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1 |  INTRODUCTION

Currently, the active electronic countermeasure equipment 
generally has broadband spectrum sensing ability [1]. A 
jamming equipment can quickly capture radar signals and 
carry out various kinds of jamming measures. Suppressive 
jamming is the most widely used means among interference 
equipment. Through implementing high power suppressive 
jamming at certain frequency points that are consistent with 
radar signals, radar echo signals will be submerged in the 
complex electromagnetic environment, which will lead to a 

low detection probability of radar equipment. Suppressive 
jamming has the characteristics of high reaction speed and 
interference efficiency. Meanwhile, it can also achieve simul-
taneous interference with different kinds of radar signals. It 
is very difficult for traditional signal processing methods to 
solve the problem of signal detection and parameter estima-
tion under the condition of extremely high interference to 
signal ratio (ISR) [2‒4]. However, as a breakthrough research 
achievement in the field of radar signal processing in recent 
years, the theory of compressed sensing addresses some 
fundamental limits imposed by the Nyquist criterion [5]. 
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Compressed sensing theory indicates that if a signal is sparse 
or compressible under certain conditions, the original high‐
dimensional signal can be mapped into a low‐dimensional 
space by a dimensionality reduction observation, which is 
not related to the sparse basis [6]. The recovery process for 
the original signal is equivalent to an optimal inverse process, 
which provides a possible method for solving the radar signal 
detection problem under extremely high ISRs.

To apply compressed sensing theory in radar signal pro-
cessing, usually, an overcomplete dictionary is needed to re-
alize sparse expression of the radar signal. Then, the sparse 
radar signal can be represented by a linear combination of 
a small number of atoms in an overcomplete dictionary [7]. 
Overcomplete dictionaries have always been a hot topic in 
CS research [8]. The realization of traditional signal decom-
position is through projecting signals to a set of orthogonal 
bases, such as a Fourier base, sine base, cosine base, or wave-
let base. This group of orthogonal bases provides a complete 
orthogonal basis for signal decomposition. Based on this, re-
searchers found that there are some structural characteristics 
hidden within the signals, which can lead to a better decom-
position results. Therefore, the structural sparsity has aroused 
the interest of researchers in recent years [9,10]. These spe-
cial structures mainly include multiple measurement vectors, 
joint sparse, group sparsity, block sparse, and high‐dimen-
sional sparse representations. However, because of the lim-
ited expression ability of a single set of orthogonal bases, 
the method of combined orthogonal bases is confirmed to 
achieve a better representation performance [11]. In literature 
[11], based on morphology analysis of different properties of 
signals, Starck and Candes found a better solution to separate 
the mixed signals. Through analyzing the above CS research 
results, it was found that the core idea of sparse representa-
tion fully uses the prior information of signals. If the prior 
information of mixed signals can be extracted by the joint 
sparse sensing matrix, then the linear frequency modulation 
(LFM) signal detection problem under the suppressive jam-
ming background can be transformed into a precise separa-
tion of suppressive jamming and LFM signals. Thus, in this 
work, the proposed method gets rid of traditional matched 
filtering and transforms it into a joint sparse basis to get a 
better separation of the mixed signals.

In this study, based on both research results of morpho-
logical theory and CS theory, a new adaptive signal process-
ing method for countering suppressive jamming is proposed. 
First, the joint LFM signal and the suppressive jamming 
signal sparse sensing dictionary are constructed to fully 
extract the prior information of mixed echo signals. The 
building of joint sensing dictionary adopts the fast Pei dis-
crete fractional Fourier transform and fast Fourier transform 
methods, separately. Second, considering that the initial 
jamming sensing matrix is mismatched with actual jamming 
signals, an adaptive iterative algorithm is proposed to solve 

the grid mismatch problem. This algorithm transforms the 
traditional filtering concept into information extraction and 
changes the traditional time or frequency domain signal pro-
cessing into information domain signal processing. After the 
optimization of jamming sensing matrix, the reconstruction 
accuracy of both the LFM signal and suppressive jamming 
signal are improved. Compared with the traditional matched 
filtering method and the improved CS method proposed in 
literature [8], this algorithm has a higher reconstruction 
accuracy under extremely high ISR background, while at 
the same time, it can achieve adaptive jamming sensing and 
does not cut down calculation efficiency. The simulation re-
sults validate the effectiveness of this approach.

The article is organized as follows. Section 2 first intro-
duces morphology theory and its application in CS theory. 
Then, the forms of LFM signal and suppressive jamming sig-
nal are given, which clarify the feasibility of using CS and 
morphology theories to solve the problem of LFM signal 
detection under suppressive jamming background. Section 3 
introduces the construction of the joint sensing matrix in de-
tail. Section 4 proposes the adaptive optimization algorithm 
of jamming sensing matrix, which solves the grid mismatch 
problem and realizes the accurate reconstruction of mixed 
signals. The operation steps of the whole algorithm are also 
given. Section 5 shows the simulation experiment results of 
the whole study. Section 6 is the conclusion of this paper.

2 |  MORPHOLOGICAL 
COMPONENTS ANALYSIS OF 
MIXED SIGNALS

2.1 | Morphological components analysis
The initial combination of morphology theory and compres-
sion perception is in the field of image processing [12]. Its 
main idea is to build a joint dictionary that can have a sparse 
representation of different morphological components, such 
as smooth parts, textures, and edges. The separation of images 
will be easily carried out after solving the sparse representa-
tion problem in the joint sensing dictionary. Correspondingly, 
in the field of radar signal processing, the core idea is to build 
a joint sparse sensing matrix that can have sparse presenta-
tion for different morphological components in the signal. 
Based on that, the different morphological components can 
be precisely recovered through the reconstruction algorithm. 
At present, the application of morphology theory in the field 
of radar signal processing has been theoretically and numeri-
cally verified by many scholars [13‒15]. Detailed application 
of morphology theory is introduced below.

Hypothesize that the signal s is composed of two compo-
nents s1 and s2 such that

(1)s= s1+s2.
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If two different sensing matrices Ψ1 and Ψ2 can be found, 
making s1 and s2 be sparse in Ψ1 and Ψ2 separately, while at 
the same time, satisfying the requirement that s2 is not sparse 
in Ψ1 and s1 is not sparse in Ψ2, then two different morpho-
logical components s1 and s2 can be recovered by the recon-
struction process according to CS theory. In summary, the 
combination of morphology and CS theory needs to meet the 
following three requirements:

1. For signal s1, there exists orthonormal basis or redundant 
dictionary Ψ1, making signal s1 very sparse in Ψ1. Namely, 
in (2), a very sparse solution vector γ1 can be obtained.

where γ is the projection value of s1 in dictionary Ψ1.
2. For signal s2, a sparse representation cannot be found in 

dictionary Ψ1. Namely, in (3), there does not exist a sparse 
solution vector γ2.

where γ is the projection value of s2 in dictionary Ψ1.
3. Similar to dictionary Ψ1, there exists orthonormal basis or 

redundant dictionary Ψ2, making signal s2 have a very 
sparse representation in Ψ2, while at the same time, signal 
s1 cannot get a sparse representation in Ψ2.

2.2 | Signal model
The expression of one single component LFM signal can be 
written as

where A is the signal amplitude, fc is the initial frequency of 
signal, B is the frequency band width, T is the signal duration, 
and k is the chirp rate and k = B/T.

The narrow band suppressive jamming signal can be ex-
pressed as

where Am, fm, and �m (t) are the amplitude, carrier frequency, 
and initial phase of each jamming signal, respectively. The 
phase function �m (t) obeys uniform distribution within [0, 2π]  
and the amplitude functions Am are independent of one an-
other. The carrier frequency fm is constant. In this study, only 
the situation when suppressive jamming signals overlap with 
LFM signal in time and frequency domain is considered, the 
variation range of fm is equal to the bandwidth of LFM signal.

As can be seen from (4) and (5), the suppressive jam-
ming signals are sparse in frequency domain, while at the 
same time, the LFM signal is sparse in the corresponding 
fractional domain. In addition, there do not exist sparse 
representations of LFM signal in frequency domain and 

suppressive jamming signals in fractional domain. All 
these analyses ensure that morphology theory can be suc-
cessfully applied to solve the LFM signal detection prob-
lem discussed in this paper. Then, the separation of LFM 
signal and suppressive jamming signal are transformed into 
the construction of a joint sensing dictionary. More spe-
cifically, the joint sensing dictionary contains one Fourier 
dictionary for jamming signal and one fractional Fourier 
dictionary for the LFM signal.

3 |  CONSTRUCTION OF JOINT 
SENSING DICTIONARY

3.1 | Fast FrFT basis construction
For a given LFM signal with a chirp rate of k, there exists an 
optimal fractional Fourier transform domain, which makes 
the LFM signal have the characteristic of best energy aggre-
gation. More specifically, the LFM signal can be assumed 
as an impulse function in the best fractional Fourier trans-
form domain, which means that the LFM signal is sparse in 
the best fractional Fourier transform domain, and its sparsity 
K = 1. Under this condition, it has been confirmed that the 
rotation angle of the best fractional Fourier transform do-
main is �= arccot(−k), and the order of transformation is 
p=�∕ (�∕2). Then, the dictionary construction of LFM sig-
nal can be transformed into the building of a best discrete 
fractional Fourier dictionary.

There are many methods for realizing fractional Fourier 
transform in continuous time. Different methods are good 
at dealing with different kinds of problems. In this study, 
because the radar LFM signal is already known, the best 
fractional transformation order of the LFM signal can be 
determined. Therefore, in this paper, the fast Pei discrete 
fractional Fourier transform method is used as a basis the-
ory to construct the sparse matrix [16]. This method has the 
fastest arithmetic speed and can be constructed in advance. 
The detailed derivation and construction steps of the discrete 
fractional Fourier dictionary are as follows:

1. Sample time domain signal and fractional Fourier domain 
signal. Sampling intervals are Δt and Δu, respectively. 
The digital signal after sampling is written as y(n) = x(nΔt) 
and Yp(m) = Xp(mΔu), in which m ∊ [ − M, M], 
n ∊ [ − N, N].

2. From the definition of the continuous fractional Fourier 
transform, the following relation can be obtained:

3. Equation (6) can be rewritten as

(2)�1 = arg min
�

∥ � ∥0 s.t. s1 =Ψ1 ⋅�

(3)�2 = arg min
�

∥ � ∥0 s.t. s2 =Ψ1 ⋅�

(4)s(t)=A×exp (j2�fct+ j�kt2), 0≤ t≤T

(5)Jm(t)=Am×exp
[
j2�fmt+�m (t)

]
, m=0,1,2, ⋅ ⋅⋅

(6)
Yp(m)=

�
1−j cot �

2�

�1∕2

Δt exp
�

j
m2Δu2 cot �

2

�
×

N∑
n=−N

exp
�
j
�

n2Δu2 cot �

2
−mnΔtΔu csc a

��
×y(n).
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where

4. In order to make (8) reversible, at the time when M ≥ N, it 
is necessary to make K–p(m, n) be equivalent to the trans-
posed matrix Kp(m, n), that is,

where (⋅)H represent the conjugate transposition matrix.
5. In order to make the summation result of m in (9) equal to 

δ(n – k),

Then, the following requirement needs to be satisfied.

where S is an integer coprime with 2M + 1.
6. Substituting (11) into (8), after the normalization process, 

the following can be obtained:

7. Make sgn( sin �)=±1 in the case of sin α > 0, so (12) can 
be changed into

According to the reversibility of fractional Fourier trans-
form, the sparse sensing dictionary ΨFrFT can be obtained as

Thus, in the fractional Fourier transform dictionary ΨFrFT, 
there exists

where γFrFT is the coefficient vector of the signal s.

3.2 | Signal‐jamming joint dictionary
The fast FrFT dictionary ΨFrFT sensing matrix is recorded as 
ΨFr‐S. The sparse dictionary for suppressive jamming signals can 
be constructed by traditional Fourier sensing matrix, which is  
recorded as Ψ

F−J
. The construction of Ψ

F−J
 has been conducted 

by many researchers; thus, the derivation process of Ψ
F−J

 is ig-
nored in this paper [8], [16]. Here, the research result is directly 
given and each element K

J
(m,n) in Ψ

F−J
 can be expressed as

Thus, the final joint sensing dictionary can be expressed  
as

4 |  RECONSTRUCTION AND 
ADAPTIVE OPTIMIZATION OF 
JOINT DICTIONARY

When using CS theory to reconstruct the signal, it is assumed 
that the echo signal sr is projected by a L × M (L≪ M) di-
mensional measurement matrix Φ, and the number of col-
umns of Φ is equal to the length of the echo signal. Then, an 
L × 1 dimension observation vector can be obtained as

Here, A = �� is sensing matrix, and z = Φn is noise. The 
solution for θ in (18) can be found by solving a minimum l

0
 

norm problem. However, it is a nondeterministic polynomial 
(NP) problem and is very difficult as well as complex to find 
a solution.

Fortunately, it is confirmed that when the sensing matrix 
A satisfies the restricted isometry property (RIP) criterion, 
the solution of θ can be transformed into a restricted l

1
 norm 

problem according to the observational vector y [17]. That is,

where δ is a constant related to noise.
As the prior information of radar LFM signal is known, 

the LFM signal sensing matrix can be constructed accu-
rately. However, for the suppressive jamming signal, only the 
frequency range is determined, and there is no other prior 
information that can be acquired. Therefore, the initial jam-
ming sensing matrix Ψ

F−J
 has the problem of grid mismatch; 

meanwhile, the estimation bias caused will seriously affect 
signal detection result.

Traditional methods for solving the grid mismatch problem 
are usually through grid thinning; however, it will not only in-
fluence the RIP of the joint dictionary but also deter a precise 
solution. Here, an adaptive optimization algorithm is proposed 

(7)Yp(m)=

N∑

n=−N

KP(m,n)y(n)

(8)
KP(m,n)=

(
1−j cot �

2�

)1∕2

Δt exp
(

j
m2Δu2 cot �

2

)
×

exp
[
j
(

n2Δu2 cot �

2
−mnΔtΔu csc a

)]
.

(9)
y(n) =

M∑
m=−M

KH
p

(m,n)Yp(m)

=
M∑

m=−M

N∑
k=−N

KH
p

(m,n)Kp(m,k)y(k)

(10)
M∑

m=−M

exp [jm(n−k)ΔtΔu csc �]=�(n−k).

(11)ΔtΔu=
2�S sin �

2M+1

(12)
Kp(m,n)=

(
sgn( sin �)( sin �−j cot �)

2M+1

)1∕2

×

exp
[
j
(

m2Δu2 cot �

2
−

2�Snm

2M+1
+

n2Δt2 cot �

2

)]
.

(13)
Kp(m,n)=

√
sin �−j cos �

2N+1
×

exp
[
j
(

m2Δu2 cot �

2
−

2�Snm

2N+1
+

n2Δt2 cot �

2

)]
.

(14)ΨFrFT =K−p =
[
Kp(m,n)

]H
.

(15)s=ΨFrFT�FrFT

(16)
K

J
(m,n)= exp

�
−j (2� (m−1) (n−1)∕N)

��√
N

m, n=1, 2, … , N.

(17)Ψ=
[
ΨFr−S,Ψ

F−J

]
.

(18)y=�s
r
=�(��+n)=A�+z.

(19)�̂=min ‖�‖1, s.t.‖y−A�‖2 <𝛿
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to find an accurate reconstruction of the suppressive jamming 
signal, which will finally benefit the detection of the LFM signal.

4.1 | Approximation of jamming 
sensing matrix
Suppose that there exists a little mismatch error between the 
real signal component � (m) and the nearest grid point m. A 
Taylor expansion near the chosen columns of the jamming 
sensing matrix give the matrix Ψ�

F−J
, which can be approxi-

mated as the sum of the original jamming sensing matrix 
and the first derivatives of the chosen columns. Thus,

where o(·) is the second‐order infinitesimal. Ignoring o(·), the 
suppressive jamming signal can be approximated as

where ΔΨ
F−J

 is the first derivative M × N extension matrix, 
and α is the projection value of sJ on the new jamming sens-
ing matrix. The elements of ΔΨ

F−J
 can be expressed as

4.2 | Adaptive iterative optimization
Suppose that the number of nonzero elements in α is K, and 
the corresponding support field vector is Λ, then (21) can be 
simplified as

where (·)Λ and (·)Λ represent the corresponding column posi-
tions of the jamming sensing matrix.

Defining �m=
[
�m

[
Λ1

]
, … , �m

[
ΛK

]]T as the grid mis-
match iterative optimization vector, Λk represents the Kth el-

ement of Λ, e=

[
�m∕�m

w∕�w

]
, �m =

�
K−1∑
k=0

�e(k)�2, and 

�w =

�
K+M−1∑

k=K

�e [k]�2 as the normalization coefficients, (23) 

can be rewritten as

where the matrix containing the unknown vector α is

so that the m line and k column element of Φm is

where αΛ[k] represents the kth element of αΛ, and IM is an 
M × M dimensional unit matrix.

In order to find the solutions for e and αΛ, using the least 
squares criterion to minimize ∥ e∥2

2

, the CS reconstruction 
process can be expressed as

It can thus be obtained by derivation that

where (⋅)+ represents the pseudo‐inverse of the matrix 
A

+

�
=A

H

�

(
A

�
A

H

�

)−1, and (⋅)H represents the conjugate trans-
position matrix.

Extracting δm from ê and after several iterations, the final 
precise jamming sensing matrix and estimation of suppres-
sive jamming signal can be obtained. Because the noise error 
and grid mismatch error are simultaneously added to the least 
square constraint criterion, and δm is changing continuously 
compared to the traditional grid thinning method, the dictio-
nary obtained by this algorithm is more likely to match with 
the real signal, and the signal reconstruction results are more 
accurate.

In the process of derivation, it is difficult to obtain the ex-
pression of αΛ because Λ is unknown, and (28) is a complex 
nonlinear problem. However, the rough estimation of the pa-
rameters can be obtained by the traditional CS method, and 
using the interactive iterative principle, the previous CS result 
can be taken as the initial value of the next iteration. More spe-
cifically, Λ and αΛ can be obtained based on traditional sparse 
sensing dictionary, and A+

�
 can be used to update the later αΛ, e 

to obtain the renewed sparse sensing dictionary.
As can be seen here, this algorithm reduces the complex-

ity of solving (28) and directly transforms it into a simple 
least squares problem as follows:

where H=A
+

�
ΘΛ, and y=A

+

�
x.

4.3 | Algorithm steps
The particular steps of the proposed iterative optimization al-
gorithm are as given below:

(20)

Ψ�
F−J

[m,n]

=
exp

�
−j

�
2�(m−1)(n−1)

�
N

��

√
N

+
�
−j

�
2� (n−1) Δm

�
N
��

×
exp

�
−j

�
2�(m−1)(n−1)

�
N

��

√
N

+o(Δm
2)

(21)sJ =
(
Ψ

F−J
+ΔΨ

F−J

)
�+w

(22)
ΔΨ

F−J
[m,n]= (−j (2� (n−1) Δm∕N)) ×

exp (−j (2� (m−1) (n−1)∕N))

�√
N.

(23)sJ =
(
ΨΛ

F−J
+ΔΨΛ

F−J

)
�Λ+w

(24)sJ −ΨΛ

F−J
�Λ =A�e

(25)A� =
[
�mΦm,�wIM

]

(26)
Φm [m,k]=

�
−j

2�(n−1)

N

�
×

exp

�
−j

2�(m−1)(n−1)

N

��√
N×�Λ [k]

(27)
�

ê,�̂Λ

�
= arg min

e,𝛼Λ
‖e‖2

2
, s. t. s−ΨΛ

F−J
�Λ =A𝛼e.

(28)�̂Λ = arg min
𝛼Λ

∥A
+

𝛼

(
s−ΨΛ

F−J
𝛼Λ

)
∥2

2

(29)ê= A
+

𝛼

(
x−ΨΛ

F−J
𝛼Λ

)|||𝛼Λ=�̂�Λ

(30)
�̂Λ = arg min

𝛼Λ

‖A
+

𝛼
x−A

+

𝛼
ΨΛ

F−J
�Λ‖2

2

=
�
H

H
H
�−1

H
H

y
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Inputs: signal vector s ∊ RM, noise density ɛ, threshold η, 
LFM signal sensing matrix ΨFr–s, suppressive jamming sens-
ing matrix Ψ

F−J
, and maximum iteration number Lmax.

Initializations: �0
m
=�0

w
=1, and l = 0.

Outputs: projected values of both LFM signal and sup-
pressive jamming sensing matrix, time domain waveform re-
covery result of LFM, and jamming signal.

Step 1: calculate the rough estimation of �̂�(0) based on the 
traditional CS method.

Step 2: let l = l + 1, use the constant false alarm rate 
method to filter �̂�(l−1) and obtain the estimation of Λ(l), Kl, 
�̂

(l)

Λ
, and ΨΛ

F−J
(l).

Step 3: based on formula, calculate Â
l

𝛼
 and Â

+(l)

𝛼
 using �̂�l

Λ
,  

�(l−1)
m

, and �(l−1)
w

.
Step 4: based on formula, update �̂�(l)

Λ
 using Â

+(l)

𝛼
.

Step 5: calculate  ̂e(l)  based on (29), extract real

(
ê

(l)
[k]

|||
K

k=1

)
 

as δm, and find 
{

m
(l)

k

}K

k=1
, m

�(1).

Step 6: if ||m�(1)−m
�(l−1)||2 ≤ η or l = Lmax, stop the itera-

tions, use LFM signal sensing matrix and updated suppres-
sive jamming sensing matrix to obtain the projected value 
and rebuild time domain signal; otherwise, use m

′(1) to re-
build Ψ�

F−J
(l) and find updated �̂�(l)

Λ
 according to (19), calcu-

late �(l)
m

 and �(l)
w

 based on ê(l), and return to Step 2.

5 |  SIMULATION RESULT AND 
DISCUSSION

The simulation parameters are as follows: bandwidth of LFM 
signal is 40 MHz, intermediate frequency is 0 MHz, sam-
pling frequency is 80 MHz, and number of sampling points is 
1,024. There are five suppressive jamming frequency points 
randomly distributed within the signal bandwidth range. The 
initial jamming to signal ratio (ISR) is set to 10 dB, signal to 
noise ratio (SNR) is set to 3 dB, maximum iteration number 
Lmax = 5, and normalization error threshold η = 10−5.

The simulations are performed using MATLAB R2014b, 
running on a machine with an Intel (R) Core (TM) i5‐3470, 
3.20 GHz processor with 8 GB memory and Windows 7 OS.

5.1 | LFM and jamming signal simulation
Signal waveform and pulse compression results under differ-
ent conditions are shown in Figure 1.

Figure 1A and C shows the respective time domain wave-
form and pulse compression results of the radar LFM signals 
under the condition of no noise. Figure 1B and D shows the re-
spective time domain waveform and pulse compression results 
of the mixed signal after setting the five jamming frequency 
points to 3 MHz, 12 MHz, 21 MHz, 30 MHz, and 35 MHz.

As shown in Figure 1, the suppressive jamming signal will 
seriously raise the sidelobe level and affect the detection of the 

LFM signal. When the interference power is further increased, 
the signal after pulse compression will be completely sub-
merged in the noise. The greater the power of interference, the 
worse the detection results. The short time Fourier transform 
(STFT) of the mixed signal is shown in Figure 2.

Figure 2A shows the result from the STFTs of mixed sig-
nals. Figure 2B shows the contour map of the STFT result. It 
can be seen that the jamming signal also affects the detection 
of the LFM signals in the frequency domain. Traditional time 
domain analysis is difficult when completing signal detection 
under strong suppressive jamming. Thus, the method proposed 
in this work no longer uses time or frequency domain filtering or 
signal processing methods; instead, the jamming sensing matrix 
is added to build a joint sensing dictionary. Moreover, jamming 
suppression is achieved by high precision reconstruction, which 
is realized by adaptive iteration optimization of the jamming 
sensing matrix.

5.2 | Analysis of reconstruction signal
A total of 100 Monte Carlo experiments were conducted. 
During the reconstruction process, it is supposed that only 
the signal perception matrix is used as a joint perceptual ma-
trix, that is, set Ψ = ΨFr–S. In this situation, the reconstruction 
result of the LFM signal is shown in Figure 3.

The average normalized square error (ASE) of the waveform 
reconstruction result without jamming sensing matrix is 1.549. 
After adding the jamming sensing matrix to the joint perceptive 
matrix, that is, after setting Ψ= [ΨFr−S,Ψ

F−J
] and sparsity K to 

15, the reconfiguration of LFM signal is shown in Figure 4.

F I G U R E  1  Time domain waveform and pulse compression 
result: (A) waveform of LFM signal, (B) waveform of mixed 
signal, (C) pulse compression result of LFM signal, and (D) pulse 
compression result of mixed signal

(A) (B)

(C) (D)



322 |   ZHAO et Al.

The ASE after adding jamming sensing matrix is 0.0341. 
The result of Figure 4 is for the condition where the jamming 
sensing matrix is not fully matched with the suppressive jam-
ming signal. It is observed that the reconstruction precision 

of the signal is higher than the result shown in Figure 3 with-
out the jamming sensing matrix, which proves the feasibility 
of the joint sensing matrix method. Furthermore, using the 
adaptive iterative optimization algorithm proposed in this 
study, the results are shown below.

Figure 5 shows the recovery results of the traditional com-
pressed sensing method, where the jamming sparsity KJ is set to 5.

Comparing Figures 4 and 5, it is observed that the recovery 
result of LFM signal has become worse. This is because value 
of sparsity K is reduced in the recovery process of CS, where 
K = 5 in Figure 5 compared to K = 15 in Figure 4. However, 
the calculation speed of the recovery process of Figure 5 is bet-
ter, and the primary sensing of jamming signals is improved.

F I G U R E  2  STFT results: (A) STFT of mixed signal and (B) 
counter map of STFT
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F I G U R E  3  Reconstruction result without jamming sensing 
matrix: (A) projection of the columns of sensing matrix and (B) 
waveform reconstruction result of LFM signal

(A) (B)

F I G U R E  4  Reconstruction result with jamming sensing matrix: 
(A) projection of the columns of signal sensing matrix and (B) 
waveform reconstruction result of LFM signal

(A) (B)

F I G U R E  5  Reconstruction results of LFM and jamming 
signal: (A) projection of the columns of jamming sensing matrix, (B) 
waveform reconstruction result of jamming signal, (C) projection of 
the columns of signal sensing matrix, and (D) waveform reconstruction 
result of LFM signal

(A) (B)

(C) (D)
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Based on the result shown in Figure 5 and using the adaptive 
iterative optimization method proposed in this paper, the recov-
ery results after each iteration are shown in Figures 6 and 7.

As can be seen from these figures, the reconstructed 
waveforms of both LFM signal and jamming signal are well 
matched with the original signals; meanwhile, the projection 
values of both LFM and jamming signals are closer to the ac-
tual amplitude with increasing number of iterations. The ASEs 
of the LFM signal reconstruction results shown in Figures 6D 
and 7D are 0.0203 and 0.0112, respectively. The ASEs of 
the corresponding jamming waveform reconstruction results 
are 0.0485 and 0.0138. The results of more iterations are not 
shown here, but the errors are low after three iterations.

Based on above research findings, by changing ISR while re-
taining the other situations unchanged, the waveform reconstruc-
tion ASEs of both LFM and jamming signals are shown in Table 1.

As can be seen from Table 1, by increasing ISR, the wave-
form recovery results of the jamming signal are almost con-
stant for each iteration. Surprisingly, it can be seen that the 

reconstruction errors of the jamming signals become lesser 
with increasing ISR, which is because better performance 
of jamming sensing matrix can be obtained with increased 
jamming power. Meanwhile, the reconstruction errors of the 
LFM waveforms increase with increasing ISRs when the it-
eration number is zero, which is mainly because the recov-
ery of the LFM signal is badly influenced by more powerful 
jamming signals. However, along with the commencement of 
iterations, LFM signal reconstruction errors will quickly de-
crease to the same low value, which verifies the effectiveness 
of the adaptive iteration algorithm.

To verify the performance of the JDCS‐AIO algorithm, 
comparisons with traditional matched filtering (MF) and 
fractional Fourier transform compressed sensing (FrFT‐CS) 
methods are presented by changing the ISRs, and these ex-
perimental results are shown in Figure 8, where the results of 
the JDCS‐AIO algorithm is after two iterations.

As can be seen from Figure 8, the MF method has the worst 
performance, while the FrFT‐CS method has a little advantage 

F I G U R E  7  Reconstruction result of LFM and jamming signal 
after 2nd iteration: (A) projection of the columns of jamming sensing 
matrix, (B) waveform reconstruction result of jamming signal, (C) 
projection of the columns of signal sensing matrix, and (D) waveform 
reconstruction result of LFM signal

0

(A) (B)

(C) (D)

T A B L E  1  Waveform reconstruction ASE after each iteration

ISR

Before iteration After 1st iteration After 2nd iteration After 3rd iteration

Jamming 
error

LFM signal 
error

Jamming 
error

LFM signal 
error

Jamming 
error

LFM signal 
error

Jamming 
error

LFM signal 
error

10 dB 0.3145 0.3957 0.0482 0.0198 0.0135 0.0109 0.0119 0.0101

20 dB 0.3144 0.5596 0.0460 0.0235 0.0096 0.0109 0.0084 0.0102

30 dB 0.3143 0.6853 0.0451 0.0262 0.0080 0.0110 0.0069 0.0102

F I G U R E  6  Reconstruction result of LFM and jamming signal 
after 1st iteration: (A) projection of the columns of jamming sensing 
matrix, (B) waveform reconstruction result of jamming signal, (C) 
projection of the columns of signal sensing matrix, and (D) waveform 
reconstruction result of LFM signal

(A) (B)

(C) (D)
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over the MF method. This is mainly because the fractional Fourier 
dictionary is better matched with the LFM signal compared to 
the correlation algorithm. Besides, the performance of these two 
methods is badly influenced by increasing ISRs. However, the 
JDCS‐AIO algorithm has a lesser ASE, and its performance is 
not influenced by ISR, which is mainly because of the precise 
reconstructions of the jamming signals after two iterations.

In order to have a more direct understanding of the itera-
tion effect of AIO, Figure 9 displays the waveform ASE re-
construction results of three methods when the ISR is set to 
20 dB, with the limit of the iteration number being 3.

As shown in Figure 9, the initial waveform ASE using the 
JDCS‐AIO algorithm is higher than the FrFT‐CS method and 
even a little bit higher than the MF method. This is because the 
sparsity value set in JDCS‐AIO is three times lesser than that in 
FrFT‐CS, which leads to less reflection of the signal waveform 
and loss of some details. However, with the commencement 
of the iterations, waveform ASEs of the JDCS‐AIO algorithm 
will quickly decrease to a low level and have a distinct differ-
ence compared to traditional methods, while at the same time, 

the calculation speed is not decreased because of the sparsity 
being lesser than that in the FrFT‐CS method.

Through the above analysis, it was found that compared with 
traditional matched filtering or CS methods, the algorithm pro-
posed in this study had better detection performance and lower 
reconstruction errors. Moreover, because of the CFAR selection 
process, better performance could be achieved in two or three 
iterations, which means the calculation speed will not decrease 
with increase of ISR. These experimental results validate the 
effectiveness and practicality of the JDCS‐AIO method.

6 |  CONCLUSIONS

Through the deep excavation of the characteristics of radar 
LFM and suppressive jamming signals, this study presented 
a high‐resolution signal recovery method in the information 
domain using the combined research results of morphology 
and CS theories. The proposed algorithm does not require in-
formation on the sparsity of the signal. The sensing dictionary 
was constructed using fast discrete fractional Fourier and fast 
Fourier transform matrix. The number of iterations is less, 
and the overall operation efficiency is similar to the that of the 
traditional CS method; simultaneously, the radar LFM sig-
nal can be reconstructed with higher accuracy. The proposed 
algorithm effectively discards the traditional time frequency 
domain signal processing concept and provides a new direc-
tion for signal separation under strong suppressive jamming.
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