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Abstract: Sparsity-based synthetic aperture radar (SAR) imaging has attracted much attention since
it has potential advantages in improving the image quality and reducing the sampling rate.
However, it is vulnerable to deliberate blanket disturbance, especially wideband noise interference
(WBNI), which severely damages the imaging quality. This paper mainly focuses on WBNI
suppression for SAR imaging from a new perspective—sparse recovery. We first analyze the impact
of WBNI on signal reconstruction by deducing the interference energy projected on the real support
set of the signal under different observation parameters. Based on the derived results, we propose
anovel WBNI suppression algorithm based on dechirping and double subspace extraction (DDSE),
where the signal of interest (SOI) is reconstructed by exploiting the known geometric prior and
waveform prior, respectively. The experimental results illustrate that the DDSE-based WBNI
suppression algorithm for sparsity-based SAR imaging is effective and outperforms the other
algorithms.

Keywords: synthetic aperture radar; sparse recovery; wideband noise interference; dechirping;
subspace extraction; denoising detection; orthogonal matching pursuit

1. Introduction

Synthetic aperture radar (SAR) is an active remote sensing modality for real-time information
acquisition. It plays a significant role in the fields of civil exploration and military reconnaissance,
owing to its capabilities of all-weather, all-time, and high-resolution imaging. Traditional SAR
imaging technology is based on matched filtering in the Nyquist sampling framework, which is by
far the most common but performs with some limitations. On the one hand, the increasing system
bandwidth proportional to the radar resolution poses a great challenge in signal acquisition and data
storage. On the other hand, the side lobe effect, which is caused by window functions in the process
of pulse compression, affects the visual quality of SAR images. Sparsity-based SAR imaging [1,2], as
a new radar imaging mechanism, has potential advantages in improving the image quality by
introducing sparse signal processing into the SAR system. Since the concept of compressed sensing
[3] has been proposed, radar imaging with incomplete data has become realizable by exploiting prior
information. This kind of imaging method is also known as compressed sensing radar imaging [4,5].

Most SAR systems operate in the microwave band, and they are inevitably subject to various
types of electromagnetic interference, including natural radiation and man-made interference, the
latter of which is used for deliberately protecting important targets or scenes by damaging the image
quality. Man-made SAR interference is divided into various categories based on different criteria. For
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example, the narrowband interference (NBI) and the wideband interference (WBI) are discriminated
in terms of the range of frequency band occupied, while incoherent and coherent interference can be
measured by structural similarity with the signal of interest (SOI). Generally speaking, coherent
interference, usually generated by digital radio frequency memory (DRFM) [6], theoretically
performs with higher efficiency, since the processing gain can be obtained after pulse compression.
However, this coherence is difficult to guarantee strictly in practical applications due to the
estimation error of motion and other signal parameters. Moreover, under the conditions of a large
scene, echoes of scattering points within the observation area overlap in the time domain, increasing
the coherent interference power required [7]. By contrast, incoherent interference is easier to
implement by a universal jammer with a simple structure, which directly sends disturbance
waveforms to the SAR system instead of intercepting, modulating, and repeating.

Wideband noise interference (WBNI) is one of the most typical incoherent interference types,
which blankets a specific area in an SAR image by enhancing the background noise level [8].
Intuitively, this kind of interference is inefficient, since it has a wide spectrum characteristic
compared to narrowband types, provided that the total power is constant. However, once the power
is no longer limited, which is actually possible because of current high-power microwave technology,
it becomes extremely difficult to deal with. For the sparsity-based SAR imaging system, this type of
interference is particularly destructive to signal reconstruction. There are three main reasons for this
statement. First, WBNI is characterized as the receiving noise [9] and is widely considered as the
optimal choice used for raising the false-alarm threshold and disrupting the potential attributes of
SO, such as the sparsity, according to the information theory. Second, given that the scheme based
on matched filtering and a high analog-to-digital converter (ADC) rate is replaced by that based on
nonlinear optimization (and low ADC rate if compressed observation is considered [10]) in the
sparsity-based system, the original coherent accumulation for improving the signal-to-noise ratio
(SNR) in the process of pulse compression may no longer exist, or it may be transformed into other
agnostic forms. Besides, when the observation dimension is less than the Nyquist requirement, the
noise folding effect [11,12] occurs, making the signal recovery more sensitive to the change of SNR.

Compared to narrowband interference, there is less literature on wideband interference
suppression for SAR, especially for sparsity-based imaging. Judging from the existing research
results, they can be grouped into parametric, non-parametric, and semi-parametric methods.
Parametric methods such as high-order ambiguity function (HAF) [13,14], fractional Fourier
transform (FrFT) [15], empirical mode decomposition (EMD) [16], and time-frequency analysis (TFA)
[17] are based on polynomial signal modeling, the performances of which are heavily dependent on
the order of the model. Non-parametric methods such as the time-frequency filtering (TFF) [18,19]
and the iteration-adaptive approach (IAA) [20] separate the signal and the interference by utilizing
their respective concentrations in the time—frequency domain, where the TFF method simplifies the
WBI to a series of instantaneous NBIs by short time Fourier transform (STFT). Sparse recovery, as a
kind of semi-parametric method, is state-of-the-art, especially in terms of reducing signal distortion.
It can be considered as an optimization problem of reconstructing a few coefficients with a given
dictionary. This kind of method is mainly used for suppressing structured WBI that can be sparsely
represented on a specified domain. For example, WBI based on sinusoidal-modulated or chirp-
modulated models is sparse on an inverse STFT basis, and it can be separated from SOI by time-
varying filtering [21] or alternative optimization algorithms [22,23].

Unfortunately, the methods mentioned above are not competent to suppress the blanket WBI
modulated by noise, i.e., WBNI, since it is difficult to find a suitable domain to effectively separate
the WBNI from the SOI. For the suppression of noise-like interference from the sparse perspective,
there are two alternative approaches. From the aspect of sensing recovery, basis pursuit denoising
(BPDN) [24] takes the disturbance component into account in the reconstruction model and weakens
the noise by decomposing the observed data into signal and residual components. It is a common
method, provided that the signal has been contaminated but the SNR is not quite low. The other way
is to filter the interference directly in the process of compressed observation, in which a feedback loop
composed of interference detection and adaptive selective sampling is introduced into the entire echo
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acquisition and processing procedures. The advantage of this adaptive compressed sampling (ACS)
method [25] is that the interference entrance is cut off from the source. Nevertheless, the signal
distortion and the high system complexity are the main limitations, since the prior is not fully utilized.

In this paper, we focus on the suppression of incoherent wideband noise interference for SAR
imaging from the perspective of sparse signal processing. Given that WBNI is hardly sparse on any
known domain, existing methods based on interference reconstruction and elimination are no longer
applicable. Fortunately, there is an incoherent relation between the WBNI and the SOI, making it
possible to extract useful components by exploiting the prior information of observation geometry
and transmitted signal, respectively. The geometric prior can be used to obtain a more compact
subspace from the Fourier basis that minimizes the projected energy of interference. The waveform
prior can be used to perform denoising detection and then extract possible atoms corresponding to
SOI, making the reconstruction more accurate and efficient. Based on the above considerations, we
propose a novel WBNI suppression approach based on dechirping and double subspace extraction
(DDSE) algorithms that can be applied to sparsity-based SAR imaging.

The main contents of this paper are divided into four parts. In Section 2, we provide a brief
review of sparsity-based SAR imaging. In Section 3, we analyze the impact of WBNI on sparse
recovery by theoretical derivation. In Section 4, we propose the DDSE algorithm for WBNI
suppression and present the detailed procedure. In Section 5, we carry out numerical experiments to
investigate the performance of the proposed algorithm.

2. A Brief Review of Sparsity-Based SAR Imaging

The raw echo of SAR is usually considered as the convolution of the scattering points and the
transmitted signal. The linear frequency-modulated (LFM) pulse is the most commonly used signal
type, since it has a larger time-bandwidth product to ensure resolution. The ideal receiving signal in
the analogy domain can be expressed as [26]:

s,(t,7) = flalwr[t—mea(T—rﬂ)exp[]’Zﬂfc [t_MJ+j”Kr[t_MJ ] 1)
- c

c C

where ¢ is the fast time in the range direction; 7 is the slow time in the azimuth direction; 7, is the
zero-Doppler time; L is the number of scattering points in observed scene; o, is the backscatter
coefficient of the I-th point; f, is the carrier frequency; c is the speed of light; R, is the oblique
distance between scattering point and SAR platform; K, is the frequency modulation slope; and
w () and w,(-) denote the rectangular window function in range and azimuth, respectively.

In sparsity-based SAR imaging models, the observed scene is assumed to be uniformly divided
into grids and composed of discrete scattering points, as shown in Figure 1. If the number of points
with large scattering coefficients is much smaller than that of grids, the scene can be considered sparse
in the space domain. Thus, the ergodic scattering matrix can be expressed as:

o(1L,1) - o(X1)
A=| T @)
a(LY) - o(X)Y)
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Figure 1. Diagram of a gridded synthetic aperture radar (SAR) observation model. The blue box
represents the observed area. The red points represent discrete scattering points with large
coefficients. X and Y are the number of grids in range and azimuth directions, respectively.

In order to intuitively analyze the mechanism of sparse imaging, the observed data matrix is
usually vectorized into a one-dimensional vector with a length of XY in the following model:

s=Wa+e 3)

where @ = vec(AT) is the coefficient column vector obtained by cascading rows of A; € is the additive
noise; and W is the PQ x XY mapping matrix expressed as:

¥(1,1,1) - ¥(L,1,XY)
W= : : (4)
¥(P,Q1) - ¥(P,QXY)

where P and Q are the number of samples in range and azimuth, respectively, and each row of W can
be considered as the discrete form of Equation (1). To simplify the description, we now consider a
simple but representative case where the azimuth dimension is assumed to be one, i.e., Q = 1. Then,
the corresponding coefficient vector is reduced to a = [0(1),..., 6(X)]". Each column in W is the
transmitted signal with a specific delay determined by the oblique range of the scattering point from
the SAR platform, reflecting the weight information of the backscattering coefficient of a specific
target to each echo sample in the scene. Sometimes, we prefer to call the mapping matrix an echo
dictionary or a basis, in which each column is called an atom.

The process of sparsity-based radar imaging is essentially a kind of parameter estimation, based
on which regularization introduces prior information to improve the estimation performance.
Therefore, imaging is realized by solving a constrained optimization problem, i.e.:

&= min|s—Wa, +Afa], )
where A is the regularization parameter; and |-||» denotes the Euclid norm (0 < p <1). When p =0,
Equation (5) is specialized to the compressed sensing radar imaging problem, i.e.:

i =minfa, st [y-@al, <o ©
where 0 > 0; @ is an underdetermined observation matrix; and y is the compressed measurement
vector. In compressed sensing, the problem of solving the ill-conditioned lo-norm is usually relaxed

to convex optimization or greedy pursuit as long as the sensing matrix ® = ®W satisfies the restricted
isometry property (RIP) [3,27].

3. Impact of WBNI on Sparse Recovery

3.1. Sparse Models for Interference

The bandwidth of WBNI is generally not less than that of SAR for the purpose of blanketing the
entire spectrum of signal. The unified mathematical model in the analog time domain can be
expressed as:
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n(t)=[U,+K,, U, (f)]exp[ﬂﬁfct + 27K [, ()0 + w(t)} 7

where Uo is a constant; Ux(t) is the time-varying and band-limited noise; Kav and Krm are the
amplitude-modulated and the frequency-modulated coefficients, respectively; and ¢(t) is the random
phase uniformly distributed in [0, 27t]. Notably, when Krm = 0 and Uo = 0, n(t) represents the radio
frequency interference; when Krm = 0, n(t) represents the amplitude-modulated noise interference;
and when Kam =0, n(t) represents the frequency-modulated noise interference.

From sparse point of view, WBNI cannot be sparsely represented in any known signal dictionary.
We recall Equation (3) and express the echo signal x in the presence of interference as:

x=Wa+Fv+e 8)

where F and v are the interference dictionary and the coefficient vector, respectively. The Fourier
basis, as shown in Figure 2a, is commonly used for sparsely representing the narrowband interference.
It can be expressed as the following N x N normalized orthogonal basis:

11w oW
iy i R ©)

N-1)1 N-1)(N-1

LW L e

where Wx = exp(-j2m/N). For radio frequency interference (RFI) or narrowband noise interference,
their coefficients are sparsely or block-sparsely distributed in terms of both location and energy, as
shown in Figure 2b,c. For WBNI, however, its coefficients present a compact distribution throughout
the entire dictionary, as shown in Figure 2d.

(a) b) (0 (d)

Figure 2. Diagram of Fourier basis and coefficient distribution of different interference types. (a)
Fourier basis (real part); (b) radio frequency interference; (c) narrowband noise interference; and (d)

wideband noise interference.

We assume that the signal of interest (SOI) is on a K-dimensional subspace W, composed of
columns corresponding to nonzero coefficients in W, and the WBNI is approximately modeled as a
zero-mean Gaussian random vector, i.e, v~N(0,021,). These nonzero coefficients containing

location and value information are also called a support set, denoted by a, and indexed by A.

Therefore, the process of SAR image reconstruction can be transformed into a support estimation
problem. If W satisfies the K-RIP property with a constant 0 < 6x <1 for any K-sparse vector a, i.e.:

(1=0,) o <[[waf, = (1+5,)of; 10
and W , is full-rank, then the support set can be estimated by:

@, =a,+¥ Qu (11)
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where (-)t denotes the pseudo-inverse operation with the property of W' W, =1, ;and W' Qo is the

interference component projected on the real support.

3.2. Impact of WBNI on Signal Recovery

From Equation (11), the estimated support vector contains a real component and the projected
WBNI component, the latter of which depends on the structure of the observation matrix and the
support index. We next discuss the following cases for the observation matrix by introducing the
coherent measure, defined as [28]:

A

N 12
thy Ipfg’x |¢z"z “%“Z ()

where i is the i-th column of W; and || - ||, denotes the >-norm.

3.2.1.Case 1: yw=0

When x is sparse on an orthogonal basis, such as the Fourier basis shown in Figure 2a, the
estimated support set in Equation (11) can be rewritten as:

G =a, +D, (13)

where 0, =Q' Qv . Then, we have the following proposition.

Proposition 1. If the observation matrix W is an orthogonal Fourier basis €, i.e., uw =0, the interference energy
projected on the signal support holds after estimation.

Proof: Based on the property of Gaussian distribution and Fourier basis, we have:
E(Qv)=0 , E[(Qv)(ﬂv)HJzGZIN (14)
and the interference energy on the support set of K-sparse signal v, is:
E(fo )=t E(v 0% |= Ko?
lo.l,)= tr[ (Z’AZ’A )J =80, (15)
where tr(-) denotes the trace. Drawing support from the equivalent relation [29], we have:
2
r(cc) =|c], (16)

where ||||[F denotes the Frobenius norm. The projected energy of interference component in Equation
(13) after estimation can be calculated by:

B E):E("QLQUHE):tr{Q;E[Qv(Qv)H}(QL)H}

= ajtr{Q; (@, )”}: o’

A

U4

17
Q;||i =Ko® 47

Therefore, the projected energy of interference remains the same before and after estimation. On
this basis, we can also obtain the following corollary.

Corollary 1. When the observation matrix W is orthogonal, i.e., the coherence measure is zero, the interference
energy projected on the signal support will be minimum.

The proof of this corollary is given in the following Case 2.

3.2.2. Case 2: uyw#0
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Considering that the WBNI presents a Gaussian distribution on any basis, when W is not an
orthogonal basis, i.e., pw # 0, Equation (11) can be rewritten as:

&, =a,+W¥ Pu (18)

where u~N(0,0°1,) is a zero-mean Gaussian random vector. Then, the interference energy on the

support set of K-sparse signal u 4 is:

B (s} | = e[ B(u,ull)] = Ko (19)

The projected energy of interference in Equation (18) after estimation can be calculated by:

i

il =E("‘pl‘p""§)= tr{‘l’LE[‘Pu(%)*’}(mpzl )H}

2 t i\ 2 0
= autr{‘l’A‘If(‘IfA‘If) }: o’

v

We define W, as the complement to W , . Equation (20) can be further calculated by dividing the

observation matrix into two parts, i.e.:

i

where <|> denotes the operation that divides a matrix into a submatrix and its complementary.

A

u

2 2
| ): o’ ”‘Iﬁ lI’" =g’
2 u A F u

v <\pA |\p§>

A LA @)

A

Since the coherence measure yw # 0, the elements on non-diagonal lines of W' W, are not all

zero. Then, we have the following inequality:
B(Jit.[})> o2 L[} = Ko 22)

Therefore, when W is orthogonal, the interference energy projected on the signal support is
minimal.

To further investigate the projected energy gain (PEG) of interference after signal recovery under
different parameters, including the sparsity level, the measurement dimension, and the sampling mode,
we performed numerical simulations using the LFM reference signal with delays and the Fourier matrix
as their respective basis. The signal length N was set to 512, and the Monte-Carlo time was set to 1000.

9 16
8 L
14 iy # 0
7f Random Gaussian Matrix
12 5\
6 L
m 5f Hy # 0\ m 10
© ©
5 4 a 8 Py -0
Ll w N . .
w 5l u - Random Sampling Matrix
6 " ~
2F py =0 S
4| Random Gaussian Matrix ~
. . | P
'U'\Il_ S~ 2 /1‘1/:0 \~\
o) | Random Sampling Matrix RS -
-1 - - - - 0 - - - : : S
0 50 100 150 200 250 200 250 300 350 400 450 500
K M
(a) (b)

Figure 3. The projected energy gain (PEG) of wideband noise interference (WBNI) on a signal support
set after sparse recovery. (a) Under different sparsity levels (M = N); (b) under different observation
parameters (K =100).
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Figure 3a shows the simulation results of PEG under different values of sparsity level K, where the
measurement dimension M is equal to N. It can be seen that the PEG presented nonlinear growth when
the coherence measure was nonzero, while it remained zero when an orthogonal basis was adopted.
Figure 3b illustrates variations of PEG with the measurement dimension M and the sampling mode,
where the sparsity level K was set to 100. In this simulation, we set up two sampling modes; one was to
directly observe the echo data using a randomly generated Gaussian matrix, and the other was to extract
the echo data with a random sampling matrix. The latter has the smallest PEG with the change of the
measurement dimension when the coherence measure is zero.

According to the above analysis, we can infer that, when the SAR echo signal is contaminated with
WBNI, the coherence measure of the basis matrix for sparse recovery should be minimized as much as
possible, and the random sampling matrix is a better choice for the compressed observation (if reducing
the data rate is necessary). In the next section, we develop an effective WBNI suppression algorithm
based on these results.

4. WBNI Suppression Based on Dechirping and Double Subspace Extraction

4.1. Dechirping Observation

From the derived results in Section 3.2, the projected energy of WBNI on signal support depends
on the sparsity level and the observation parameters. It reaches a minimum when the basis satisfies the
orthogonality. As is known, however, most SAR systems usually observe targets by transmitting
wideband linear frequency-modulated (LFM) waveforms that are non-sparse on an orthogonal basis.
Therefore, we first need to find a linear transformation that meets both sparsity and orthogonality
requirements.

Dechirping, also called stretch, is a specific approach for processing LFM signals [30]. It utilizes
a time-fixed reference waveform with the same frequency-modulated slope as the transmitted signal
and performs the mixing with the raw echo. For sparsity-based SAR, the basis is generally composed
of reference sequences with specific delays determined by the distance from scattering points to the
radar platform. Assuming that the range in an azimuth is divided into N grids, then the observation
model in Equation (4) can be specified to the following expression after demodulation, i.e.:

W=[s\(n) s, - sl(m)] n=1,..,N 23)

2
2R 47R 2R
where syl(n)=wr[nTs ——’]exp[—j 7; ’+j7rKr[an ——’] }, 1=1,..,N is the echo atom of the I-
’ c o

th grid; A is the radar wavelength; and Ts is the sampling interval.
The N x N dechirping observation matrix ®p is composed of reference signals, each column of
which can be expressed as:

ZRr‘ef .47[Rref . 2lzref ’
S, (M) =w,.| nT, - . exp _JT+]”K’”f n T ) n=1,.,N (24)

where Kvs is the frequency modulation slope; Rrs is the reference distance referring to the nearest
oblique distance from the scene center to the SAR platform; and wrf-) denotes the reference
rectangular window function, the length of which is not less than that of wr(-).

Then, the dechirped sensing matrix is:

W, =@ o W=[s] (1) sp,(n) - s, ()] n=1.,N 25)

where ° denotes the Hadamard product. The I-th dechirped atom is:

2R 4K AR
S0, (1) =1, [nTs ——llexp(—]”—”ﬂ;jC(l), [=1,..,N (26)
’ Cc C
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AR? +2ARR

r 2

, AR
where C(I)=exp|—j4r T’—K
c

J is a constant term determined by AR =R —-R ..

4.2. Double Subspace Extraction

Given that the dechirped measurement can be considered as a series of single frequency signals,
we employ the orthogonal Fourier basis as the initial dictionary for signal reconstruction. To further
reduce the proportion of WBNI projection as much as possible, we propose the double subspace
extraction algorithm, the diagram of which is shown in Figure 4.

fol ] ] e
\ Observed Scene 2R/ o ' Dechirping ! Frequency H
7~
o | o T

g I :
Q [5) | |
(@) O O | |
& g I | ! p
s s s W] < :
= o 9 | :
o [¢) | |
[¢] [e) L X
ol Lok L4 |
i o > - > 4 A H—
Azimuth Time ! '
- 0 .
X X . = 2 |:‘EJ> Candidate Atom
Structural Matrix :
Projection Matrix —

[}
(<]
=
[=]
N

Yr

Denoising Detection Operator

Figure 4. The diagram of double subspace extraction.

For small observed scenes, the dechirped echo of SAR occupies a smaller part of the frequency
spectrum than the raw. Meanwhile, WBNI is still distributed throughout the entire spectrum after
dechirping because of its incoherence. Since most SAR systems are cooperative, the geometric prior
known in advance can be exploited to eliminate redundant information. That is, the relationship
between target position and frequency spectrum makes it possible to extract the subspace spanned
by effective columns in the basis. The others that contribute little to signal reconstruction and
aggravate the interference projection are pruned out.

According to the observation geometry, the spectrum of the dechirped signal is within the range
of:

AB, =\mx “min/p 27)

where B is the signal bandwidth; T is the time width; and Rmax and Rmin are, respectively, the
maximum and the minimum oblique distances depending on the range of the observed scene.
Assuming that the geometric and the signal parameters satisfy the condition of ABs« < 0.5B, we first
extract the subspace matrix Q; composed of columns indexed by the set 7 (blue dashed box in Figure
4) according to Equation (27).

Moreover, there still exist redundant atoms in the preliminarily extracted subspace, since the
observed scene is sparse. We adopt constant false-alarm ratio (CFAR) detection [31] to extract the
candidate index set composed of possible atoms (red solid box in Figure 4). This process can be
considered as the subspace extraction by exploiting the waveform prior.
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Assuming that the raw echo contains only the SOI and the WBNI, then the contaminated signal
can be modeled as:

x=s+n=Wa+n (28)

where a is a K-sparse vector; and n is a non-sparse vector, which increases the decision threshold and
reduces the detection performance.

The waveform prior can be utilized to project the raw echo to K sparse coefficients. More
advantageously, this projection has little effect on changing the distribution of WBNI, making it
possible to further suppress most of the interference component by designing an observation matrix
with a specific structure.

We model the following detection problem based on a binary hypothesis test:

 Z= I'm
o (29)
H: z=T(s+n)
where I' denotes the denoising detection operator expressed as:
r=aow . (30)
where W __ = (‘I’H ‘I’)_1 W s the projection matrix. To suppress the projection of the interference
proj
component as much as possible, the structural observation matrix @o is designed in the following
form:
1 1 MyxN
1 1
D = . . (31)
1 1

where 1= N/Mo is an integer. A greater value of Mo is better for reducing the interference projection,
since there are more zero-valued elements in each row of ®o. Moreover, the cell-averaging constant
false-alarm rate (CA-CFAR) structure [32] is utilized to determine the decision threshold, i.e.:

v =(P, " -1) Yz [ (32)

where N: is the number of detection cells; and P is the false-alarm rate.

There are some points that need to be specified in the above detection model. First, when the
structural observation matrix is underdetermined, i.e., Mo < N, one detection result corresponds to 1
candidate atoms (purple dashes in Figure 4). Second, we also include a certain number of atoms
adjacent to the precise candidate in the index set to reduce signal distortion as much as possible, since
offset may exist or detection is missed under low signal-to-interference ratio conditions. We denote
the extracted subspace indexed by candidate set [Jas . Therefore, the final subspace matrix can be

expressed as the intersection of these two extraction results, i.e.:

Q,-0,NQ, (33)

4.3. Algorithm and Procedure Details

Based on the above derivation, we designed the following compressed dechirping matrix (CDM)
to perform the echo observation:

@, =ED, (34)

where E is the random observation matrix; and ()" denotes the transposition. Then, the measurement
vector can be expressed as:
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y = (DDcx = SDC + nDc (35)

where sp. is the dechirped SOI; and no. denotes the WBNI. Hence, the target reconstruction has been
transformed into a sparse recovery problem in Equation (6) that can be solved by the classical
orthogonal matching pursuit (OMP) algorithm [27].

It is worth noting that three phase terms exist and cannot be ignored in the dechirped echo, since
they introduce doppler and make the subsequent azimuth processing more complex. Hence, the
reconstructed signal should be further compensated with the de-oblique factor C*(n), n=1, ..., N, i.e,
the complex conjugate form of C(n) in Equation (26).

Based on the above analysis and derivation, we present the detailed steps of DDSE in Algorithm 1
and the flowchart of the WBNI suppression procedure in Figure 5.

Algorithm 1 Dechirping and double subspace extraction (DDSE)
Inputs: raw echo x with WBNI, random sampling matrix &, Fourier basis €;
Outputs: WBNI-free signal x*;

Construct the compressed dechirping matrix ®@o. by Equations (25) and (34);
Construct the sensing matrix by ® = ®pL;

Obtain the measurements y by Equation (35);

Extract the subspace €2, based on Equation (27);

Construct the denoising detection operator I by Equations (30)-(31);

Extract the subspace €2 » by denoising CFAR detection based on Equation (32);

Determine the final subspace matrix s by Equation (33);

® N Sl L=

Repeat from ¢ =1 until Nitr;

(1) Initialize the residual ro =y, index set Ao =@, and augment matrix Ao = @;

(2) Find the index A: that maximizes the inner product A" = max(#+1,0.), n=1,...,N,
where is the n-th column of ®, and r: is the current residual vector;

(3) If A€, continue; else, set 0» = 0 and return to (2);

(4) Update the augment matrix by A:= Ar1U Ox;

(5) Estimate the least square solution by a" = argmin ||y-A:a||;
(6) Update the residual by r =y — A5

7) t=t+1;

9.  Obtain the compensation operator C with the de-oblique factor in Equation (26);
10. Reconstruct the WBNI-free signal by x* = CQa".

Raw Echo

with WBNI A
Y
nJ
N Azimuth
| Dechirping ||Fourier Basis'—-l Subspace / | 3 Reconstruction
[ ot
A Y
Y Sensing Matrix |Q’| PursuitIteraﬁon% € INJ ]
N
Subspace J WBNI-Free
Image
4
Denoising Detsclor'ﬂ—' Waveform Prior | 7

Figure 5. The flowchart of the WBNI suppression procedure based on the double subspace
extraction (DDSE) algorithm.

5. Experiments

5.1. Experiment Specifications
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To verify the performance of WBNI suppression for sparsity-based SAR imaging based on the
proposed algorithm in this paper, we carried out multiple experiments with simulated data. First, we
adopted the DDSE algorithm to range profile reconstruction of a multi-point target, where the
interference suppression performance was mainly investigated from the perspective of signal
reconstruction. Then, we extended the case to range-azimuth imaging of an aircraft target, where the
interference suppression effect was mainly evaluated by visual quality and statistical characteristics
of reconstructed SAR images. Moreover, we also compared the proposed algorithm to other
advanced ones to analyze its superiority. Simulations were implemented with Matlab R2018b on a
computer running Windows 7 with 3.4GHz Intel Core i7-4770 CPU and 16 GB RAM.

5.2. Simulation and Analysis

5.2.1. Range Profile Reconstruction

In this part, we first set up a simulation environment for range profile imaging of point targets,
where geometric and waveform parameters for SAR observations are listed in Table 1 [33,34]. Given
that the distribution of the dechirped signal in the frequency domain depends on time width and
distance differences according to Equation (27), the theoretical bandwidth ratio after dechirping
observations is about 0.3 of the original. This means that a large amount of redundant information
can be reduced in the frequency domain after coherent processing with the signal prior.

Table 1. Main parameters for range profile imaging simulations.

Parameter Class Parameter Name Parameter Value

Platform height 3 km
Geometric Parameters Pitch angle 45°

Scene Range 128 m

Carrier frequency 3 GHz

Signal Parameters Bandwidth 100 MHz

LFM pulse width 2 us
Oversampling rate 1.2

*LFM= linear frequency-modulated.

For the simulation, a five-point target with normalized amplitudes and fixed locations within
the scene range was modeled. The WBNI data were generated by modulating a band-limited noise
to the carrier frequency and aligning them with the center of the signal spectrum, the bandwidth of
which was set as equal to that of SAR. The interference-to-signal ratio (ISR) was set to 15 dB, and the
additive signal-to-noise ratio (SNR) was set to 30 dB. We added the generated WBNI to the raw echo
of SAR, and the signal characteristics in time, frequency, and range domain are respectively shown
in Figure 6. It was apparent that the WBNI covered the entire pulse and spectrum of the SOI, making
it impossible to obtain accurate range information by sparse reconstruction. Hence, it was necessary
to introduce some suppression approaches into the process of signal acquisition and reconstruction
to reduce the impact of interference as much as possible.
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Figure 6. Signal characteristics. (a) Waveform; (b) frequency spectrum; and (c) range reconstruction.

We adopted the proposed DDSE-based WBNI suppression algorithm to the process of range
profile reconstruction. As mentioned above, to avoid signal distortion resulting from missing
detections, we also added the atoms adjacent to the detected position to the subspace matrix. Figure
7 shows the detection results under different 1, where the probability of false-alarm was set to 10-2.
As can be seen, the WBNI introduced false alert into the process of detection and added more
undesired atoms in the subspace matrix. When n > 1, the subspace dimension increases, since one
compressed range cell corresponds to 1 atoms.
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Figure 7. Subspace extraction results by denoising constant false-alarm ratio (CFAR) detection. (a) n
=1; (b) n = 2. The green line represents the CFAR threshold. The black dashed box represents the
extracted index set where the real target is located. The red dashed box represents the extracted false-
alert index set.

To verify the superiority of the DDSE, we compared it to other algorithms, including basic
pursuit denoising (BPDN) [24], adaptive compressed sampling (ACS) [25], and block sparse Bayesian
learning (BSBL) [33], the results of which are shown in Figure 8.
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Figure 8. Range profile reconstruction based on different WBNI suppression algorithms. (a) basic
pursuit denoising (BPDN); (b) adaptive compressed sampling (ACS); (c) block sparse Bayesian
learning (BSBL); and (d) DDSE.

As shown in Figure 8, the proposed DDSE algorithm outperformed the others in terms of both
signal distortion and WBNI suppression effects. The BPDN algorithm was hardly effective for WBNI
suppression under low SNR conditions except for a little contribution to noise reduction. The ACS
algorithm eliminated large amounts of interference but also useful information, leading to serious
distortion since the signal prior was not fully exploited. The BSBL algorithm also generated undesired
components in the process of WBNI suppression, though it was superior in narrowband interference
(NBI) separation by utilizing structural information and time correlation [33,34].

To further benchmark the interference suppression performance of signal reconstruction, we
employed the interference suppression degree (ISD) and the signal distortion degree (SDD) as main
indicators [19]. ISD is usually employed to measure the ability to eliminate interference, which is
defined as the energy ratio of the contaminated signal to the reconstructed one after interference
suppression, i.e.:

2

c

2
2

ISD= 101ogw| (36)

sli2

where x. is the contaminated signal; and x is the reconstructed signal after interference suppression.
Since interference suppression inevitably leads to signal distortion, SDD is also utilized as an assisted
but significant indicator, which is defined as the degree of energy loss of the reconstructed signal to
the undisturbed one, i.e.:
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X~ % "2

SDD = 10log,, ;
o],

(37)

where xo is the original signal without interference.

We also investigated and analyzed the impact of different parameters on WBNI suppression
performance by performing 100 numerical simulations. Figure 9 shows the statistical average of ISD
and SDD under different ISRs from 0 dB to 30 dB. Tables 2 and 3 respectively show the changes of
ISD and SDD based on the proposed DDSE algorithm with the sparsity level and the compression
ratios (CR), where the ISR was set to 15 dB.

IBPDN
1.6 {EEACS 4
CIBSBL
1.4 {HEDDSE

20
ISR /dB

SDD /dB

12 1 1 1 1 1
0 5 10 15 20 25 30

ISR/dB
(b)

Figure 9. Signal reconstruction performance under different interference-to-signal ratio (ISRs). (a)

interference suppression degree (ISD); (b) signal distortion degree (SDD).

From the results in Figure 9, the proposed DDSE algorithm outperformed the others within the
given parameter range in terms of both ISD and SDD. For the former indicator, the BPDN algorithm
changed little, and the others presented a trend of increasing first and then decreasing. The ACS and
the DDSE algorithms started to decrease when ISR reached 20 dB, while the BSBL algorithm started
to decrease at 15 dB, which shows that DDSE and ACS are better able to suppress WBNI. For the
latter indicator, all algorithms presented an upward trend with the ISR, where the DDSE and BSBL
algorithms had better performances, indicating higher stability of signal recovery.

In Table 2, the ISD mainly depended on the sparsity and changed little with the compression
ratio, since the subspace for signal recovery was constructed according to target distribution and
CFAR detection results in the DDSE algorithm, which meant that more atoms were eliminated from
the subspace when the target was sparser. In Table 3, the SDD was more affected by the compression
ratio, since the low-dimensional observation introduced measurement noise into the process of signal
recovery, leading to more serious signal distortion.
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Table 2. ISDs under different sparsity levels and compression ratios (CR) (dB).

K=5 K=10 K=20 K=40
CR=1/1 1.422 1.354 1.247 1.102
CR=1/2 1.417 1.352 1.226 1.097
CR=1/4 1.410 1.346 1.240 1.080
CR=1/8 1.373 1.279 1.192 1.025

Table 3. SDDs under different sparsity levels and compression ratios (dB).

K=5 K=10 K=20 K=40
CR=1/1 -7.035 -6.685 -6.104 -5.217
CR=1/2 -6.490 -5.782 —4.878 -3.632
CR=1/4 -5.852 -5.046 -4.220 -3.096
CR=1/8 -1.507 -0.879 -0.121 -0.274

From the perspective of time efficiency, it is not difficult to see that the convergence iteration
number in our proposed DDSE algorithm, which is the main factor of the running time, is determined
by the dimensions of the extracted subspace. However, the detection results cannot be analyzed by a
specific formula, since the WBNI is unpredictable. Thus, we calculated the average running time of
each algorithm with the sparsity parameters listed above by 30 repeated simulations, the results of
which are shown in Table 4. It can be seen that the running time of our proposed DDSE algorithm
was at a minimum under low sparsity conditions, but it increased with the sparsity just like ACS,
while the BPDN and the BSBL changed little.

Table 4. Average running time of different algorithms (second).

BPDN ACS BSBL DDSE
K=5 16.825 5.325 6.827 3.364
K=10 17.081 6.811 6.795 4.162
K=20 17.630 8.739 6.949 6.593
K=40 18.533 12.447 6.952 -199.259

5.2.2. Range-Azimuth Imaging

To further investigate the WBNI suppression effects with the proposed DDSE algorithm, we
extended the simulation to the case of range-azimuth reconstruction, where an aircraft target with
multiple scattering points was modeled and utilized for SAR imaging. The main parameters in this
part are listed in Table 5 [33,34], and the intuitive results of range-azimuth imaging based on different
WBNI suppression algorithms are shown in Figure 10.
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0

(f)

Figure 10. Range-azimuth imaging based on different WBNI suppression algorithms. (a) Original; (b)
contaminated; (c) BPDN; (d) ACS; (e) BSBL; and (f) DDSE.

Table 5. Main parameters for range-azimuth imaging simulations.

Parameter Class Parameter Name Parameter Value
Platform height 3 km
. Scene range 128 m x 128 m
Geometric ] 3
Pitch angle 45
Parameters .
Squint angle 0°
Parallel velocity 150 m/s
Carrier frequency 3 GHz
Bandwidth 100 MHz
LFM pul idth 2
Signal Parameters p1'1 sewl . HS
Oversampling coefficient 1.2
Pulse repetition 195 Hz
frequency

In Figure 10a,b, the reconstructed aircraft target is almost covered by WBNI and can hardly be
distinguished if no measures are taken. In Figure 10c,d, the BPDN algorithm has little effect on
interference suppression, and the ACS algorithm leads to serious signal distortion. The BSBL
algorithm in Figure 10e, which is effective for narrowband interference (NBI) separation, increases
the adverse effect for image reconstruction. In contrast, the proposed DDSE algorithm in Figure 10f
performs better than the others in terms of visual quality.

We employed the peak signal-to-noise ratio (PSNR) and image entropy to perform a quantitative
evaluation of WBNI suppression performance for range-azimuth imaging, and then we carried out
multiple range-azimuth imaging simulations to compare these two indicators under different
parameters.

PSNR is a common indicator for evaluating image quality, which is often defined by the mean
square error. It reflects the extent to which the SAR image is affected by noise or interference, and a
larger value of PSNR indicates better image quality. Given the discrete property of sparse SAR images,
we redefined it as:

1 L 2
— maxL‘A, )

PSNR=10log,,; L= -

1 N, <N,
m ( z i=1 Z j=1

where N: and N are, respectively, the number of cells in azimuth and range of an SAR image; L is the

2

A

i,j

2 j (38)

L
i max; ‘A‘.,],

number of scattering points; Aij denotes the complex value of the (7,j)-th point; |-| denotes the modulus
value; and max; represents picking out L largest values.

The image entropy is a statistical form used for representing the aggregation characteristics of
the grayscale distribution and for measuring the average amount of information in an image. Since



Electronics 2019, 8, 1019 18 of 21

the principle of SAR imaging is different from that of conventional optical imaging, and a non-
uniform grayscale histogram distribution can highlight the texture or the contour of the observation
scene, we would rather obtain an SAR image with a lower entropy after suppression. This indicator
can be calculated by:

IE= =" p,log, p, (39)

where pi is the probability of the i-th grayscale level; and Nc is the total number of all grayscale levels
in the image.

Figure 11 shows the statistical average of the peak-signal-to-noise ratio (PSNR) and image
entropy under different ISRs from 0 dB to 30 dB by 100 numerical simulations. Figures 12 and 13
show the range-azimuth imaging results based on the DDSE algorithm under different sparsity levels
and compression ratios, where the number of points in the simulated aircraft model were set to 174,
348, and 696, and the CRs were set to 1/2, 1/4, and 1/8, respectively.

25

B Contaminated

PSNR / dB
o S o
T T
e ]
7]
7
1

Il Contaminated
ENBPDN
IACS

EEBSBL
IDDSE

Image Entropy
o
T
L

0 5 10 15 20 25 30
ISR/dB

(b)

Figure 11. Range-azimuth imaging performances under different ISRs. (a) peak signal-to-noise ratio
(PSNR); (b) image entropy.

As can be seen from the results in Figure 11, the PSNR decreases with an increasing interference-
to-signal ratio (ISR), while the image entropy increases. The BSBL algorithm performs better when
the ISR is lower than 10 dB, but it also presents a rapid deterioration in performance. The proposed
DDSE algorithm in this paper is superior to the other ones from the aspects of both WBNI suppression
and stability. However, this superiority gradually weakens as the interference power increases
further.
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-30

(a) (b) ()

Figure 12. Effects of WBNI suppression for range-azimuth imaging based on the DDSE algorithm
under different sparsity levels. (a) K=174; (b) K= 348; and (c) K = 696.

(a) (b) ()

Figure 13. Effects of WBNI suppression for range-azimuth imaging based on the DDSE algorithm
under different compression ratios. (a) CR =1/2; (b) CR =1/4; and (c) CR =1/8.

As shown in Figures 12 and 13, WBNI suppression for range-azimuth imaging is influenced by
both the sparsity level and the compression ratio. Under the same conditions, the proposed DDSE
algorithm performs better for the observed scene with a lower sparsity level, since the dimensions of
subspace corresponding to the SOI are smaller, leading to more interference components being
suppressed in the process of signal reconstruction. When the compression ratio is higher than 1/4, the
image quality with WBNI suppression changes little with the reduction of measurement number, but
when the compression ratio is reduced to 1/8, it begins to decline seriously.

6. Conclusions

In this paper, we proposed a novel WBNI suppression approach for sparsity-based SAR imaging
based on dechirping and double subspace extraction (DDSE) algorithms, the starting point of which
was based on the derived conditions for minimizing energy projection of the interference. The
dechirping observations were utilized to transform the raw echo to a series of single frequency signals,
making it possible to be sparsely represented on an orthogonal basis, which was proven to be the
optimal one. The subspace for accurate signal reconstruction was extracted from two separate and
parallel steps, where both the geometric prior and the waveform prior were exploited, and then
determined as the intersection of these two obtained index sets. The experimental results show that
the proposed DDSE algorithm outperforms the others both in suppressing WBNI and in reducing
signal distortion. It is necessary to note here that our proposed algorithm is effective under the
assumptions of a small observed scene. Therefore, how to extend this algorithm to large scene
conditions is our main area of focus in future research.
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