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Abstract: Multi-radar signal separation is a critical process in
modern reconnaissance systems. However, the complicated bat-
tlefield is typically confronted with increasing electronic equipment
and complex radar waveforms. The intercepted signal is difficult to
separate with conventional parameters because of severe overlap-
ping in both time and frequency domains. On the contrary, time-
frequency analysis maps the 1D signal into a 2D time-frequency
plane, which provides a better insight into the signal than tra-
ditional methods. Particularly, the parameterized time-frequency
analysis (PTFA) shows great potential in processing such non-
stationary signals. Five procedures for the PTFA are proposed
to separate the overlapped multi-radar signal, including initiation,
instantaneous frequency estimation with PTFA, signal demodula-
tion, signal separation with adaptive filter and signal recovery. The
proposed method is verified with both simulated and real signals,
which shows good performance in the application on multi-radar
signal separation.
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1. Introduction

Separation of multi-radar signals is a critical process
(see Fig. 1) in modern reconnaissance systems (see
Fig. 2) that can provide reliable and timely recon-
naissance information of location, deployment, dispo-
sition and quantity on interested targets [1]. However,
the battlefield becomes complicated due to an increa-
sing amount of electronic equipment, leading to severely
overlapped multi-radar signals in both time and fre-
quency domains. Moreover, modern radar utilizes com-
plex waveforms developed intentionally [2,3] whose fre-
quency characteristics change over time, to obtain high
detection performance and low probabilities of intercep-
tion and identification. Both reasons make it difficult to
detect interleaved radar signals by conventional separation
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approaches based on the pulse descriptor word [1], i.e., ra-
dio frequency, direction of arrival, time of arrival, pulse
repetition interval [4] and pulse width.
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Fig. 1 Flowchart of radar signal separation
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Fig. 2 System structure of typical signal classifier

In despite of detecting the interested signals in the time
and frequency domains respectively, reconnaissance re-
ceivers should search multi-radar signals in a joint time-
frequency domain to distinguish different signals based on
their intra-structures. Time-frequency analysis (TFA) of-
fers a new approach in multi-radar signal separation [5].
The intercepted multi-radar signal can be modeled as a
multicomponent frequency modulated (FM) signal emit-
ted by different FM sources whose features are charac-
terized with instantaneous frequencies (IF) [6]. Unlike
Fourier transform, TFA maps the analyzed signal into a 2D
time-frequency plane, i.e., a time-frequency representation
(TFR), which provides a better insight into the underlying
pattern of the multi-radar signal [7].

TFA is typically performed by two approaches: non-
parameterized time-frequency transform (NPTFT) and pa-
rameterized time-frequency transform (PTFT), where the
difference is whether the transform has signal-dependent
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parameters. A variety of NPTFTs have been presented
for the detection and parameter estimation on some si-
milar signals, e.g., short-time Fourier transform (STFT)
[8], wavelet transform (WT) [9] and Wigner-Ville distribu-
tion (WVD) [10]. Kwok and Jones [11] used an adaptive
short-time Fourier transform to estimate IF. Anderson [12]
applied the multi-resolution analysis method to the classi-
fication of radar pulses in the specific emitter identification
problem. Stankovi and Djurovi [13] estimated motion pa-
rameters with the spectrogram and WVD. Barbarossa et
al. [14,15] studied the cross-term suppression, optimal de-
tection and parameter estimation combined with Wigner-
Hough transform (WHT), and further utilized them to an-
alyze the mono- or multi-component linear frequency mo-
dulated (LFM) signal. However, these methods often suf-
fer from either poor frequency concentration or interfer-
ence of cross-terms when dealing with multicomponent
FM signals. Furthermore, the absence of prior knowledge
typically leads to difficult signal identification and sepa-
ration in actually complicated battlefields, even worse in
existence of the interference.

In contrast with NPTFTs, PTFTs adopt extra parame-
ters related to the FM information of the analyzed sig-
nal; this makes the most of emitter prior knowledge and
obtains a well-concentrated TFR. The well-concentrated
TFR characterizes a good time-frequency pattern of the
specific component that is easy to separate from the over-
lapped multi-radar signal. A number of parameterized
time-frequency methods have been proposed in similar ap-
plications. As the oldest member, chirplet transform (CT)
is widely applied to analyzing the LFM signal with a well-
concentrated TFR [16—-18]. A Warblet transform (WBT)
[19] is presented to characterize the signal with a peri-
odic IF. Especially, Yang et al. [20] redefined the physical
explanation of the parameterized time-frequency methods
with frequency rotating and shifting operations. Further-
more, three parameterized kernels, i.e., polynomial kernel
[21], spline kernel [22] and Fourier series kernel [23], are
proposed to analyze transient vibration signals and achieve
good performance.

This paper mainly aims at the application of paramete-
rized time-frequency analysis (PTFA) to multi-radar signal
identification and separation. The remainder of the paper
is organized as follows. Section 2 reviews the theoretical
background concerning signal model and PTFT. Section 3
introduces multi-radar separation with PTFA. In Section 4,
the proposed method is verified with experiments on si-
mulated and actual signals. Section 5 draws the conclusion.

2. Theoretical background
2.1 Signal model and IF

A noisy multi-radar signal [24] can be expressed as

s(t) = sk(t) +n(t) (1)
k=1

where n(t) is white Gaussian noise of power o2 and mean
of zero. M is the number of the components of the ana-
lyzed FM signal. The analytic signal of the kth FM com-
ponent si(t) € L?(R), through the Hilbert transform, is
given as follows:

zs,k(t) = sk (t) + JH[sx(1)] 2
where the Hilbert transform of s (t) is defined as

T g (T
Hlsn(t)] = %P.V.J tkET)

dr 3)
where P.V. means the integral taken in the sense of
Cauchy principal value.

The analytic signal can also be rewritten as

M
Zs,k(t) = ZAk expljor (t)] + zn(t) =
k=1

M

> Ax(t) exp {j (Wert + J gok(t)dt)} + (). @)
k=1

The IF of the signal is wi, = ¢}.(t) = wek + i (t), where
we, denotes the carried frequency and o (¢) is the modu-
lation law. A (t) is the time-varying amplitude of the kth
component, which can be treated as a constant compared
with its IF.

In this model, when M = 1, the signal can be termed
as a mono-component signal; when M > 2, the signal is
referred to as a multicomponent signal. The model defined
by (1)-(4) applies to a multi-radar signal with M time-
variant components.

2.2 Generalized parameterized time-frequency
transform

The chirplet transform is an effective method to analyze
LFM signals, which is defined as follows:
+oo
2(T)Y(7,t, o, ) exp(—jwT)dT
&)
where z(t) is the analytic form of s(t), s(t) € Lo(R).
Y(T,t, a, 0) is a complex window given as

CT(t,w,a,0) :J

e’
—j=

(7, t,a,0) = w, (T —t) exp [ 5 (t— to)Q} (6)

where ¢, € R stand for time and chirping rate, respec-
tively; w, € La(R) denotes a window function, which is
usually taken as a Gaussian function expressed as
1
2no

wo(t) = exp H(ﬁ)z} (7)
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where o determines the length of the Gaussian window.
According to the definition in (5) and (6), the CT can be
rewritten [25] as

CT(t,w,a,0) =

zZ(t)wy (T — t) exp(—jwT)dT 8

with
( ) = 2(1) 8% (1,0) 85(7, t, )
oE(7,a) = exp(—jat?/2)
o3(r ,t,a) = exp(jotT)
A(t, ) = exp(=jt’a/2)
where ®%(t, ) is the frequency rotation operator and
®(t,7,a) is the frequency shift operator. A(t,a) is a
complex number with modulus |A(¢,«)] = 1. In the
time-frequency analysis, the modulus of the TFR, i.e.,
|CT(t,w, a, )|, is usually of interest and meaning. As in-
dicated in (8) and (9), the CT can be decomposed into three
operators: frequency rotation operator, frequency shift op-
erator and STFT operator with the window w, (¢), which
can be generalized to other transforms.
By the new physical explanation, Yang et al. [26] ex-
panded the definition to the generalized parameterized
time-frequency transforms with the similar form as

(C))

+oo
PTFT(t,w, P) = J Z(O)we (T — t) exp(—jwT)dT
- (10)
(1) = 2(1) PR (1) 87 p(7)
PE(1) = exp |:—jJLpp(T)dT:| (11)

7 p(7) = exp [irop (1))
where w, € L2(R) denotes non-negative, symmetric and
normalized real window and o controls the window length;
@ (7) and & p(7) are rotation operator and shift opera-
tor, respectively.

3. Signal separation with PTFA

The proposed method can be mainly divided into five steps:
(i) initiation, (ii) instantaneous frequency estimation with
PTFA, (iii) signal demodulation, (iv) adaptive filtering and
(v) recovering signal. Fig. 3 illustrates the procedure of sig-
nal separation with PTFA.

Multi-radar - . Signal separation
Sing—Slgnal demodulationf—{ with adaptive filter
Instantaneous g
Initiation frequency estimatio Signal recovery
with PTFA

Fig. 3 Flowchat of multicomponent signal separation

(i) Initiation

When approximating the ridge of the TFR with a proper
kernel function, it is easy to obtain the desired transform
parameters of PTFA. However, ridge extraction strongly
depends on the clarity of TFR, which is always a main
problem of TFA in applications. To obtain more prior
knowledge for kernel selection, we usually adopt the re-
sults of NPTFT for initiation. Among the NPTFAs, STFT
is the simplest and most commonly used method. Com-
pared with other TFA methods, STFT has two advantages,
one of which is that little computation is added in radar sig-
nal separation. The other is that it has a wide-range adap-
tion, unlike the quadratic TFA-based method that is always
accompanied with the problems of cross-terms in multi-
component signals and sensitivity to noise. Nevertheless,
the constant resolution of the STFT is typically not suffi-
ciently high to characterize the signal properly when the
analysis window does not match. To overcome this defi-
ciency, we utilize a series of windows with different win-
dow widths at each time, i.e., an ASTFT [11]. If the win-
dow at each time instant is matched to the signal charac-
teristics of that instant, a vivid TFR can be shown by the
transform.

The ASTFT is identical to the STFT, except that the
analysis window is adaptive to the signal. Different win-
dows are employed at different times to achieve a good

TFR over the whole signal. {wq,ws,...,wyx} are a set

of windows with ||w;||> = 1, fori = 1,2,...,N. The
ASTEFT of the signal z(¢) can be given as
ASTFT(t,w) =
400
J z2()w; (1 — t) exp(—jwT)dT. (12)

An adaption rule is needed to determine the optimal
window from N candidates. The most popular adaption
criteria are based on maximum correlation and minimum
entropy, where the latter requires more computation effort
than the former. Therefore, a maximum correlation crite-
rion [22] is adopted here, with

ZCM(t7f) =

arg max
1<i<KN

JZ(T)U)Z'(T —t)exp(—jwT)dr| . (13)

The maximum correlation rule indicates that the opti-
mal window is the one that maximizes the projection of the
signal onto the window. The window set depends highly
on the nature of the signals to be analyzed. The compu-
tation of ASTFT will be N times as the amount of their
corresponding STFT. No set will perform well in all ap-
plications. Other possible sets include windows with diffe-
rent chirp rates and windows matched to different classes
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of signals. However, a greater number of parameters in-
volve more computation effort as well as greater accuracy;
a trade-off must be made.

(ii) Instantaneous frequency estimation with PTFA

The transform will approach to the maximum energy
ridge when the intercepted signals match the paramete-
rized kernel constructed with prior knowledge of the spe-
cific radar. However, the parameterized method is practi-
cally confronted with the situations where not the entire
prior knowledge of the specific radar is known. More rea-
sonably, the intelligence about the specific radar is partly
obtained in many ways, including reconnaissance, wiretap
and espial. The IF estimation of multi-radar signals based
on the parameterized method may vary due to the known
prior information. Therefore, the IF estimation of multi-
radar signals is discussed in three cases.

Case 1 All detailed information is known.

This is an ideal case, where all information about the
specific radar emitter, e.g., radar signal, is obtained in
advance. The parameterized kernel is constructed with
prior knowledge. The parameterized transform of the in-
tercepted signal is performed with the suitable kernel to
find the energy ridge of the intercepted signal in the time-
frequency plane. The polynomial function is taken as an
example for IF approximation.

n+1
o . k-1,
z(t) = A(t) exp lj <2nfct +2mn ,;:2 - t >] (14)

where {a1,as,...,a,} are parameters of the polynomial
phase. According to Weierstrass approximation theorem,
it is reasonable to adopt the polynomial phase signal to
characterize a large number of FM signals. The IF of the
modeled signal can be expressed as

n+1
IF(t) = fet+ Y apt" . (15)
k=2

For the signal in (14), the polynomial chirplet trans-
form (PCT) is proposed to generate the well-concentrated
TFR. To identify the IF of the specific radar signal from
the multi-radar signal, the integral of the modules of PCT
is performed along the IF function, i.e., IF'(t), which is
defined as

W= J |PCT(t,w; 01, a0, ..., an)|dl > 6 (16)
IF

where 0 is a predefined threshold. When W is greater than
4, we assume the existence of the specific radar signal; oth-
erwise, we assume no specific radar signals. In this case,
the computation is similar as their corresponding STFT
with the same widow length.

Case 2 Partial prior knowledge is known.

Compared with Case 1, this case is more common in real
applications. The detailed information of the specific radar
signal is unknown or difficult to determine in advance. By
the intelligence and technology analysis, we can only ob-
tain partial prior knowledge about the signal, e.g., the pat-
tern of the signal. Moreover, we may also know that the
signal passes through a few frequency points, e.g., (to, fo),
(t1, f1), ..., (tn, fn). The selected model based on prior
knowledge is able to approximate the characteristics of the
IF, whereas the parameters are unknown.

In this situation, signal identification has to be per-
formed along with parameter estimation. The parameters
used to be obtained by iteratively fitting the extracted ener-
gy ridge from the TFR. However, this method typically
suffers from the improper initial TFR. Even though the ite-
rative fitting has the capability of reducing the random er-
rors, the poor concentration of the initial TFR or the signi-
ficant interference of the noise will destroy the estimation.
Therefore, it is important to achieve the proper parameters
for the PCT without considering the TFR, especially at a
low signal-to-noise ratio (SNR). A spectrum concentration
index (SCI) method [7] is proposed to avoid such a prob-
lem.

The polynomial kernel applied in SCI can be ex-
pressed as

n+1
K/(t7a13a27"'7an) = Zakflt(kil)' (17)
k=2

According to the SCI, parameter estimation can be
translated into a single-objective optimization problem
with the constrained conditions of (¢o, fo), (t1, f1), ---»
(tn, fn), which is given as

{G1,a2,...,an} = argijSCI(oz17a27 ceo ),

s.t. (t03f0)7(t17fl)a"'a(tnafn)- (18)

It is worth noting that all situations with partial prior
knowledge can be solved with the optimal model. When
the time-frequency pattern of the specific radar signal is
unknown, the problem is to search the best form that can
fit the signal with the constrained frequency points. When
the time-frequency points are unknown, the optimization
problem will search its optimal solution without restric-
tion.

The nonlinear optimization problem in (18) can be
solved by various techniques, e.g., genetic algorithm, neu-
ral network, particle swarm optimization (PSO) and bee
colony algorithm. The estimated parameters based on the
SCI optimization can be used to characterize the IF of
multi-radar signal as well as in Case 1. In this case, the
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computation differs largely in different applications. How-
ever, when calculating such an optimal model, we usually
set a largest iteration time, e.g., R, in case that iteration
can not converge. In every iteration, the computation is just
similar as its corresponding Fourier transform. Therefore,
the total computation is R times as Fourier transform at
most.

Case 3 No prior knowledge is known.

In this case, no prior knowledge can be utilized for the
construction of parameterized kernel. Multi-radar signal
identification can be performed in two ways: one is to de-
grade the parameterized method to be a nonparameterized
one, and the other is to take the results of nonparameterized
methods as the prior knowledge for PTFA. The results in
initiation can provide initial energy ridge along the IF and
prior knowledge for kernel selection.

For a multi-radar signal, PCT with the SCI optimiza-
tion algorithm is still a suitable method to obtain a well-
concentrated TFR for each component. We can also obtain
the matched transform parameters by maximizing the SCI.
Hence, the transform parameters estimation turns to be an
optimization problem without restriction as follows:

{P,...,P,} = arg max SCl () (P) (19)

where k stands for the number of the components, P
stands for the estimated transform parameters. According
to (19), for a monocomponent signal, the optimization is a
single-objective optimization problem, while it is a multi-
objective optimization problem for the multicomponent
signal. In this case, the computation is similar as that in
Case 3.

The search region can be determined with the follow-
ing two aspects: i) observation based on the NPTFT; ii)
trial and error. In practice, it is suggested to begin with
a larger search region at first, and then reduce the region
gradually. But such procedure should be balanced with the
desired convergence rate. Besides, the parameterized time-
frequency analysis is the most time-consuming procedure
in the whole algorithm. The computation burden will be of
much difference due to their prior knowledge and search-
ing strategy.

(iii) Demodulation

Before filtering the signal, demodulating the observed
signal in terms of the interested component is an impor-
tant job. It can be learned in (10) and (11) that the rotation
operator implements signal energy redistribution along the
difference between kernel function and real IF in the time-
frequency plane, and the shift operator is to move the re-
distributed energy to the coordinates indicated by the ker-
nel function. When the kernel approaches the time-variant
term of the real IF, the occupied bandwidth will decrease;

otherwise, the occupied bandwidth will increase when the
kernel becomes far away. Ideally, the targeted component
is rotated from a nonstationary signal to be a stationary
one, where its IF trajectory will be a straight line parallel
to the time axis in the time-frequency plane. Seen from the
frequency axis, the energy of the interested component is
concentrated at a frequency point. In this case, the PTFA
attains the most concentrated TFR after the shifting pro-
cess. On the contrary, the noise content is still evenly dis-
tributed across the whole spectral band. The non-interested
components are modulated in a broader bandwidth.

(iv) Adaptive filter

Filtering the demodulated signal is the last step before
signal recovery. After demodulation, the interested conpo-
nent can be treated as stationary, and the design of the fil-
ter will become very easy. For a filter, there are two key
parameters: central frequency w0 and bandwidth B. The
central frequency of the filter can be determined based on
the frequency of the demodulated signal with the peak am-
plitude [24], i.e.,

w; = argmax|[Gy;(w; P;)]. (20)

The bandwidth B, however, is usually a problem. Many
papers used to choose a constant bandwidth for the fil-
ter based on experience. There are two deficiencies in this
method. On one hand, the estimated IF can not be always
the same as the real IF of the signal anywhere, i.e., there is
still a little ‘distance’ from the actual IF of the signal to the
estimated IF when limited orders are utilized to approxi-
mate the IF of the signal. Therefore, a narrow bandwidth
can not always cover the whole energy of the subsignal
and this will result in signal distortion. On the other hand,
a broader bandwidth usually covers more non-interested
components, including noise, which will become serious
in crossed IF cases and strong noise cases.

The notion of variable bandwidth can be used to solve
this problem [27]. On the assumption that the amplitude
of the complex signal is constant, the amplitude of the de-
modulated signal can be treated as approximating extent
between estimated IF and true IF. The ridge concentrates at
nearly one point seen from frequency axis, whereas maxi-
mum values are different along the time axis. There are two
reasons for the different ridge values along the time axis.
One is the fact that the estimated parameters cannot guar-
antee the parameterized time-frequency analysis to accu-
rately approximate the real IF of the component of interest.
As is known, the estimated IF still has a short ‘distance’
from the real IF regardless of the optimality of the parame-
ters. Thus, the energy of the demodulated signal projected
on the constant frequency is different along the time axis
due to the distance between the real IF and estimated IF.
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The other reason for the different ridge values along the
time axis is the existence of crossed points in the multi-
component signal. The energy at a crossed point is a sum
of different components, which is naturally larger than that
elsewhere, particularly when components are slightly dif-
ferent. So when designing the filter, the bandwidth can be
adaptive with the amplitudes along the time axis. There are
many ways to determine the relations between bandwidth
and amplitude [28,29], which varies with different applica-
tions. Here, we simply take a filter with a Gaussian window

as an example:
1
exp [—(

w—wp)?
—_— 21
2n0 202 -

We (w) =

where wg and o determine the filter’s central frequency and
bandwidth, respectively. When the time-frequency para-
meters of the component of interest have been obtained by
SCI optimization, the PCT/WBT/GWT can be applied to
analyze the signal; theoretically, the energy ridge will ap-
pear along the optimal path determined by these parame-
ters in the time-frequency plane. However, the ridge values
along the time axis differ from each other due to the error
between the approximated and real IF, as well as the exis-
tence of crossed components. Moreover, the difference be-
tween ridge values can be large at some time points. The
bandwidth of the filter should be narrow at high-ridge
places because of the accurate approximation or crossed
points. In contrast, a wide bandwidth should be utilized at
low ridges to cover a greater portion energy of the com-
ponent of interest. The bandwidth can be determined with
an inverse proportion, logarithmic inverse proportion, or
exponential inverse proportion; the results are a trade-off
between IF accuracy and the amount of energy of the com-
ponent of interest covered. The digital finite impulse re-
sponse (FIR) filter can be applied to the demodulated sig-
nal components, where the order of the filter is determined
by the pass-band and stop-band. The bandwidth of the fil-
ter is updated with real-time parameters; the filter can be
considered open-loop adaptive. If we allow the maximum
pass-band to be 10% of the half sampling frequency wy,
i.e., 09, it will appear at the minimum ridge A,,;,, along the
time axis. At other time points, the bandwidth is inversely
proportional to the amplitude A, i.e.,

Amin
A

The obtained component after filtering is

o= 00- (22)
2alt) = Agesxplilwit +5(0)] +e(t)  (23)

where §(t) is significantly small as the parameters are
properly estimated by optimizing SCI. e(t) includes the

noise and a small portion of unwanted components. The
latter might be included when the initial frequencies of
components are close to each other or the IF trajectories
of components are intersected after demodulation.

(v) Recovering

The filtered component is recovered with the estimated
parameters [24] as

2alt) =zt enli [0 (04 @)
and then the signal residual is computed as
z(t) = 2(t) — Zsi(2). (25)

The above procedure is performed iteratively until no
interested signal exists. The algorithm starts with the radar
signal of large energy in the process of signal identification
and separation. The iterative process will stop when the
overall energy of the residual becomes quite small, which
indicates no signal left.

4. Applications on intercepted radar
signals separation

First, in order to compare the performance of different tra-
ditional transforms at different SNRs, a polynomial phased
signal with constant amplitude is given as

x(t) = sin(1.254¢ + 1.158 x 103>~

3.517 x 1077t%) + n(t) (26)

whose IF is f(t) = 0.199 6 + 0.368 6t + 1.679 2¢>. The
sampling frequency is normalized and the sampled points
are 2 000. In order to compare the noise tolerance of the
proposed method with other methods, the signal is masked
with white Gaussian noise whose SNRs are 0 dB and
—10 dB, respectively. Fig. 4 provides the Fourier transform
(FT) spectrums of the analyzed signal at two SNRs. It can
be learned that the noise is too heavy to distinguish from
the target component when SNR=-10 dB.

600

—_ =N

Amplitude

TRUTOTTI 11 At
02 03 04 05 0 01

02 03 04 05

0 0.1
Frequency/Hz Frequency/Hz
(a) SNR=0dB (b) SNR=-10dB

Fig. 4 FT spectrums of the signal at two SNRs

The TFRs generated by STFT, WVD and PCT are
shown in Figs. 5-7. Thereinto, the STFT shows poor
time-frequency concentration and fails in respresenting the
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time-varying IF of the non-stationary signal due to its
constant time-frequency resolution. The TFR of STFT at
0 dB only shows an IF silhouette while the IF signature of
the signal is totally covered by noise at —10 dB in Fig. 5.
The WVD can achieve the best time-frequency concentra-
tion for the single linear frequency modulated signal, yet it
is unable to suppress crossed terms. As shown in Fig. 6,
self-crossed terms act as main interference at O dB and
mutual-crossed terms between the NLFM signal and noise
dominate the smeared TFR at the lower SNR. In the PCT,
accurate approximation of the IF largely depends on a clear
energy ridge in the time-frequency plane, which is not suit-
able for the low-SNR signal. Therefore, the clear IF at
0 dB becomes smeared in the TFR at — 10 dB, as shown in
Fig. 7.

500 1000 1500 2000
Time/s
(a) SNR=0dB

Time/s
(b) SNR=-10 dB

Fig. 5 STFT at different SNRs

0.5

5 5 0.4
B 503
=1 a
[P} [}
& 2.0.2
2 2
0.1 0.1

0 500 1000 1500 2000 0
Time/s
(a) SNR=0 dB

500 1000 1500 2000
Time/s
(b) SNR=-10 dB

Fig. 6 WYVD at different SNRs
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Fig.7 PCT at different SNRs

In contrast with conventional transforms, the SCI
method is adopted. The population size of PSO is set
to 30, and the search regions are set to [—0.1, 0.1] and

[-0.01, 0.01] for 1, g according to sampling frequency.
Estimated parameters at both SNRs are obtained by an it-
erative search and listed in Table 1.

Table 1 Estimated parameters at different SNRs

Parameter SNR/dB a as
0 1.1571e-3 —3.5155e-7
Value
-10 1.1610e-3 —3.5280e-7

With estimated parameters, the component energy is
largely concentrated at both SNRs. Then the target compo-
nent is extracted by a band-pass filter with 1% bandwidth
of sampling frequency. Fig. 8 describes the TFRs of the
extracted component at different SNRs. Both of them ac-
curately characterize the IF of the analyzed signal.
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0 500 1000 1500 2000 0
Time/s
(a) SNR=0dB

500 1000 1500 2000
Time/s
(b) SNR=-10dB

Fig. 8 TFRs of the extracted component at different SNRs

Second, we consider a two-component synthetical sig-
nal as (27), i.e. s1(t) and s2(t), where n(¢) is white Gaus-
sian noise. In our example the sampling frequency is set
to be 100 Hz. s1(¢) is 20 dB larger than s2(t) and n(t).
Besides, both of the components have an additional part of
sin(2t) indicating oscillation of the signal due to the insta-
bility of the signal generator. The ASTFT is employed to
provide prior knowledge about the number of components.

2(t) = s1(t) + sa(t) +n(t) =
4sin{2n[2 + 5t — 0.15t + 0.2t* + 0.05 sin(20¢)] }+
2sin{ 275 4 35t + 3t2 — ¢3/15 + 0.05 sin(20t)]} + n(t)
0<t<10s. (27)

Fig. 9(a) illustrates synthetical signal of s (¢) and s2(t)
mixed with noise. Besides, Fig. 9(b) shows the instanta-
neous frequencies of the two components calculated from
their formulas. All TFRs are obtained by PCT, which uses
the estimated parameters to obtain an improved TFR. The
phase order is set to 3. A zero-phase digital filter is used
to keep the phase of the filtered component unchanged,
whose pass-bands are adaptive around estimated central
frequency. The attenuate rates of the pass-band and the
stop-band are set to be 3 dB and 60 dB, respectively, which
are determined by specific need of different applications.
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Fig. 9 Synthetical signal and their instantaneous frequencies

Fig. 10 shows the results of the two extracted com-
ponents’ TFRs of the proposed component extraction pro-
cedure. The two recovered signals have a litte difference
due to their SNRs. It can be seen that the proposed al-
gorithm could extract the respect component accurately.
Compared with the IFs of s1(¢) and s3(t) in Fig. 9(b), the
estimation ignores the details on the IF law due to limited
phase order, which will become more serious when the os-
cillation is large. Obviously, a narrow constant band-pass
filter will lead to signal distortion, whereas a wide constant
one will introduce more noise. As a counterpart, an adap-
tive filter can reserve as much signal as possible with less
noise.

Time/s
(b) TFR of 2nd component

Time/s

(a) TFR of 1st component
Fig. 10 TFRs of the filtered signal component

To illustrate the effectiveness of the proposed method
on real signals with more than two components, we use
an example of intercepted radar signals (Fig. 11(a)) ob-
tained in the microwave laboratory. In the experiment,
four radars emit their pulse signals which have the same
pulse repetition frequencies, similar radio frequencies and
different radiation powers and pulse widths. Moreover, a
jammer radiates white noise around the carrier frequen-
cies of four radar signals. This setup is to simulate the
overlapped multi-radar signals with noise in real battle-
field. The sampling frequency of the intercepted signal af-
ter down-conversion is 50 MHz and the sampling time is
50 us. The size of the analysis window is set to 1 024.
The received signal includes several signals from diffe-

rent radars as well as noise contamination with an SNR of
10 dB. The intercepted signal is a multicomponent signal
comprised of not only LFM components but also NLFM
components. It can be seen that components are interleaved
in both time and frequency domains, which is hardly sep-
arated with the conventional method (Fig. 11(b)). The
ASTFT can help find four subsignals, whereas components
have poor concentration due to the severely smeared TFR.
The ASTFT adjusts the window length to achieve the adap-
tive resolution. The result of STFT provides prior known
for kernel selection and initial energy ridge for iterative
approximation. However, the concentration of the TFR is
still not satisfying.

Amplitude
Frequency/MHz

10 20 30 40 50 O

Time/us

10 20 30 40 50
Time/us

(a) Signal in time domain (b) ASTFT of radar signal

Fig. 11 Intercepted radar signal

In the case where the components are of sufficient se-
paration with others, a minimum strip region enclosing the
component of interest is selected based on the prior knowl-
edge of the TFD of ASTFT. On the other hand, when the
IF laws of the components are intersected, the ridge of the
wanted component needs to be adjusted to avoid the in-
terference of unwanted components. The ridge is first ex-
tracted from the strip area, and the interval of the ridge
around the intersection point of two IFs is removed. Then,
the missing values of the ridge in the interval are calculated
by using a linear interpolation. According to the iteration,
the ridge can be refined to close the true IF of the inter-
esting component. Fig. 12 provides TFRs of the extracted
subsignals, which shows that the desired components are
extracted successfully. The four separated radar signals are
indicated in Fig. 12(a)—Fig. 12(d), respectively, and their
estimated coefficients are shown in Table 2. Besides, the
estimated IFs are compared with their real IFs and the er-
rors are also listed in the table. The error is defined as the
mean square error (MSE) [30] between the estimated IF
and real IF, and given as follows:

|| finst(t) = finst(t)]2
Hflnat(t)H?

where fmst(t) and f;,s:(t) indicate estimated IF and real
IF, respectively. It can be seen from the figure that more

MSE = (28)
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energy is reserved around lower ridge values, which will
provide better fidelity for the recovered signal. The errors
of the estimated IFs become larger along with their de-
creasing energy, which verifies the necessity of an adaptive
filter for as much as component energy.
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Fig. 12 TFRs of the separated radar signals

Table 2 Estimated coefficients of the IFs
IF ao al as as Error/%
1 1.0165e+06 1.9574e+11 2.9168e+14 —5.9140e+18 0.23
2 9.9962e+06 —1.4837e+11 —1.1790e+14 2.1988e+18 1.09
3 4.9995e+06 2.0003e+11 —1.9872e+15 2.0296e+17  3.86
4 8.0149¢+06 8.2006e+10  1.6507e+15 —2.1428e+18 8.78

5. Conclusions

We present a novel separation method for the multi-radar
signal based on PTFA. In the iterative process, five steps
are addressed: initiation, identification with PTFA, demo-
dulation, separation with adaptive filter and recovery. The
proposed method has three advantages over the conven-
tional methods. First, PTFA searches the optimal compo-
nent in the entire time-frequency domain; this is effective
for identifying weak radar signals. Second, an appropriate
time-frequency kernel enables the method to characterize
the signal with an accurate IF, which facilitates the signal
separation. Finally, a bandwidth adaptive filter can cover
as much as the energy of the interested component and re-
duce that of noise and other components. The experiment
results show that the proposed method has good perfor-
mance, which is promising in applications on electronic re-
connaissance, e.g., electronic intelligence, electronic war-
fare support measures and radar warning.
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