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Abstract. In the application of three-dimensional imaging inverse synthetic
aperture radar, the existing matching tracking-based compression tracking
reconstruction algorithm has many problems, such as large computer storage
and low computational efficiency. Based on the Orthogonal Matching Pursuit
(OMP) algorithm, this paper proposes a dimensionality-compressive sensing
reconstruction method Kron OMP based on the sparseness of the Inverse-
Synthetic-Aperture-Radar (ISAR) target and the three-dimensional separability
of the perceptual matrix. Firstly, a three-dimensional ISAR imaging model is
established, and the Kronecker product expression method is used to split the
perceptual matrix and transform the 3D reconstruction into a two-dimensional
reconstruction problem. Comparing the time and memory consumption of the
algorithm, the Kron OMP algorithm reduces the computer memory requirements
of the perceptual matrix by more than 95% during the reconstruction process
and reduces the computation time by more than 90%. Simulation experiments
verify the effectiveness of the algorithm.

Keywords: Compressed sensing � ISAR � OMP � Three-dimensional imaging �
Signal reconstruction

1 Introduction

Compared to optical imaging, microwave imaging offers all-weather, all-day, long-
range detection and high resolution. Inverse-Synthetic-Aperture-Radar (ISAR) is a
high-resolution imaging system [1]. A high resolution of the range is achieved by
transmitting a wideband signal, and a high resolution is achieved in the azimuth and
pitch directions by inversely synthesizing the aperture. For turntable measurement
systems, large-scale sampling of azimuth and pitch directions will consume a large
amount of test time, while dense sampling of wideband signals will place higher
demands on hardware devices. In 2006, Candes et al. used mathematical derivation to
prove that the original signal can be reconstructed by partial Fourier transform coef-
ficients, which lays the theoretical foundation of Compressed Sensing (CS) [2]. Based
on these results, Donoho formally proposed the concept of compressed sensing theory
and related theoretical framework [3]. The compressed sensing method utilizes the
sparseness of the signal, and reconstructs the original signal based on the amount of
measured data of the signal is much smaller than that of the traditional sampling
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method, which breaks through the limitation of the Shannon-Nyquist sampling theo-
rem. After the theory of compressed sensing, Baraniuk first proposed the application of
compressed sensing theory to radar imaging in 2007 [4]. Since then, the application of
compressed sensing to radar imaging has received extensive attention from scholars at
home and abroad, and has achieved a series of research results [5–8]. At present,
typical reconstruction algorithms can be divided into three categories: (1) Convex
optimization algorithm, which is solved by transforming non-convex problems into
convex problems. This type of algorithm requires less measurement and high recon-
struction accuracy, but the computational complexity is high and the efficiency is low.
(2) Combining algorithms to reconstruct signals by packet detection. Although this
type of algorithm is faster, it requires a special structure to be included in the mea-
surement object and the observation matrix is sparse. (3) The greedy algorithm
approximates the original signal by selecting the atom most relevant to the original
signal. This type of algorithm has low computational complexity and high efficiency,
and has become the mainstream algorithm [9]. OMP algorithm is one of the most
representative greedy algorithms. It has the advantages of simple implementation,
stable performance and low computational complexity. It has been widely studied by
scholars. However, the compressed sensing algorithm reduces the sampling rate of the
system, improves the imaging quality and reduces the amount of sampled data, while
increasing the requirements of the algorithm for computer memory during the recon-
struction process. For the OMP reconstruction process in the 3D ISAR scenario, the
measurement matrix can easily reach hundreds of GB, and the computer memory
cannot store such huge data explicitly. Therefore, it is urgent to study a new method to
solve this problem.

At present, the research on the field of ISAR three-dimensional imaging for
compressed sensing mainly includes the following contents. In [8], the theory of
compressed sensing is applied to the reconstruction process of InISAR two-
dimensional image, and then multiple two-dimensional images are synthesized into
three-dimensional images by conventional restoration method. However, this single
processing method is insufficient, and the premise of using this method is different
coherence. The antennas have the same sparse support. In [10], InISAR imaging is
proposed as a kind of multi-channel ISAR imaging, and combined with sparsity
constraints to improve the accuracy of target height estimation. In [11], under the
premise of small target size, the perceptual matrix is set to a one-dimensional long
vector by means of compressed sensing method, and the target three-dimensional
image is reconstructed by OMP method. Reduced sampling rate and reduced sampling
time, but increased the need for memory. In [12], based on the 3-dimensional
decomposable property of the echo matrix, a dimensionality reduction method is
proposed to develop the three-dimensional ISAR problem into two-dimensional cal-
culation. The method uses 2DSL0 method to process the two-dimensional data to
reduce the storage capacity. The computational efficiency is improved, but the 2DSL0
method has the problems of low imaging dynamic range and many false scattering
points, and this method has high requirements for parameter selection. In [13], a two-
dimensional joint super-resolution method is proposed. Based on the echo signal of
pulse compression, an imaging algorithm suitable for three-dimensional is proposed,
but the algorithm is mainly used for MIMO imaging with low resolution. In [14], the
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scene segmentation method is used to divide the large scene into several small scenes
for imaging separately, and finally the results are stacked in order to obtain the ISAR
three-dimensional image in the large scene. The algorithm improves the calculation
speed while solving the ISAR three-dimensional imaging problem in large scenes, but
it has strict requirements for scene segmentation. Once the scattering point is at the
edge of the sub-scene, it will generate a strong reconstruction of nearby sub-scene
interference.

In this paper, when the matching tracking algorithm is applied in 3D ISAR
imaging, the echo is complex, the data volume is large, and the computational com-
plexity is high, which makes it difficult to calculate. According to the 3D separability of
the radar echo sparse dictionary and the compressed measurement matrix, the Kro-
necker product is utilized. The way to expand the 3D signal to 2D, using Kron OMP
processing method, the perceptual matrix of the reconstruction process reduces the
computer memory requirements by more than 95%, and shortens the calculation time
by 90% the above. The remainder of this paper is organized as follows: Part 2 derives
the three-dimensional representation model of the radar echo signal, and Part 3
introduces the process of three-dimensional model expansion to two-dimensional, and
introduces the solution to the three-dimensional ISAR compression-aware Kron OMP
algorithm. The fourth part is The MATLAB simulation results of simple targets, the
fifth part is the FEKO simulation results of complex targets, and the sixth part is the
summary of the article.

2 3D ISAR Imaging Model Based on Compressed Sensing

In this paper, the three-dimensional imaging method optimization of the turntable target
is studied. For the ISAR imaging of the moving target, after motion compensation, the
model can be equivalent to the three-dimensional turntable model. Therefore, this
research has universality for ISAR imaging. The schematic diagram of the relationship
between radar and turntable targets is as follows:

The target coordinate system X-Y-Z is established with the target center as the
coordinate origin, which rotates with the target. Another coordinate system u-v-n is
established along the direction of the radar, which is fixed and does not rotate with the
target. Radar can get high resolution in range direction by transmitting broadband
signals. As shown in Fig. 1, target rotates around n axis with azimuth angle h and
rotates around axis v with pitch angle u. The azimuth and pitch inverse synthetic
aperture scans are used to obtain high resolution in these two directions. The distance
between the radar and the turntable target center is R0. At the moment t, the projection
of a point P(X, Y, Z) on the target along the u axis in the u-v-n can be expressed as:

RðtÞ ¼ R0 þ xcoshðtÞcosuðtÞ � ysinhðtÞcosuðtÞþ zsinuðtÞ ð1Þ

Where, u(t) represents the change of the angle versus time in pitch direction. h(t)
indicates the change of the angle versus time in azimuth direction. Using stepped
frequency radar signal, the initial frequency is set to f0, the frequency step length is Df,
the frequency bandwidth is B = (N − 1)Df, and the stepped frequency number is N.

Compressed Sensing ISAR 3D Imaging Methods Based on OMP Algorithm 281



Considering the far-field and small-angle observation conditions, after mixing the echo
data, the echo data of the m-azimuth, the l-elevation and the n-sampling frequency
points can be expressed as follows:

s fn; hm;ulð Þ ¼
XI

i¼1

ri exp �j
4pfnR
c

� �

¼
XI

i¼1

ri exp �j
4pfn
c

xi cos hm cosul � yi sin hm cosul þ zi sinulð Þ
� �

¼
XI

i¼1

ri exp �j
4pfn
c

xi � yi þ ziulð Þ
� �

ð2Þ

Where ri is the scattering coefficient of the ith (i = 1,2, …, I) scattering point in
the target space. The frequency of the nth pulse is fn = f0 + (n − 1)Df, n = 1,2, …, N.
The azimuth and pitch observation angles are discretized. The azimuth angle is hm =
(m − 1)Dh, where Dh is azimuth angle sampling interval and the pitch angle is
ul = (l – 1) Du, l = 1,2, …, L, where Du is pitch angle sampling interval. Three-
dimensional scattering distribution r = [rp,q,k] P � Q � K can be obtained by
discrete sampling of the scattering rate function of the object.

xp ¼ pDx; p ¼ 1; 2; . . .;P
yq ¼ qDy; q ¼ 1; 2; . . .;Q
xk ¼ kDz; k ¼ 1; 2; . . .;K

8<
: ð3Þ

Where Dx = c/2(P − 1)Df, Dy = k0/2(Q − 1)Dh and Dz = k0/2(K − 1)Du
respectively represent the resolution of the three dimensions. P = E1N, Q = E2M,
K = E2L. E1, E2, E3 are the super-resolution multiples of the three directions,
respectively. In case E1 = E2 = E3 = 1, the imaging resolution is consistent with the
traditional method. k0 = c/f0 is the initial signal wavelength, in general k0 � kn,
therefore, Eq. (2) can be written as:
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Fig. 1. Relative position between radar and the target on the turntable
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When the scattering point distribution r = [rp, q, k]P � Q � K is sparse, it can be
solved by compressed sensing. Write the formula in the form of a matrix or a vector.
S = [yn, m, l] N � M � L represents the 3D observation echo matrix and change the
matrix into a vector:

SNML�1 ¼ ½sð1; 1; 1Þ . . . sðN; 1; 1Þ . . . SðN;M; 1Þ . . . SðN;M;LÞ�T ð5Þ

At the same time, the target scattering point distribution is also changed into a vector:

rPQK�1 ¼ ½r 1; 1; 1ð Þ . . . r P; 1; 1ð Þ . . . r P;Q; 1ð Þ . . . r P;Q;Kð Þ�T ð6Þ

ur ¼ exp �2jppðn� 1Þ=Pð Þ½ �N�P, uc ¼ exp �2jppðm� 1Þ=Pð Þ½ �M�Q and uv ¼ exp½
�2jppðl� 1Þ=Pð Þ�L�K are respectively Fourier dictionaries in distance direction, azi-
muth direction and pitch direction. Based on the above formula, the relationship
between the observed data and the imaging space can be obtained as

SNML � 1 ¼ ðuv � uc � urÞrPQK � 1 ¼ uNML�PQKrPQK�1 ð7Þ

Where, � represents the Kronecker operator, uNML � PQK is the sensing matrix.
Formula (7) is the Kronecker decomposition for the three-dimensional ISAR imaging.
The compressed sensing can recover the original signal with a small number of sampling
points under the premise of target sparsity. The observation matrices in the three direc-
tions of distance, azimuth and elevation are respectively cr; cc and cv with the sizes
G1�N,G2�M andG3�L. The imaging formula by compressed sensing can be expressed as:

uG1G2G3�1 ¼ ðcvuvÞ � ðccucÞ � ðcrurÞrPQK�1 ¼ wG1G2G3�PQKrPQK�1 ð8Þ

Among them, Hv ¼ cvuv, Hc ¼ ccuc and Hr ¼ crur are the compressed sensing
dictionary matrix in the pitch direction, the azimuth direction and the distance direc-
tion, respectively. wG1G2G3�PQK is the global sensing matrix. Therefore, the compressed
sensing solution of this problem can be expressed as the following form:

br ¼ minr rk k0; s.t. s� wsk k2 � e ð9Þ

Where, �k kp means the lp norm.
Compressed sensing algorithm greatly reduces the amount of data needed for

measurement, reduces the testing time and improves the testing efficiency. However,
the requirement of computational resources is greatly increased in the process of
algorithm reconstruction. For example, for a matrix of radar echo data size
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61 � 61 � 61, the target space is imaged with 2 times resolution, which means
E1 = E2 = E3 = 2, the target space mesh size is equal to 121 � 121 � 121, and the
resulting perception matrix size is 226981 � 1771561. Conventional OMP algorithms
are difficult to calculate on ordinary computers and small workstations. When the
resolution is further increased, the sensing matrix will increase exponentially. The
reason for this problem is that the OMP algorithm used to solve the three-dimensional
imaging problem in vector, which makes the sensing matrix increase sharply, and it is
difficult to express it explicitly in computer memory.

3 Three-Dimensional Reduction Algorithm

In order to solve the problem raised in the second part, this paper improves the OMP
algorithm to solve the problem that the matching pursuit compressed sensing method is
difficult to calculate in the application of ISAR three-dimensional imaging. The method
flow is shown in the following figure (Fig. 2).

Firstly, we need to change three-dimensional echo data into two-dimensional form
along a certain plane [13]. Because the test space and target space studied in this paper
are cubic distribution, the range-pitch slice is chosen to change. In practice, it can be
changed in the direction with more test points, and better optimization results can be
obtained. Then Kron OMP algorithm is used to solve the two-dimensional recon-
struction problem. In the process of solving the problem, the scattering matrix of the
target needs to be arranged in two-dimensional form bgPQ�K. Finally, the two-
dimensional scattering coefficient distribution obtained by the solution can be rear-
ranged into three-dimensional. At this point, Eqs. (8) and (9) can be expressed as

UG1G2G3 ¼ ðHc �HrÞbgPQ�KH
T
v ð10Þ

bg ¼ ming g0k k; s:t: U � ðHc �HrÞbgPQ�KH
T
v2

�� ��� e ð11Þ

The details for solving the formula (11) using the Kron OMP algorithm are shown
in Table 1. The key of the algorithm is to avoid the explicit storage of the huge vector
and to store two dictionary matrices, which greatly reduces the demand for computer
memory.

N(f)
M( )

L( ) m

P(X)
Q(Y)

1 2 M-1 Mm... ...

qK( )

N N N N N N N

L

1 2 Q-1 Qq... ...

P P P P P P P

K

2D reconstruction
Data

measurement 

3D image

Fig. 2. Kron OMP ISAR 3D imaging flow chart
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The steps of 3D ISAR imaging algorithm based on OMP are as follows.
Input: Hv;Hc;Hr measurement vector in CS method uG1G2G3�1, scattering sparsity

of target K
Output: 3-D scattering distribution of Target
Kron OMP process steps:

(1) Let A ¼ Hc �Hr, B ¼ Hv, residual signal vector r ¼ uG1G2G3�1, index set X ¼ ;,
empty matrix u for saving estimation vector, iteration times k = 1;

(2) Find the index ii in sensing matrix w, which is the index of the column that has the
largest correlation with residual signal vector r. The specific method is to arrange
the residual signal vector r into two-dimensional matrix RNM�K. Calculate
yHr ¼ Hv �Hc �Hrð ÞHr ¼ Hc �Hrð ÞHRNM�KH

	
v ¼ AHRNM�KB	, and record

the row number and column number of the maximum;
(3) According to the row and column number acquired in step (2), find the corre-

sponding column vector in w.xk = B(:,col) � A(:,row), update index set
X ¼ X

S
iif g, update the matrix u ¼ u;xk½ �;

(4) Estimation by least square method br ¼ xH
k xk

� ��1
xH

k r;
(5) Updating residual signals r = u − xkbr, update k = k+1;
(6) Determine whether k > K is valid, if it is valid, stop iteration, otherwise, repeat

steps (2)–(5);
(7) Rearrange the result br into three dimensions, and output the 3-D scattering dis-

tribution of Target.

Through the above algorithm, we can solve the computational difficulty problem of
ISAR three-dimensional using compressed sensing. The original method needs to
perceive matrix memory O(MNLPQK). After adopting the new method, only O
(MNPQ+LK) size data need to be stored, and the demand for memory is reduced by
more than 95%.

4 MATLAB Simulation Results

The computer is Windows7 system and the processor is Intel(R) Xeon(R) X5650. The
two processors have a clock speed of 2.67 GHz and 2.66 GHz respectively, and the
installed memory is 48.0 GB. The MATLAB version is MATLABR2015b, and the
radar transmission frequency stepping signal is set. The simulation parameters are
shown in Table 1.

Table 1. Simulation parameter setting

Sampling frequency range 10 GHz – 11.5 GHz
Sampling frequency points number 61
Sampling azimuth range −4.3°*4.3°
Sampling azimuth points number 61
Sampling pitch angle range −4.3°*4.3°
Sampling pitch points number 61
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The target consists of 9 scattering points. The echo data is generated according to
the point scattering model. The target scattering point distribution and FFT imaging
results are shown in Fig. 3. The FFT imaging results are calculated by the ifftn function
in MATLAB. It can be seen that the method is imaged. The results have large side
lobes and the imaging dynamic range is small. The measured compression ratio d
defining the distance, azimuth and pitch directions is N/P, M/Q, L/K, respectively.
Assuming that the target scattering point number is known, Fig. 4 shows the CS
imaging result of the Kron OMP algorithm in the three-dimensional measurement
compression ratio d = 1, where the red circle represents the target point position set
during the simulation. The imaging target space uses a super resolution of E1 =
E2 = E3 = 2 times. At this time, the perceptual matrix of the original OMP algorithm
will reach thousands of GB, and the ordinary workstation cannot explicitly store the
matrix data, and thus cannot be calculated. The Kron OMP algorithm can be used to
image the target under the parameter by Kronecker multiplication integral solution. The

a. Target scattering

b. FFT imaging result

Fig. 3. Simulated target scattering point and FFT imaging results
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specific consumption time and memory comparison are shown in Table 2. Compared
with the FFT imaging results, the Kron OMP algorithm has no side lobes and the
imaging dynamic range is larger.

Figure 5 shows the CS imaging results of the original OMP algorithm and the
Kron OMP algorithm in the three-dimensional measurement compression ratio d = 3,
where the red circle represents the target point position set at the time of simulation.
The imaging target space adopts super-resolution of E1 = E2 = E3 times. At this time,
the time consumed by the sampling and the amount of processed data are greatly
reduced, and the memory consumed by the sensing matrix is greatly reduced. Com-
paring the imaging results of OMP algorithm and Kron OMP algorithm, the improved
algorithm imaging results are basically consistent with the original algorithm results,
and the original model can be restored better.

Comparing the OMP algorithm and the Kron OMP algorithm in Table 2 with
respect to time and memory consumption, the new algorithm can significantly reduce
the requirements of the ISAR compression-sensing 3D imaging for hardware memory
systems. In this example, the Kron OMP algorithm is used for different data volumes.
Computer memory requirements have dropped by more than 95%, and time has also
been reduced by more than 90%.

Fig. 4. CS Kron OMP imaging results by simulation when compression ratio d = 1 (Color
figure online)

Table 2. Comparison of original OMP and Kron OMP algorithm

Algorithm name OMP
(d = 1)

OMP
(d = 3)

Kron OMP
(d = 1)

Kron OMP
(d = 3)

Time consumption/s / 6.449 5.860 0.159
Memory
consumption/GB

/ 9.511 0.812 0.011
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5 FEKO Simulation Results

This simulation is simulated by the 2017 version of FEKO software. FEKO software is
a 3D full-wave electromagnetic simulation software. The simulation parameters are set
in Table 2. The target model is shown in Fig. 6, which is a 45° oblique view of the
model and a side view. The measured compression ratio d defining the distance,
azimuth and pitch directions is N/P, M/Q, L/K, respectively. Set the target sparsity
K = 100. Figure 7 shows the 3D imaging of the FFT algorithm. The FFT imaging
results are calculated by the ifftn function in MATLAB. It can be seen that the imaging
results have large side lobes and imaging. The dynamic range is small. Figure 8 shows
the CS imaging results of the Kron OMP algorithm when the compression ratio d = 1
is measured in three dimensions. The imaging target space uses double super resolu-
tion. At this time, the perceptual matrix of the original OMP algorithm will reach
thousands of GB, and the ordinary workstation cannot explicitly store the matrix data,
and thus cannot be calculated. The Kron OMP algorithm can be used to image the

a. OMP imaging results

b. Kron OMP imaging results

Fig. 5. CS Kron OMP imaging results by simulation when compression ratio d = 3 (Color
figure online)
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target under the parameter by Kronecker multiplication solution. The specific con-
sumption time and memory comparison are shown in Table 3. Compared with the FFT
imaging results, the Kron OMP algorithm has no side lobes and the imaging dynamic
range is larger.

Figure 9 shows the CS imaging results of the original OMP algorithm and the
Kron OMP algorithm when the three-dimensional measurement compression ratio is
d = 3. At this time, the time consumed by the sampling and the amount of processed
data are greatly reduced, and the memory consumed by the sensing matrix is greatly
reduced. Comparing the imaging results of OMP algorithm and Kron OMP algorithm,
the improved algorithm imaging results are basically consistent with the original
algorithm results, and the original model can be restored well.

a. Target oblique view

a. Target side view

Fig. 6. Simulation target model

Fig. 7. FFT imaging results by simulation when compression ratio d = 1
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Fig. 8. CS Kron OMP imaging results by simulation when compression ratio d = 1

Table 3. Comparison of original OMP and Kron OMP algorithm

Algorithm name OMP
(d = 1)

OMP
(d = 3)

Kron OMP
(d = 1)

Kron OMP
(d = 3)

Time consumption/s / 70.982 131.394 4.666
Memory
consumption/GB

/ 9.511 0.812 0.011

a. OMP imaging results

b. Kron OMP imaging results

Fig. 9. CS Kron OMP imaging results by simulation when compression ratio d = 3
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Comparing the OMP algorithm and the Kron OMP algorithm in Table 3 with
respect to time and memory consumption, the new algorithm can significantly reduce
the requirements of the ISAR compression-aware 3D imaging for the hardware
memory system. In this example, the Kron OMP algorithm is used for different data
volumes. Computer memory requirements have dropped by more than 95%, and time
has also been reduced by more than 90%.

6 Conclusion

Compressed sensing method applied to the field of ISAR three-dimensional imaging
will bring about the problem of large storage capacity and low computational effi-
ciency. The original OMP algorithm often cannot calculate because the memory
consumption of the sensing matrix is too large. In this paper, based on the OPR
algorithm, the prior information of sparseness in the spatial domain is used. Based on
the OMP algorithm, based on the 3D separability of the perceptual matrix, the
Kron OMP method based on the OMP method for ISAR compressed sensing 3D
imaging is proposed. The feasibility of the new algorithm is verified by MATLAB
simulation and FEKO simulation results. Comparing the time and memory consump-
tion of the two algorithms, the new algorithm reduces the memory requirements of the
computer by more than 95% and the time is also more than 90%.
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