with some
false targets, corresponding to the simulations in
Section 5.1. What is different from the simulations
and the corner reflectors in this experiment is that the
sparsity is unknown. In this way, our proposed algo-
rithm has a natural advantage in signal recovery. At-

tributed to the property of block sparsity, the

important components on the plane could be distin-
guished clearly with no influence from the sidelobe
and false targets. What is more, the more subtle the
division of the grid, the higher the resolution obtained
of the image, at the cost of increasing the amount of
calculation and memory. This experiment also shows
that ultra-wideband FMCW radar can be used for
high-resolution identification of low-altitude targets
such as UAVs.
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Fig. 7 Corner reflector experiments: (a) photo of the scenario; (b) ISAR image with RDA; (c) ISAR image with PFA;
(d) ISAR image with BPA; (e) ISAR image with the OMP algorithm; (f) ISAR image with the BSAMP algorithm

6 Conclusions

In this paper, we studied ISAR imaging with a
large rotation angle. The important range-azimuth
coupling was analyzed in the turntable model. To
solve the problem of sidelobe effects in MF-based
algorithms, compressed sensing was used. Consid-
ering the block-sparse property at high resolution and

unknown sparsity, we proposed the block-sparsity
adaptive matching pursuit algorithm. With a higher
reconstruction rate and without artificial settings, the
proposed algorithm was tested with simulations and
real targets. The results demonstrated its superiority
to MF-based and traditional CS algorithms. Future
work is needed to improve the anti-noise performance
of block-sparse algorithms.
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Fig. 8 Model airplane experiments: (a) photo of the plane; (b) ISAR image with RDA; (c) ISAR image with PFA;
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