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Extraction of Weak Harmonic Target Signal from Ionospheric
Noise of High Frequency Surface Wave Radar

Xiaolong ZHENG†, Bangjie LI†a), Daqiao ZHANG†, Nonmembers, Di YAO††, Member,
and Xuguang YANG††, Nonmember

SUMMARY High Frequency Surface Wave Radar holds significant po-
tential in sea detection. However, the target signals are often surpassed by
substantial sea clutter and ionospheric clutter, making it crucial to address
clutter suppression and extract weak target signals amidst the strong noise
background.This study proposes a novel method for separating weak har-
monic target signals based on local tangent space, leveraging the chaotic
feature of ionospheric clutter.The effectiveness of this approach is demon-
strated through the analysis of measured data, thereby validating its practi-
cality and potential for real-world applications.
key words: high frequency surface wave radar, radar signal processing,
ionospheric clutter, chaotic noise

1. Introduction

The echoes of High Frequency SurfaceWave Radar contains
sea clutter, ionospheric clutter and other kinds of noises.
Among them, sea clutter and ionospheric clutter have the
most serious impact on targets detection, since the intensity
of these two clutters. Often more than tens of dB higher than
the signal. The research on HFSWR sea clutter has been
very sufficient. For example, Haykin [1] has proved that sea
clutter was a chaotic process in both microwave radar and
high frequency radar. If the ionospheric clutter of HFSWR
can be proved to be a chaotic process, then we can use the
properties of the chaotic system to extract the weak target
signals.

Target signal extraction in the context of chaotic noise
has been a popular research area. Fei [2] studied an image en-
cryption algorithm based on mixed chaotic dynamic systems
and external keys. Uchida [3] used two microchip solid-state
lasers with external modulation as chaotic signal sources and
the simulation results showed that algorithm gived a good
performance in the separation and denoising of mixed noisy
signals in the presence of a white Gaussian noise or station-
ary colored noise, when analysis based on the second-order
statistics was applicable [4]. Xie [5] studied blind source
separation of continuous-time chaotic signals based on fast
random search algorithm. A fast random search (FRS) algo-
rithm was, therefore, proposed. Due to the fact that the great

Manuscript received August 4, 2023.
Manuscript revised December 15, 2023.
Manuscript publicized January 23, 2024.
†Xi’an Research Institute of High Technology, Xi’an, Sha’anxi,

71000 China.
††School of Information Engineering, Long Dong University,

Qingyang, Gansu, 745000 China.
a) E-mail: rosoldier@163.com
DOI: 10.1587/transfun.2023EAL2074

amount data of speech communications and real-time com-
munication has been required [6], utilized the intractability
of the underdetermined BSS problem to present a dual key
speech encryption method. Kim [8] assumed that one had
no knowledge about the governing equations of the source
signals, and that the mixed signal was simply the sum of the
sources. From the perspective of dynamical systems pro-
posed a supervised learning framework that can solve this
problem through an intermediate dynamical system. With
the mixing fractions being known in advance or unknown,
the schemes and theories for the separations of two groups of
the mixed optical chaotic signals were proposed in detail, us-
ing the VCSEL-based reservoir computing (RC) systems [9].
In particular, in the field of radar signal processing, Haykin
[10] was the first to introduce the chaos analysis method into
the radar echo signal processing, through the analysis of the
IPIX radar sea clutter echo signals, to get the conclusion that
sea clutter has the characteristics of chaos, and then use arti-
ficial neural networks to study the extraction of small target
signals in the background of sea clutter.

Since the stochastic characteristics of the noise will
cover the chaotic feature of the ionospheric clutter signal,
this paper firstly removed part of the white noise by applying
empirical mode decomposition (EMD) method, and then
reconstructed the ionospheric clutter through the geometrical
properties of the chaotic attractor, and projected the chaotic
signal into the tangent space of the attractor manifolds in the
local region, whereas the weak harmonic signals (i.e., the
target signals) were retained in the complementary space of
the local tangent space of the attractor, which in turn achieved
the extraction of the weak target signals.

2. Pre-Processing of Experimental Data

The data in this paper were from the High Frequency Sur-
face Wave Radar (HFGWR) established in Weihai, Shan-
dong Province, China. Although the HFSWR was designed
to propagate around the sea surface, but there will still be part
of the energy irradiated to the ionosphere, which is emitted
by the ionosphere and then received by the receiving antenna
to form ionospheric clutter eventually.

First, we determined whether the ionospheric clutter
signal possessed chaotic characteristics. In the chaos recog-
nition method, it can be comprehensively determined from
both qualitative and quantitative aspects. From the view-
point of causes of ionospheric clutter, the radar echo signal
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Fig. 1 The time series of ionospheric clutter based on EMD denoising.

Table 1 Basic information about database.

shows randomness and certainty at the same time, and this
complex behavior is due to the fact that many kinds of non-
linear motions in the ionosphere are intertwined with each
other; From the point of view of quantitative analysis, we es-
timated the Lyapunov exponent (the degree of dispersion of
the attractor), Komogorov entropy (the degree of chaos) and
fractal dimension (the number of attractor dimensions) of
the clutter signal, and these three parameters are the invari-
ants of attractors and can be used to characterize the chaotic
properties.

Another factor that cannot be ignored is noise, which
has a serious effect on chaotic signals. Therefore, in order to
utilize the chaotic property of ionospheric clutter, this paper
adopted an empirical mode decomposition denoising algo-
rithm to remove part of the noise and increased the clutter-
to-noise ratio of the ionospheric clutter. The noise reduction
method is based on the property that the product of the white
noise energy density and the corresponding averaging period
tends to be a constant. Figure 1 shows the ionospheric clutter
time series before and after the denoising process.

Table 1 showed the estimation results of chaotic in-
variants of ionospheric clutter time series. According to
the calculation results, at least two results can be obtained:
firstly, based on the fact that the maximum Lyapunov ex-
ponent and the Kolmogorov entropy were larger than zero
and the correlation dimension contained decimals with frac-
tal characteristics, it can be concluded that the time series
ionospheric clutter was a chaotic process; Secondly, after
EMD denoising, the three kinds of chaotic invariants had
realized growth, among which the increase of the maximum
Lyapunov exponent proved that the chaotic feature of the
processed data was enhanced.

3. Mathematical Modeling Procedure

Nowwe demonstrate the chaotic feature of theHFSWR iono-
spheric clutter signal. Ideally, chaotic signals can be mathe-

maticallymodeled using one or a set of differential equations.
But the ionospheric clutter, as a real physical phenomenon
in nature, the exact description of its dynamics is difficult
to achieve. Therefore, this paper adopted an improved lo-
cal tangent space projection algorithm with the following
procedure:

Assuming that the ionospheric clutter is y (n) and the
weak harmonic signal(i.e., the target signal) is s (n), the
mixed signal is r (n) = y (n) + s (n), the manifold which the
attractor of y (n) located in isM, and the manifold which the
attractor of r (n) located in isM ′. In general, the dimension
of the manifoldM ′ is higher thanM. Since s (n) is a deter-
ministic harmonic signal, then the dynamical systems cor-
responding to r (n) and y (n) are differential homogeneous,
which is the theoretical basis for extracting weak signals.
Reconstruct the phase space for r (n) and y (y), respectively:

r(n) = [r(n + τ(d − 1)),r(n + τ(d − 2)), . . . ,r(n)]T

y(n) = [y(n + τ(d − 1)), y(n + τ(d − 2)), . . . , y(n)]T

(1)

Where, τ is the delay time, d is the reconstruction di-
mension. Suppose that there are Q proximity points
r (ni) (i = 1,2, . . . ,Q) in the neighborhood space Ωn. It is
required that Q is greater than d. Then estimate the lo-
cal tangent space Ty(n)M of the epidemic in which y (n) is
located:

1 Estimate the space Ωn center r (n0) =
1
Q

∑Q
i=1 r (ni),

generally r (n0) , r (n0);
2 Construct transition matrix A:

A =
[

r (n1) − r̄ (n0)

‖r (n1) − r̄ (n0)‖
,

r (n2) − r̄ (n0)

‖r (n2) − r̄ (n0)‖
,

. . . ,
r
(
nQ

)
− r̄ (n0)r

(
nQ

)
− r̄ (n0)


] (2)

and singular value decomposition of A is:

A = [u1,u2, . . . ,ud] ·[
diag

(
σ2

1 , σ
2
2 , . . . ,σ

2
Q

)
| 0d×(Q−d)

]
· VT

(3)

3 Using the singular values of the matrix A obtained in
the previous step can determine the local tangent space
dimension l, which is also the dimension of the man-
ifold M: If there exists k such that σ2

k
� σ2

k+1 and∑k
i=1 σ

2
i ≈

∑d
i=1 σ

2
i , then l = k; otherwise, set a thresh-

old close to 1, denoted as v, l is equal to the minimum
k that holds the following equation:[

k∑
i=1

σ2
i /

d∑
i=1

σ2
i

]1/2

≥ v (4)

4 The coordinate point of origin of the local tangent space
Ty(n)M is r (n0), and one set of orthogonal bases is
[u1,u2, . . . ,ul]
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Denote the nonlinear mappings F : M → M and
F : M ′ → M ′ as the dynamical equations for y (n) and
r (n), respectively. If the nonlinear mapping F correspond-
ing to the reconstructed dynamical equations is restricted
to the interior mapping ofM, the reconstructed dynamical
equations are guaranteed to come from chaotic noise. In
order to satisfy such requirements, it is first necessary to
project the neighboring points r (ni) (i = 1,2, . . . ,Q) of r (n)
and the vector after a unit time interval r (ni + 1) ontoTy(n)M
and Ty(n+1)M , respectively, and its projection is denoted as:

y′ (ni) = r̄(n) +UlUT
l (r (ni) − r̄(n))

y′ (ni + 1) = r̄(n + 1) + ŨlŨT
l (r (ni + 1) − r̄(n + 1))

(5)

where, r (n) and r (n + 1) are the centers of r (ni) and
r (ni + 1), respectively; Ul = [u1,u2, . . . ,ul] and Ũl =

[ũ1, ũ2, . . . , ũl] are the unit orthogonal bases of Ty(n)M and
Ty(n+1)M , respectively. The best estimate of the mapping f
is that satisfies the following equation:

y′ (ni + 1) = F̂ (y′ (ni)) , i = 1,2, . . . ,Q (6)

F̂ is the local linear form of the mapping F, which is equiv-
alent to the linear mapping LTy(n) → Ty(n+1), and make the
following equation hold:

ŨT
l (r (ni + 1) − r̄(n + 1)) = LUT

l (r (ni) − r̄(n)) (7)

The reconstructed dynamical system equations can be ob-
tained using the least squares method as:

y′(n + 1) = F̂ (y′(n)) = r̄(n + 1) + . . .
ŨlLUT

l (y
′(n) − r̄(n)) = Any

′(n) + bn
(8)

Where, An = ŨlLUT
l
and bn = r̄(n+ 1) − Anr̄(n). Substi-

tuting r (n) for y′ (n) on the right side of the equal sign gives
the prediction equation:

y′(n + 1) = Anr(n) + bn (9)

Then take the trajectory from n to n + N , a set of equations
are obtained as follows:

y′(n + 1) = Any
′(n) + bn

...
y′(n + N) = An+N−1y

′(n + N − 1) + bn+N−1

(10)

Where, y′(n) = [y′(n − τ(d − 1)), . . . , y′(n)]. Equation (10)
obtain N × d equations and N + d variables. Since y(n) =
[y(n−τ(d−1)), y(n−τ(d−2)), . . . , y(n)]T is the state variable
of the chaotic system, which contains d independent vari-
ables. According to the deterministic mechanism of chaotic
systems, it is known that the value of the chaotic signal can
be uniquely determined by these d variables. Thus there
are actually only N independent equations in the system of
Eq. (10). To solve this equation, the generally given solution
is to define the distance D between two chaotic trajectories,

then find the minimum value of the distance D. The dis-
advantage of this solution is that the equations will be in a
distorted state due to the instability of the chaotic motion.
In order to reduce the scale of variables and increase the
computational speed, this paper adopts an improved solving
method. The core algorithm is to add a set of transition
equations:

y′( j) = Aj−1r( j − 1) + bj−1, j = n, . . . ,n + N (11)

By presetting certain initial values on the desired chaotic
trajectory, the solution of the equations can be calculated
through iteration. The advantage of this approach is to ac-
celerate the solution speed and ensure that the trajectory of
the desired chaotic system is sufficiently close to the trajec-
tory of the observed chaotic system. The more initial values
are given, the more accurate the estimation of the chaotic tra-
jectory will be. And the initial values used in the experiment
is ten percent of the measured data in our experiment.

In summary, the algorithm on the separation of weak
harmonic signals in the background of chaotic clutter in the
ionosphere of HFSWR can be summarized as follows:

1 The time series of the HFSWR ionospheric clutter sig-
nal is reconstructed in phase space using the time-delay
method to obtain the vector r(n) = [r(n−τ(d−1)),r(n−
τ(d − 2)), . . . ,r(n)].

2 Calculate r (k) and its neighborhood points {r(ki)}Qi=1,
then estimate the local tangent spaceTy(k)M where y (k)
locates in, and in particular, k = n,n + 1, . . . ,n + N .

3 Project {r (ki) and {r (ki+1)} ontoTy(k)M andTy(k+1)M ,
respectively. Then the least squares method is used
to determine the local linear mapping L : Ty(k)M →
Ty(k+1)M , which can reconstruct the chaotic dynamical
system equations.

4 Estimate the chaotic trajectory y′(k), k = n,n+1, . . . ,n+
N , then the weak harmonic signal s′ (k) can be ex-
pressed as s′(k) = r(k) − y′(k). Iterate n and repeat
Step1 to Step4 to realize the extraction of weak har-
monic signals.

4. Experimental Results

Measured data was from High Frequency Surface Wave
Radar Experimental Station, Weihai, Shandong, China and
the experimental date was March 20, 2023. The weak har-
monic signal was a ship which was picked up on the Auto-
matic Identification System (AIG). The ship was about 200
kilometers from the radar station, which coincided with the
distance cell where the ionospheric F1-layer was located.
A sequence of ionospheric clutter clutter containing a weak
harmonic signal (the ship signal) was shown in Fig. 2, where
we can not separate the ship signal from the ionospheric
clutter.

The measured data were processed according to the
proposed separation and reconstruction method in Sect. 3,
and the weak harmonic signals obtained after the separation
from the chaotic ionospheric clutter background were shown
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Fig. 2 Ionospheric clutter with weak harmonic signals.

Fig. 3 Extraction of weak harmonic signals.

Table 2 Comparison of algorithms performance.

in Fig. 3. From the Fig. 3, it can be seen that compared with
the ideal situation, the separated harmonic signals were in
the same phase, but there was a certain degree of attenuation,
which was due to the fact that in the process of local tangent
space projection, a part of the energy of harmonic signalswas
unavoidably projected into the local tangent space, and the
energy of signals in the complementary space was reduced.

We compare the local tangent space projection (LTSP)
method used in this paper with the classical neural network
(NN) and blind source separation (BSS), where the experi-
mental data and hardware conditions used are identical, and
the comparison results are shown in Table 2. From Table 2,
it can be found that the results of BSS for chaotic ionospheric
clutter are not satisfactory, and the performance of NN is not
stable due to the limitation of the choice of the number of
layers and the number of hidden nodes, whereas the method

proposed in this paper utilizes the dynamics of ionospheric
clutter and achieves better separation result.

5. Conclusion

In that paper, we proposed a newmethod for extracting weak
target signals from strong chaotic noise background. This
method exploited the property that the trajectory of a chaotic
system in the local tangent space was inconsistent with the
target signal. We first proved that the ionospheric clutter
from HFSWR was a naturally occurring chaotic system by
using several characteristic parameters, and then verified the
method proposed in that paper using the measured data.
The experimental results showed that this separation method
could find the weak harmonic signal, i.e., the target signal,
from the chaotic ionospheric clutter background. We will
continue to optimize the algorithm in future research.
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