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Abstract: Although compressed sensing inverse synthetic aper-
ture radar (ISAR) imaging methods are widely used in radar signal
processing, its reconstructing time and memory storage space
requirements are very high. The main reason is that large scene
reconstruction needs a higher dimension of the sensing matrix. To
reduce this limitation, a fast high resolution ISAR imaging method,
which is based on scene segmentation for random chirp frequency-
stepped signals, is proposed. The idea of scene segmentation
is used to solve the problems aforementioned. In the method,
firstly, the observed scene is divided into multiple sub-scenes and
then the sub-scenes are reconstructed respectively. Secondly, the
whole image scene can be obtained through the stitching of the
sub-scenes. Due to the reduction of the dimension of the sensing
matrix, the requirement of the memory storage space is reduced
substantially. In addition, due to the nonlinear superposition of the
reconstructed time of the segmented sub-scenes, the reconstruc-
tion time is reduced, and the purpose of fast imaging is achieved.
Meanwhile, the feasibility and the related factors which affect the
performance of the proposed method are also analyzed, and the
selection criterion of the scene segmentation is afforded. Finally,
theoretical analysis and simulation results demonstrate the feasi-
bility and effectiveness of the proposed method.

Keywords: compressed sensing (CS), inverse synthetic aperture
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1. Introduction

Nowadays, inverse synthetic aperture radar (ISAR) is
widely applied in many civilian and military fields. It
achieves the high range resolution by transmitting a large
bandwidth signal, and the high cross-range resolution is
obtained from the diversity of the radar visual angle to the
target. For the modern ISAR applications, high image re-
solution is usually essential to extract target features. How-
ever, with the requirement of image resolution increasing,
the high sampling rate and the high data rate have brought
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many difficulties to radar system design and process-
ing. Compressed sensing (CS) [1] provides a new solu-
tion to the aforementioned shortcomings in recent years
[2,3]. Then the system complexity and the data amount
can be reduced significantly by emitting the random chirp
frequency-stepped signal (RCFS), which transfers the ran-
domness of CS from the receiver to the transmitter [4,5],
while the anti-interference performance is enhanced, thus
this waveform has attracted widespread attention [6 – 8].

However, the main problems of ISAR RCFS imaging
methods based on CS are the long-time reconstruction
and the high requirements of memory storage space [6,9].
For example, assuming the observed scene is a 512×512
matrix and the dimension of the measurement data ma-
trix is 128×128, therefore the dimension of the sensing
matrix will reach 16 384×262 144. To deal with such a
large matrix, the processing time and required memory sto-
rage space should be large enough as well. The ex-
isting researches mainly focus on exploring new imag-
ing algorithms and imaging models to overcome these
problems. From the view of the algorithm, it is mainly
to explore the optimization algorithm which has higher
convergence speed, e.g. the matching pursuit algorithms
[10] and the SL0 algorithms [11]. From the perspec-
tive of imaging models, they can be generally classi-
fied into two categories: one kind is the two-dimensional
joint model, and the data are processed directly in the
form of matrix [12 – 15]. However, this method requires
that the transmitted signal form must be the same, so
the applicable scope of this model is limited. The other
is to transform the two-dimensional joint model into
two-dimensional decoupling model (i.e. range direction
imaging first, and then cross-range direction imaging).
However, when the resolution is high or the observed
scene is large, this method still needs a long recon-
struction time and the data storage requirement is also
growing. Besides, a range segmented reconstruction stra-
tegy for the CS SAR imaging scheme was proposed in
[16], but still relied heavily on computer performance.

To overcome the above-mentioned problems, the idea
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of scene segmentation is used to divide the observed scene
into several sub-scenes in this paper. Firstly, based on the
characteristics of the weak correlation between the echo
data of the sub-scenes, the problem of large scene recon-
struction is exchanged into the problem of several sub-
scenes reconstruction. Secondly, the corresponding sparse
reconstruction models are established for each sub-scene,
and the sub-scenes are reconstructed respectively. Finally,
all the sub-scenes are stitched together to get the whole
image. By segmenting the observed scene, the scattered
points are divided into different sub-scenes, so that the
number of scattered points which need to be reconstructed
is reduced in several sub-scenes, so the dimension of the
required sensing matrix is decreased. Then the purpose
of diminishing the requirement of the storage space is
achieved. Due to the nonlinear superposition of the recon-
structed computation time, the total processing time is also
lessened. In addition, the factors which affect the perfor-
mance of the proposed method are analyzed, and the prin-
ciple of scene segmentation is presented. At the same time,
using the idea of smooth treatment, the reconstruction er-
ror caused by the discontinuity of the data in the sub-scene
boundary is dwindled. Because all the sub-scenes are in-
dependent of each other, the sub-scene reconstruction can
be processed in parallel, and the computation time can be
further shortened. The proposed method has a high refer-
ence and application value in the field of real-time ISAR
imaging.

2. Echo model of RCFS ISAR based on CS

The RCFS signal can be considered as a random emis-
sion form of the traditional chirp frequency stepped-signal
(CFS). Assuming that a burst of CFS signals contains N

sub-pulses, although only M (M < N) sub-pulses are
randomly emitted from the RCFS signal, the equivalent
bandwidth can be achieved as well [6,7]. In the following
section, the RCFS ISAR imaging model is analyzed.

The waveform of the RCFS can be denoted as

sr(t̂, m, na) = rect

[
t̂

T

]
exp

[
jπμt̂2

] ·
exp[j2π(f0 + mnaΔf)t̂ ] (1)

where rect(·) denotes a rectangular window, M is the
number of sub-pulses in a burst, na = 0, 1, 2, . . . , Na de-
notes the nath burst, Na is the number of bursts, t̂ is the
fast time satisfying t̂ = [−T/2,−T/2+1/fs, . . . ,−T/2+
(H − 1)/fs] in which T is the pulse width, fs is the sam-
pling frequency, B is the sub-pulse bandwidth, μ = B/T

is the chirp rate, Δf is the frequency step, mna is a subset
of [0 : N − 1], and m runs 1 to M .

For the scattered points at range Rk, neglecting the re-
flection coefficient, the echo after Dechirp [17] can be ex-
pressed as

Sf (f, m, na) =
K−1∑
k=0

σk · sinc[T (f + 2μΔRk/c)]·

exp
{
−j
[
4π
c

fmna
ΔRk

]}
(2)

where fmna
= f0 + mnaΔf , σk denotes intensity of the

kth scattered point, and K is the number of the scattered
points.

Supposing that the target motion compensation has been
completed, and then ΔRk [2] can be approximated as

ΔRk ≈ yk + xkωta (3)

where ω is the rotational angular velocity, (xk, yk) is the
location of the kth scattered point in the target coordinates,
and ta is the slow time satisfying ta = (na − 1)MTr in
which Tr is the pulse repetition interval (PRI).

Transforming (2) into time domain yields

s(t̂, m, na) =
K−1∑
k=0

σkrect

(
t̂

T

)
·

exp
{
−j
[
4π
c

(fmna
+ μt̂)ΔRk

]}
. (4)

An ISAR image reflects the locations and intensions of
the strong points of the target. Strong scattered points usu-
ally take up only a fraction of the observed scene. How-
ever, echoes from weak scattered points contribute little
to the image formation. Therefore, the scattered points are
expected to be sparse in the ISAR image and ISAR imag-
ing can be formulated as a sparse recovery problem. When
building the sparse reconstruction model of the observed
scene, echoes are usually turned into vector forms, which
leads to the higher requirement of the processing capacity
of the processing equipment and memory storage space,
or even impossibility of achieving [6,7]. In order to alle-
viate these problems, this paper builds the sparse recon-
struction model based on the two-dimensional decoupling
model. First, the range sparse reconstruction model can be
expressed as

S(na) = Ψ ′(na)θ(na) + E (5)

where S(na) denotes the echo signal of the nath
burst, (·)T is the transpose operator, and S(na) =
[s(t̂, 1, na), . . . , s(t̂, M, na)]T ∈ CMH×1, θ(na) ∈
CP×1 is the range profile, and P is the sampling points
of the range, and E is the additive noise. S(na) can be re-
garded as the measurement data of the traditional CFS sig-
nal because only M sub-pulses are transmitted, Ψ ′(na) =
[Ψ ′(na, 1), . . . ,Ψ ′(na, m), . . . ,Ψ ′(na, M)]T is the sen-
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sing matrix, and Ψ ′(na, m) ∈ CH×P satisfying
Ψ ′(na, m) = exp[−j4π(fmna

+ μt̂(h))ΔR(p)/c] in
which ΔR is the discrete length of the range.

For Na bursts, we can obtain

S = Ψ ′θ + E (6)

where S = [S(1), S(2), . . . , S(Na)] ∈ CMH×Na, Ψ ′ is
an MH×PNa matrix, and θ = [θ(1), θ(2), . . . , θ(Na)] ∈
CP×Na.

For the cross-range direction, the reconstruction model
can be written as

Y ′ = Φ′θT = ΦH ′σT + E = Ψ ′
aσT + E (7)

where Y ′ ∈ CNa′×P , Na′ < Na is the randomly se-
lected cross-range data, Φ′ ∈ RNa′×Na is the measure-
ment matrix, Ψ ′

a = [Ψ ′
a(1), . . . ,Ψ ′

a(na), . . . ,Ψ ′
a(Na)]

is the sensing matrix, and Ψ ′
a(na) ∈ RNa′×Q,

H ′ ∈ CNa×Q is the basis matrix satisfying H ′ =
exp[−j4πf0ωΔL(q)(na − 1)MTr/c] in which ΔL is the
discrete length of the cross-range, and σ ∈ CP×Q is the
observed scene.

So far, the reconstruction model of RCFS ISAR based
on CS is obtained by (6) and (7). From (6) and (7), we
can get the size of σ, that is the sampling points of the ob-
served scene, and directly impacts the size of the sensing
matrix Ψ ′ and Ψ ′

a. In order to reduce the reconstruction
time and the memory storage space requirement, the sam-
pling points or the observed scene size need to decrease,
which we would rather not see. Therefore, a fast imaging
method is studied in the next section.

3. Fast imaging method based on
scene segmentation

When using CS to reconstruct the observed scene, there are
two main factors that determine the processing time: one
is the number of scattered points in the scene; the other
is the dimension of the sensing matrix, which also deter-
mines the demand of memory storage space. Based on the

above reasons, the original scene is divided into several
sub-scenes in this paper, and due to the nonlinear superpo-
sition of the reconstructed time, the reconstruction time is
shortened. On the other hand, the dimension of the sensing
matrix is reduced which makes the memory storage space
requirement lower. First of all, the principle of reducing
the reconstruction time is given by the method of scene
segmentation.

Suppose A represents the number of scatter points in
the observed scene, B and C are the dimensions of the
sensing matrix. The range and cross-range of the observed
scene are divided into I and J segments respectively, that
is, the whole scene is divided into D = IJ sub-scenes.
For the sub-scene, the range points are P ′ = P/I and
the cross-range points are Q′ = Q/J . Then the compu-
tational complexity can be expressed as O(ABC) before
the scene segmentation and O(ABC/DIJ) is the com-
putational complexity after the scene segmentation. Appa-
rently, the following formula is satisfied:

O(ABC) � D

[
O

(
A

D

B

I

C

J

)]
= D

[
O

(
ABC

D2

)]
.

(8)
Clearly, after the scene segmentation, the scattered

points are divided into sub-scenes, and the correspond-
ing sensing matrix dimension is reduced, which can re-
duce the reconstruction time and the memory storage space
requirement.

Fig. 1 shows the specific implementation process of the
scene segmentation and the main steps of the method are
as follows:

Step 1 We first divide the scene in the range direction,
and the range imaging reconstruction model is constructed
to obtain the corresponding range imaging of sub-scenes.

Step 2 Divide the observed scene in the cross-range
direction, and the corresponding cross-range imaging re-
construction model is constructed. Then the sub-scene re-
construction is accomplished.

Fig. 1 Sketch of the scene segmentation method
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Step 3 Stitch all the sub-scenes according to the seg-
mentation order, and finally obtain the whole image.

Because the reconstruction of each sub-scene is inde-
pendent, the parallel processing method can be adopted,
and the computation time will be further reduced.

Based on the above analysis, the detailed implementa-
tion process of the fast imaging method based on the idea
of scene segmentation is given in the following section.

(i) Range direction reconstruction

Firstly, the range reconstruction of the sub-scene is per-
formed. Segmenting the scene along the range direction
and we can obtain I sub-scenes. Then the reconstruction
processing can be written as

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

S = Ψ1θ1 + E1

...
S = Ψ iθi + Ei

...
S = Ψ IθI + EI

(9)

where θi = [θi(1), θi(2), . . . , θi(Na)] is the range pro-
file of the ith sub-scene, θi = [θi(1), θi(2), . . . , θi(Na)]
is a P ′ × Na matrix, P ′ = P/I , Ψ i =
[Ψ i(1),Ψ i(2), . . . ,Ψ i(Na)] is the sensing matrix
and the component Ψ i(na) satisfying Ψ i(na) =
[Ψ i(na, 1), . . . ,Ψ i(na, M)]T in which Ψ i(na, m) is an
H × P ′ matrix, Ψ i(na, m) can be expressed as

Ψ i(na, m) =

⎡⎢⎢⎢⎢⎢⎢⎣

exp[jaFm(1)ΔRi(1)] · · · exp[jaFm(1)ΔRi(p)] · · · exp[jaFm(1)ΔRi(P ′)]
...

. . .
...

. . .
...

exp[jaFm(h)ΔRi(1)] · · · exp[jaFm(h)ΔRi(p)] · · · exp[jaFm(h)ΔRi(P ′)]
...

. . .
...

. . .
...

exp[jaFm(H)ΔRi(1)] · · · exp[jaFm(H)ΔRi(p)] · · · exp[jaFm(H)ΔRi(P ′)]

⎤⎥⎥⎥⎥⎥⎥⎦ (10)

where ΔRi denotes the discrete length of the ith sub-scene
in the range direction.

According to the theory of electromagnetic detec-
tion [18], no matter in what form the radar signal is, the
information of the target is mainly reflected in the ampli-
tude and phase of the echo signal. For the RCFS signal,
although sub-pulses in each burst is different, but they are
reflected by the same target, the echo signals contain the
same target information. That is to say, the echo signals
have the same sparse feature. Similarly, when the range
is segmented, the range profile of each sub-scene also has
joint sparse feature. Therefore, the distributed compressed
sensing theory [19] can be used to reconstruct (9), which
can improve the accuracy of the range profile reconstruc-
tion. It can be expressed as

θ̂i = argminSupp(θi)

s.t. ‖S −Ψ iθi‖2
2 � e (11)

where Supp(θi) =
⋃
na

Supp(θi(na)) denotes nonzero line

position set, and e is the noise level.

(ii) Cross-range direction reconstruction

By using the difference of Doppler information, the dif-
ference of the scattered points in the same resolution cell
can be distinguished. In order to reduce the cross range re-
construction time, the cross range direction can be divided
into J sub-scenes. Let A(i, j) denote the (i, j)th sub-scene,
then the A(i, j)th sub-scene reconstruction process can be
written as

θT
i = Hjσ

′T
i,j + E,

i = 1, 2, . . . , I; j = 1, 2, . . . , J ; n = 1, 2, . . . , P ′ (12)

where σ′
i,j ∈ CP ′×Q′

is the reflection coefficient matrix of

the A(i, j)th sub-scene, the sensing matrix Hj ∈ CNa×Q′

can be expressed as

Hj =

⎡⎢⎢⎢⎢⎢⎢⎣

exp{jbΔLj(1)Ta(1)} · · · exp{jbΔLj(q)Ta(1)} · · · exp{jbΔLj(Q′)Ta(1)}
...

. . .
...

. . .
...

exp{jbΔLj(1)Ta(na)} · · · exp{jbΔLj(q)Ta(na)} · · · exp{jbΔLj(Q′)Ta(na)}
...

. . .
...

. . .
...

exp{jbΔLj(1)Ta(Na)} · · · exp{jbΔLj(q)Ta(Na)} · · · exp{jbΔLj(Q′)Ta(Na)}

⎤⎥⎥⎥⎥⎥⎥⎦ (13)
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where ΔLj denotes the discrete length of the jth sub-scene
in the cross range direction, and Q′ = Q/I .

From a CS theory point of view, Yi can be viewed as a
low-dimensional measurement of θi:

Yi = ΦθT
i = ΦHjσ

′T
i,j + E = Θjσ

′T
i,j + E,

i = 1, 2, . . . , I; j = 1, 2, . . . , J (14)

where Yi ∈ CNa′×P ′
, Na′ < Na is the measurement

data, Φ ∈ RNa′×Na is a measurement matrix, and Θj ∈
RNa′×Q′

is a sensing matrix.
Similarly, the final result σ′

i,j can be obtained by solving
the following expression:

min ‖σ′T
i,j‖1

s.t. ‖Yi −Θjσ
′T
i,j‖2

2 � e. (15)

(iii) Sub-scenes splicing
For σ′

i,j , splice sub-scenes according to the segmenta-
tion order and obtain the final big scene finally.

σ =

⎡⎢⎢⎢⎢⎢⎢⎣

σ′
1,1 · · · σ′

1,j · · · σ′
1,J

...
. . .

...
. . .

...
σ′

i,1 · · · σ′
i,j · · · σ′

i,J
...

. . .
...

. . .
...

σ′
I,1 · · · σ′

I,j · · · σ′
I,J

⎤⎥⎥⎥⎥⎥⎥⎦ (16)

In the radar observation, the echo signal is the superpo-
sition of all the scattered points. Therefore, it is impossible
to segment the echo data in the data domain. The scene seg-
mentation reconstruction method mainly makes use of the
characteristics of echo data in different scenes that are un-
related to each other, and ignores the effect of other scene
data in the selected sub-scene reconstruction; meanwhile,
it will inevitably cause the loss of reconstruction quality. In
addition, the observed scene is artificially divided into sev-
eral sub-scenes during the segmentation operation, and the
reconstruction error of the scattered points at the boundary
will be increased. In order to make a tradeoff between the
reconstruction time and image quality, we can divide the
observed scene according to the following principles in the
actual operation:

i) Ensure the points of range direction and cross range
direction of the segmented sub-scenes are larger than the
total measurement data points, which make the sub-scene
data occupy a large proportion in the echo data;

ii) In the segmentation of the observed scene, we can
appropriately increase the number of segments to the di-
rection which has more discrete points. For example, if the
cross range direction has more points, we can appropri-
ately increase the number of segments in the cross range

direction, so that the computation complexity will be re-
duced significantly and the less quality loss of the recon-
struction can be ensured, and vice versa;

iii) To adopt the idea of smooth treatment for scene seg-
mentation. That is to say, each sub-scene can overlap with
each other, this method can reduce the impact of the data
discontinuity at the boundary. In practical, the overlapping
points are set as 5 – 10 to achieve a better reconstruction
result.

4. Performance analysis

For the above imaging method, the corresponding com-
pressive sensing algorithm must be used. At present, there
are many kinds of CS algorithms [9 – 11] presented, be-
cause the orthogonal matching pursuit (OMP) algorithm
has the advantages of high reconstruction speed, simple
structure, and easy quantitative analysis, it is often used in
ISAR imaging [10]. In order to facilitate the comparative
analysis, this paper uses the distributed OMP algorithm to
dispose the range direction [20], using the OMP algorithm
to carry out the cross-range direction processing.

4.1 Computation complexity analysis

After the scene segmentation, the sensing matrix is divided
into a number of small matrices. The total computation
burden is the sum of the computation complexity for the
small sub-scenes reconstruction. Specifically, it includes
the following aspects:

The traditional CS based reconstruction method needs
to stack the column of the data matrix in one column vec-
tor. Assuming that G is the sparse degree of the observed
scene, thus the total computation cost of the traditional
method is T1 = O(GMHNaPQ) [16]. For the CS re-
construction method based on the two-dimensional decou-
pling model, the computation complexity mainly focuses
on (6) and (7). Suppose that the sparse degree of the range
and cross range are K1 and K2, respectively. Therefore,
the total computation burden is T2 = NaO(K1MHP ) +
PO(K2Na′Q). For the proposed method, the computation
cost mainly focuses on (9) and (14), respectively. Because
of the scene segmentation, the sparse degree of the range
and cross range for each sub-scene are changed to K1/I

and K2/J , respectively. Then the total computation com-
plexity is T3 = NaO(K1MHP/I) + PO(K2Na′Q/J).

It can be seen that the computation cost of the proposed
method is much lower than the other two methods. It is
obvious that the more segments can contribute to smaller
matrices, which results in reduced computation cost. Since
each sub-scene is independent of each other, if we take the
method of parallel processing, the processing speed will be
faster.
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4.2 Storage space requirement analysis

The larger the dimension of the sensing matrix is, the more
storage space is needed. The sensing matrix dimension of
the method 1 equals to the dimension of the data matrix
multiplied by the dimension of the reconstructed scene,
i.e. MHNa × PQ. The dimension of the sensing matrix
required by the range reconstruction of the method 2 is
MH×P , and the cross range is Na′×Q. For the proposed
method, the dimension of the sensing matrix is related to
the number of the segments. For the range reconstruction,
the dimension of the sensing matrix is MH × P/I . And
for the cross range direction, the dimension of the sensing
matrix is Na′ × Q/J .

Comparing the storage space requirements of these
three methods, we can see that the storage space required
by the proposed method is the lowest. Based on the condi-
tions of the previous hypothesis, the max dimensions of the
sensing matrix are 16 384×262 144 and 128×512 for the
other two methods, respectively. Assuming the segmenta-
tion number is 4, and the max sensing matrix dimension of
the proposed method reduces to 128×128, which is suit-
able for the reconstruction of the larger scene and the con-
figuration of the computer is easy to satisfy.

4.3 Reconstruction accuracy analysis

In fact, the echo signal is the linear superposition of all
the scattered points in the observed scene, which cannot be
separated from the data field. For the proposed method, the
echo data are not divided too. It is assumed that the infor-
mation of scattered points in the other sub-scenes has no
influence on the reconstruction of the selected sub-scene,
and only uses the data related to the sub-scene in the echo.
Take the range segmentation as an example, for the se-
lected sub-scene, the echo data S(na) can be expressed
as

S(na) = S1(na) + S2(na) (17)

where S1(na) is the data which belong to the selected sub-
scene, and S2(na) denotes the data corresponding to other
sub-scenes.

Assuming that the OMP algorithm is used, it will re-
move the strongest scattered point data from the original
echo data and then search for the next scattered point in
each loop. The update process for data S(na) can be ex-
pressed as

rk = S(na) −ΨT k

i (na)θ̂′
i =

S1(na) −ΨT k

i (na)θ̂′
i + S2(na) (18)

where T k denotes the support set for the kth loop, θ̂′
i is the

value of non-zero elements.

It can be found from (18) that only the selected scene
data S1(na) are updated in each loop, but the data S2(na)
always exist, which will affect the reconstruction of the se-
lected sub-scene, resulting in the reduction of the recon-
struction precision. This effect is not obvious when the
number of segments is small, and the reconstruction loss
will be more obvious when the number of segments be-
comes larger. Therefore, in practice, it can be operated
according to the principle of scene segmentation which is
proposed in the last section.

5. Simulation analysis

5.1 Performance analysis with simulated data

To show the performance of the proposed algorithm, simu-
lation is performed. With reference to typical ISAR scenar-
ios, the parameters are selected based on an SF radar sys-
tem employing RCFS signals, which are listed in Table 1.
Thus the total bandwidth is NΔf = 500 MHz.

Table 1 Radar parameters

Parameter f0/GHz Δf /MHz B/MHz Tp/us N

Value 10 5 5 4 100

Parameter PRF/Hz fs/MHz SNR/dB Na M

Value 3 000 0.5 5 128 64

The target model is illustrated in Fig. 2. The intensity
of the scattered points is modeled as one-mean Gaussian
distributed variables with standard deviation 1.

Fig. 2 Target model

Simulation 1 Effectiveness verification
Assuming that the range and cross-range are sampled

into two vectors with points of P = 256 and Q = 192,
respectively. Seventy percent of the data in the cross-range
direction are used and the overlapping points are set as five
in the range and cross-range directions, respectively. Fig. 3
is the reconstruction result under different numbers of seg-
ments when the SNR is 5 dB.

It can be observed from Fig. 3 that with the number
of segments increases, the image quality does not change
significantly. Only a small number of false reconstruction
points appear when the segmentation number is 16, but
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the image quality is still good. Therefore, the proposed
method is valid and feasible.

Fig. 3 Reconstruction result under the different number of seg-
ments

Simulation 2 Reconstruction time comparison
The following experiments are run on a personal com-

puter with Core 2.93 GHz CPU and Matlab 7.8.0. The
imaging parameters are the same as Simulation 1. Fig. 4 is
the reconstruction time required for the proposed method
under different numbers of segments.

From Fig. 4, we can find that when the scene is seg-
mented, the reconstruction time is significantly reduced.
The reconstruction time decreases more significantly, es-
pecially in the case of a large number of segments. If
the sub-scenes are processed in parallel, the reconstruction
speed will be quicker, and it fully shows the advantages of
this proposed method.

Fig. 4 Reconstruction time required
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Simulation 3 Performance of imaging reconstruction
In order to show the imaging performance of the new

method, the imaging quality is measured by entropy and
target-to-background ratio (TBR) [21] in this section. If the
conditions are unchanged, Fig. 5 and Fig. 6 are the entropy
and TBR of the imaging result under different SNR condi-
tions.

Fig. 5 Entropy values

Fig. 6 TBR values

By comparing results under different SNRs and num-
bers of segments, we conclude that the lower the SNR
is, the higher entropy and lower TBR values are, which
means the image quality decreases. When the number of
segments is smaller than six, image entropy and TBR va-
lues are approximately unchanged, so is the imaging qua-
lity under the same SNR conditions. As the number of
segments increases, the proportion of sub-scene data in
the total measurement data gradually decreases, and the
image quality becomes worse. When the SNR is higher
than 5 dB, entropy and TBR values are approximately un-
changed, which means that the quality of the imaging re-
sult is steady. When the SNR is – 5 dB, the imaging quality
decreases dramatically.

5.2 Performance analysis with measured data

In order to further validate our method, the measured data
are utilized in [22]. The overlapping points are set as five
and 80% of the data in the range and cross range directions
are used. The imaging results under different numbers of
segments are depicted in Fig. 7.

Visual inspection of these results reveals that the quality
of the image is degraded along with the increasing num-
ber of segments in accordance with the simulation results
showed in Fig. 7. However, when the number of segments
is smaller than 16, the image quality can also be accepted.
But when the scene is divided into 16 sub-scenes, the qua-
lity of the reconstructed image would be relatively poor
and could no longer be accepted. The reconstruction time
required and the entropy and TBR of the image for the pro-
posed method are shown in Fig. 8 – Fig. 10.



1086 Journal of Systems Engineering and Electronics Vol. 28, No. 6, December 2017

Fig. 7 Reconstruction results under different numbers of segments

Fig. 8 Reconstruction time required

Fig. 9 Entropy values

Fig. 10 TBR values

From Fig. 8 – Fig. 10, we can draw the same conclusion
as the previous section. Therefore, the results verify the
correctness and effectiveness of the new method.

5.3 Selection criterion

Because the image quality of the new method is decreased
with the increasing of the number of segments, it also li-
mits the further reduction of the reconstruction time. In
practical, we need to make a tradeoff between the num-
ber of segmentation and the quality of the image. In order
to give the reference criterion for the selection of the seg-
mentation number in real applications, this paper defines
an entropy and processing time based cost index (CI) to
evaluate the performance of the new algorithm under dif-
ferent segmentation number conditions. The cost index is
defined as

CI = abs
(

[T (i) − T (1)]/T (1)
[En(i) − En(1)]/En(1)

)
(19)

where T (i) denotes the processing time for the ith scene
segmentation. Similarly, En(i) denotes the entropy of the
imaging result for the ith scene segmentation.

In (19), the imaging performance is measured under the
condition of different segmentation numbers according to
the ratio of the entropy change rate and the change rate
of the processing time. That is to say, the larger the CI
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value is, the magnitude of the processing time reduction is
greater than the magnitude of the image quality reduction.
It also shows that the corresponding segmentation number
is better. The following Table 2 shows the cost index value
under different segmentation numbers.

Table 2 Cost index value under different segmentation numbers

Segmentation CI value
number Simulated data Measured data

2 53.9 108.43
4 34.03 36.98
6 35.38 27.06
9 21.25 12.72
12 14.59 7.18
16 11.53 4.13

Apparently, when the segmentation number is 2, we can
get the largest CI value, which means that the highest cost
performance of the proposed method. This index suggests
the better selection criterion of the segmentation number in
real applications.

6. Conclusions

In this paper, a fast imaging method of RCFS ISAR is pro-
posed based on the idea of scene segmentation. By dividing
the large scene into several sub-scenes, the reconstruction
time and the memory storage requirement is reduced. This
method can also reduce the requirement of hardware, and it
is suitable for the reconstruction of large observed scenes.
It is necessary to note that the segmentation number and
the overlapping points affect the image quality, since only
segmentation number is considered. We plan to further in-
vestigate the corresponding issue in future work.
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