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Abstract: Synthetic aperture radar (SAR) is a high-resolution imaging radar. With the deteriorating
electromagnetic environment, SAR systems are susceptible to various forms of electromagnetic
interference, including deception jamming. This jamming notably impacts SAR signal processing and
subsequently worsens the quality of acquired images. Chaotic frequency modulation (CFM) signals
could effectively counteract deception jamming. Nevertheless, due to the inadequate band-limited
performance of CFM signals, higher oversampling factors are needed for achieving optimal low
sidelobe levels, leading to increased system costs and excessively high data rates. Additionally,
not all chaotic sentences meet the CFM signal requirements. In response, this paper proposes a
novel signal modulation method called chaotic-nonlinear frequency modulation (C-NLFM) that
enhances band-limited performance. The optimum parameters for C-NLFM signals are selected
using the particle swarm optimization (PSO) algorithm. In this way, C-NLFM signals attain ideal
low sidelobe levels even when faced with reduced oversampling factors. Meanwhile, this chaotic
coding mode retains its capability to effectively suppress deception jamming. Moreover, C-NLFM
signals demonstrate versatility in adapting to various chaotic sequences, thereby enhancing their
flexibility to modify the signals as required. Through comprehensive simulations, data analysis,
and a semi-physical experiment, the effectiveness and superiority of this proposed method have
been confirmed.

Keywords: anti-jamming; chaos; synthetic aperture radar (SAR); low oversampling factor; sidelobe
suppression

1. Introduction

SAR stands as a cornerstone of active microwave remote sensing technology, enabling
the achievement of high-resolution imaging in both the range and azimuth directions.
This is made possible through pulse compression and the utilization of synthetic aperture
techniques, respectively. SAR offers various benefits, including operational capabilities
throughout the day and night and in all weather conditions, among others. As a result,
SAR has established its significance across a spectrum of applications, finding a prominent
role in the earth observation and environmental monitoring domains [1,2]. Its pertinence
extends even further, encompassing its utilization in military operations. However, the
effectiveness of SAR systems can be perturbed using active deception jamming, a prevalent
form of interference. This technique involves manipulating intercepted SAR signals using
methods like time delays and phase shifts to generate false targets [3,4]. Notably, active
deception jamming demands a high degree of accuracy in capturing both the intra- and
inter-pulse characteristics of the intercepted SAR signals, as well as the attributes of the
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targeted aircraft. Additionally, in terms of reception timing, the jamming signal naturally
lags behind the SAR signal by multiple pulse intervals [3]. The high sidelobes in SAR
can overshadow faint targets, while deceptive targets created by jamming signals severely
disrupt scene target detection, posing a core problem for SAR image quality. Therefore,
it is imperative to enhance the anti-jamming capability of SAR signals and minimize
the possibility of interception, while maintaining the pulse compression characteristics
of low sidelobes. This represents a pivotal challenge within the domain of SAR signal
design technology.

Instead of using linear frequency modulation (LFM) signals, employing radar signals
with a more intricate structure, heightened unpredictability, increased diversity, constrained
energy, and enhanced orthogonality can enhance anti-jamming efficacy [5–7].

Although the LFM signal is the most commonly used signal in SAR, it cannot suppress
deception jamming signals. For deception jamming suppression, M. Soumekh from the
State University of New York created the LFM signal with mild phase perturbation to form
a quadrature signal set [5]. On this foundational idea, a composite modulated signal that
combines LFM signal with phase coding (LFM-PC) was proposed; nevertheless, both the
LFM-phase perturbation signal and the LFM-PC signal have limited suppression impact,
and further modification is required [8–11].

To address the issues raised above, many academics are interested in the study of
chaotic coded signals [12,13]. A chaotic sequence is a type of random sequence produced
with a nonlinear iterative mapping that is sensitive to the initial values [14]. Early on,
Walker from the University of Arizona confirmed that chaotic sequences have significant
auto-correlation and came to the conclusion that chaotic coded signals are appropriate for
radar systems [15]. Chaotic coded signals have considerable promise for SAR signal design
because they precisely match the need to create orthogonal random signals to counteract
active deceptive jamming signals. In an effort to achieve a peak-to-sidelobe ratio (PSLR) of
less than −40 dB for pulse compression, CFM signals applied to SAR systems have been
presented [16]. The signals have great performance in reducing deception jamming signals.
The SAR chaotic phase modulation (CPM) signals were also demonstrated to have the
same result during the same time period [17]. Reference [18] combines chaotic sequences
and LFM-PC signals, suggesting LFM phase coding with orthogonality, which yields good
performance and allows interference signal suppression to be reduced to −25 dB.

Although the CFM signal has good performance in terms of low sidelobe levels and
anti-interference, the random nature of its spectrum means that its spectrum envelope is no
longer smooth. It has a large spectrum-hopping amplitude and the spectrum range cannot
be concentrated in a specific transmission bandwidth interval. As a result, there are still
certain challenges in its actual application. As in reference [17], the range oversampling
rate in the simulation experiments reached 2.73 times. Reference [19] presents a method
for spectrum structuring of chaotic signals based on filtering and chaos synchronization
theory. A continuous CFM signal is used as the foundation in reference [20], beginning
with the design of the signal spectrum, changing the time scale transformation function,
modulating the frequency of the circuit, and achieving the goal of outputting a CFM signal
with an arbitrary spectrum structure.

In spite of the spectrum performance being regulated in the preceding studies, it is
imperative to recognize that this regulation substantially alters the structure of the emission
signals, which leads to the occurrence of a slight mismatch filtering of the signal.

Therefore, following a comprehensive analysis of the current research on CFM and
NLFM signals, C-NLFM signals are presented from the standpoint of designing emission
signals, which can address the need to balance low sidelobe levels, anti-interference,
limited spectrum bandwidth, and flexibility. C-NLFM signals are based on NLFM signals,
introducing chaotic sequences to modulate the frequency, with the modulation parameters
optimized using a PSO algorithm. The introduction of hyperchaotic sequences significantly
enhances the randomness and unpredictability of the signal. By adjusting the initial value
of the chaotic sequence, a set of signals simulating SAR emission signals is generated. The
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experimental results demonstrate that C-NLFM signals, using various chaotic sentences,
efficiently suppress unmatched jamming signals after pulse compression and superposition,
even at low oversampling factors, all while maintaining low sidelobe levels.

For clarity, the contributions in this work are summarized as follows:

• A model for chaotic encoding of time-frequency functions is introduced with a limited
number of adjustable parameters. Multi-objective functions are created utilizing the
average auto-correlation of a set of C-NLFM signals and the summation of their cross-
correlation values. The functions are subsequently employed in the PSO algorithm for
the selection of optimal parameters.

• With the use of the C-NLFM signals for SAR point target imaging under low oversam-
pling factors, the PSLR of the range profile can be reduced to −45 dB. This reduction
results from the ability of C-NLFM signals to suppress random sidelobes, leading to
an overall improvement in the quality of SAR imaging.

• Our method exhibits efficient performance in suppressing deception jamming to
−29 dB, with sensitivity to the initial value of the chaotic sequence. Various types of
chaotic mappings can be utilized for signal encoding to enhance complexity, including
the hyperchaotic mapping introduced in this paper.

The remainder of the paper is structured as follows. In Section 2, a brief overview
of the technique for demonstrating a CFM signal is presented. In Section 3, the design
method for the C-NLFM signal is presented along with the construction of a cubic–sine two-
dimensional hyperchaotic mapping. Additionally, the way to suppress the active deception
jamming signal for the proposed SAR signal is provided. In Section 4, the simulation results
are given to demonstrate the applicability and interference suppression efficiency of the
C-NLFM signal, and a semi-physical experiment proves the feasibility further. In Section 5,
the conclusions are presented.

2. Overview of CFM Signals

CFM signals, as the name implies, use chaotic sequence values as their instantaneous
frequencies, with a naturally occurring auto-correlation [21,22]. Chaotic sequences vary, and
not all of them may be suitable for CFM signals, as suitability is related to the distribution
of a sequence’s samples. Furthermore, most CFM signals do not have well-defined limits
within their spectrum bands, potentially leading to disappointing performance.

N samples of a one-dimensional chaotic sequence, denoted x1, . . . , xn, . . . , xN , can
be regarded as the iterative outcomes of a certain algorithm, which can be defined as

xn+1 = f (xn), (1)

where xn takes on a range of values and f represents the operation of a chaotic mapping.
The instantaneous frequencies of CFM signals can be expressed as

fCFM(n∆t) = Br·(xn − α)β, (2)

where ∆t represents the time sample interval and Br represents the signal bandwidth.
Additionally, α and β are parameters that ensure the value of (xn − α)β can be in the range
of [−0.5, 0.5]. As a result, the discrete form of the CFM signal can be given as

SCFM(n∆t) = A·ej2πBr ∑N
i=1 [(xn−α)β·∆t+j2π f0·∆t], (3)

where A represents the signal amplitude while f0 signifies the signal carrier frequency. A
flowchart illustrating the entire process for generating CFM signals is presented in Figure 1.
This process involves chaotic encoding to create digital frequency modulation signals,
subsequently converting them into analog signals.
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Figure 1. Flowchart of producing CFM signals.

Several techniques exist for spectrum analysis of signals, including direct spectrum
estimation using discrete Fourier transform, spectrum estimation through AR models,
the music algorithm, and others. In cases where the sample frequency falls below the
Nyquist sample frequency, higher-frequency signal components shift to lower frequencies.
Considering that most CFM signals have high-amplitude, high-frequency components that
extend beyond the bandwidth, insufficient oversampling can result in spectrum aliasing
and spreading.

3. Model of the C-NLFM Signal

Given the aforementioned issues, this chapter proposes a coding method that involves
the amalgamation of NLFM signals and chaotic sequences. The objective is to standardize
the band-limited performance of the spectrum, while simultaneously preserving the essen-
tial characteristics of chaotic coding signals. To begin with, this chapter presents the coding
method in detail for designing a C-NLFM signal. Subsequently, the discussion focuses on
the selection of an appropriate chaotic sequence for implementation. Lastly, this chapter
concludes with an exploration of signal spectrum analysis.

3.1. Introduction to C-NLFM Signal Design

The prevalent NLFM signal within SAR systems is commonly crafted through the
manipulation of the amplitude spectrum subsequent to the signal’s pulse compression
output. This design consideration prevents mismatches in matched filtering and suppresses
sidelobes, in contrast to the LFM signal when a window function is introduced [23]. This
signal demonstrates a nonlinear relationship between frequency and time, featuring rapid
shifts at the extremities of the pulse duration range and gradual transitions within the
middle. It possesses a configuration reminiscent of an inverse “S” shape. To initiate
the process, the selection of a window function determines the amplitude spectrum of a
nonlinear time-frequency function. For instance, the Hamming window function W( f ) can
be represented as

W( f ) = 0.54 + 0.46cos(2π f /BN), (4)

where BN is the bandwidth specified in the design of the NLFM. The relationship connecting
the group time delay function T( f ) and the squared amplitude spectrum U2(x) can be
derived using the standing phase principle as

T( f ) = K
∫ f

−∞
U2(x)dx. (5)

where K is a constant. By letting U2(f) be equal to W(f), the group time delay function T(f)
at the pulse length T0 can be determined as

T( f ) =
T0

BN
f +

(
0.426T0

π

)
sin

(
2π f
BN

)
. (6)
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The time-frequency function fN(t) of the signal and the group time delay function
T( f ) form an approximate pair of inverse functional relationships. In other words, the
time-frequency function of the signal can be expressed as

fN(t) = T−1( f ). (7)

Furthermore, the time-frequency function can be approximated using segmented
linear interpolation to determine the polynomial coefficients b0, b1, b2, · · · , bU of fN(t),
expressed as

fN(t) = b0 + b1x + b2x2 + . . . + bU xU , (8)

where 1, . . . , U are polynomial orders.
When creating the C-NLFM signal, a chaotic sequence of amplitude modulation is

employed to encode the instantaneous frequency of NLFM at each individual sample
point. This approach results in a signal characterized by chaotic random jitter in its time-
frequency function, ultimately forming an inverse “S” shape. At this stage, the signal can
be conceptualized as a composite of multiple short-time LFM signals. Each of these LFM
signals possesses a chirp rate that varies in accordance with the specified coding way.

Utilizing the x(n) sequence from a specific chaotic mapping, the amplitude modulation
of the chaotic sequence x(n) is governed by two parameters, namely, A and B, which
influence the magnitude of the jitter. Various optimization algorithms can be employed
to select the parameters A and B in order to minimize PSLR and jamming suppression.
Examples of such algorithms include PSO, genetic algorithms (GAs), and more. The
modulation process of X(n) can be mathematically expressed as

X(n) = (x(n) + A)·B, (9)

where n = 1, 2, . . . , N. For different initial values, distinct sequences of X(n) can be
obtained as X1(n), X2(n), . . . , XM(n).

Traditional optimization approaches face limitations stemming from problem-specific
characteristics, sensitivity to initial values, and potential inefficacy in high-dimensional
or intricate problem settings. With the advancement of the field of machine learning and
deep learning, heuristic optimization methods, including genetic algorithms, simulated
annealing, and particle swarm optimization (PSO), have gained prominence as essential
optimization techniques. PSO, in particular, is characterized by its rapid search speed, high
efficiency, and straightforward algorithm.

In order to determine the parameters A and B, using the PSO algorithm as a choice,
the selection of influencing factors serves as the objective functions. These objective func-
tions include the average PSLR of the auto-correlation functions for each signal and the
summation of cross-correlations among a set of emission signals denoted as S1, S2, . . . , SM,
modulated by X1(n), X2(n), . . . , XM(n), respectively. The objective function model is
formulated as

PSLR_Sm = 10log10
Ib
Ia

, (10)

min

[
∑M

m=1 PSLR_Sm

M

]
, (11)

minmax
τ

[
∑m1 ̸=m2 Cm1,m2(τ)

]
, (12)

where m = 1, 2, . . . , M and Ia as well as Ib represent the amplitude of the main lobe and
the first sidelobe of the auto-correlation function of Sm, respectively. Cm1,m2(τ) denotes the
cross-correlation function value between signals Sm1 and Sm2 at time τ.
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By multiplying the previously derived inverse “S”-shaped nonlinear time-frequency
function with the amplitude-modulated chaotic sequence, the resulting signal obtains a
new frequency coding, defined as

ωr(n) = X(n)· fN(n), (13)

where fN(n) represents the discrete version of the instantaneous frequency of the NLFM
signal derived from Equation (8). At this juncture, the intra-pulse signal bandwidth can be
expressed as

Br = BN ·{max[X(n)]}, (14)

Therefore, the discrete representation of the intra-pulse FM pulse within a pulse period
can be formulated as

S(n∆tr) = σ·ej2π∆tr{n f0+∑n
i=1 ωr(n)}, (15)

where n∆tr stands for the intra-pulse time length, f0 represents the constant carrier fre-
quency, and σ signifies the pulse amplitude. Figure 2 displays the time-frequency function
and phase function plots of the simulated C-NLFM signal. As observed, Figure 2a portrays
random jitters in the inverse “S”-shaped time-frequency function curve, with the contri-
bution of the chaotic sequence. Meanwhile, Figure 2b presents phase jitter, introducing
randomness and anti-jamming characteristics to the signal. Furthermore, the jitters also
complicate the recognition of the signal parameters by jammers.
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3.2. Introduction of Two-Dimensional Hyperchaotic Sequence

In the field of radar signals, when it comes to CFM signals, one-dimensional chaotic
mappings that can be employed include Bernoulli chaotic mapping, logistic chaotic mapping,
tent chaotic mapping, cubic chaotic mapping, sine chaotic mapping, and others [24–27]. These
mappings are detailed in Table 1. The sequences generated by these chaotic mappings ex-
hibit favorable auto-correlation properties and are straightforward to implement. However,
the inherent simplicity of their repetitive calculations imposes constraints on the attainable
complexity of the signals [28].

Table 1. One-dimensional chaotic mapping.

Mapping Name Mapping Relation

Bernoulli xn+1 =

{
2xn + 0.5 −0.5 < xn < 0
2xn − 0.5 0 ≤ xn < 0.5

Logistic xn+1 = 4xn(1 − xn)

Tent xn+1 =

{
0.5 + 2xn −0.5 < xn < 0
0.5 − 2xn 0 ≤ xn < 0.5

Cubic xn+1 = 3xn(1 − xn
2)

Sine xn+1 = sin(πxn)



Remote Sens. 2024, 16, 35 7 of 18

The straightforward operations of cubic chaotic mapping and sine chaotic mapping
allow for their amalgamation into a novel two-dimensional hyperchaotic mapping [29,30].
This integration augments computational complexity, thus enhancing the unpredictability
of the sequences. This leads to an interrelationship between the two dimensions in which
they both influence each other. The mapping equation for the cubic–sine two-dimensional
hyperchaotic mapping can be expressed as

x(n + 1) = sin[r·πx(n)]·
{

1 − sin[πy(n)]2

2

}
y(n + 1) = sin[r·πy(n)]·

{
1 − sin[πx(n+1)]2

2

} , (16)

where r represents the mapping parameter, with x and y constrained to the interval [−1, 1].
The Lyapunov exponent is an important measure of the complexity of chaotic map-

pings. A mapping earns the label “hyperchaotic” when it encompasses an n-dimensional
nonlinear structure with n-Lyapunov exponents, with the stipulation that the count of
positive Lyapunov exponents surpasses two [31]. Figure 3 illustrates the two Lyapunov
exponents of the cubic–sine two-dimensional hyperchaotic mapping obtained through
analysis with the Jacobian matrix. For a specific value of the parameter r, both Lyapunov
exponents λ1 and λ2 display positive values, indicating the mapping’s hyperchaotic state.
Taking initial values of x and y as 0.1, 0.3, 0.5, and 0.7 across four instances, the x-sequence
and y-sequence values are tracked after 2000 calculation iterations.
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Figure 3. Lyapunov exponents of the cubic–sine two-dimensional hyperchaotic mapping.

The cubic–sine two-dimensional hyperchaotic sequences have a defined range of
values, and the pairs are uniformly distributed within a given range, drawing attention to
the variability of the data, as evident in Figure 4. When the initial values are modified, the
distribution of the x-sequence and y-sequence values also changes, thereby demonstrating
the initial-value sensitivity of the chaotic sequence.

When compared to conventional chaotic mappings, hyperchaotic mappings demon-
strate more evident chaotic and random properties, making them particularly valuable for
applications such as countering enemy reconnaissance [17].

It is important to highlight that, while the cubic–sine two-dimensional hyperchaotic
mapping might not perform optimally when applied to CFM signals, its performance
remains unaffected in the context of C-NLFM. This distinction arises from the fact that
C-NLFM necessitates only an encrypted jitter. In C-NLFM signals, the jitter is both well-
defined and indispensable. Treating it as an approximate NLFM for the purpose of matched
filtering would yield mismatched outcomes and inaccurate imaging. Consequently, the
intricate nature of the jitter underpins the limited interceptibility and inherent unpredictabil-
ity of C-NLFM signals. This facet thereby opens the door for the application of numerous
intricate sequences derived from complex chaotic mappings.
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3.3. Analysis of Signal Spectrum

Due to the regularity in the frequency trend of the C-NLFM signal, its spectrum
demonstrates less randomness when compared to the CFM signal. Consequently, the
C-NLFM signal demonstrates a spectrum performance that is bandlimited, resembling the
characteristics of the NLFM signal. This section presents the spectrum analysis of four
distinct signals: LFM, NLFM [23], Bernoulli-FM [16,32], tent-FM [33], and C-NLFM, as
depicted in Figure 5. During the simulation, the parameters A and B for the C-NLFM signal
are set to 8 and 9000, respectively. The bandwidth is set to 5 GHz, the pulse width to 30 µs,
and the oversampling factor to twice the bandwidth.
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The spectrum of the CFM signal lacks a clear bandwidth boundary, and the compressed
pulse waveforms are prone to the side flaps fusing into the main flap at low oversampling
factors. Fortunately, this deficiency is compensated for by the C-NLFM signal. Its spectrum
envelope resembles that of NLFM, with the inclusion of random jitter originating from its
chaotic modulated frequency component.

In this way, the C-NLFM signal is strategically developed for practical applications
while simultaneously delivering superior imaging quality and a highly effective anti-
jamming capability.

3.4. Method of Low Sidelobe and Anti-Jamming

Several SAR imaging algorithms exist, such as the RDA, CSA, wKA, and BPA algo-
rithms. RDA represents the most conventional imaging algorithm. Both CSA and wKA
are improved frequency domain algorithms that achieve higher accuracy [34,35]. Ref. [35]
extended the widely used wKA based on LBF, yielding high-resolution results akin to those
achieved by BPA.

Among these, the BPA algorithm provides the most intuitive insight into the process
of superimposing different azimuthal pulses during imaging. In the BPA algorithm, the
echo signals from numerous pulses are collected. After undergoing pulse compression and
Doppler frequency compensation, these pulses are synchronized in the time domain. Sub-
sequently, each pulse is projected in the azimuthal direction, and its energy is allocated to
the corresponding pixel. These energy-assigned pulses are then superimposed at the pixel’s
location, resulting in the accumulation of energy from multiple pulses. This accumulation
enhances the energy of the target echo signal.

Based on the imaging principle, PSLR and the integrated sidelobe ratio (ISLR) between
a single pulse and multiple pulses can only be maintained if the main lobe and sidelobes of
the pulses remain constant, precisely like the LFM signal.

The sensitivity of a chaotic sequence to its initial value entails that altering the starting
value leads to modifications across the entire sequence. However, this adjustment does not
impact the interval range or probability density distribution of sequence values. Conse-
quently, it leaves the sequence’s auto-correlation and cross-correlation features unaffected.
Similarly, the sensitivity to the starting value is retained for the C-NLFM signal, allowing
the jitter distribution to be altered when the initial value is changed.

By carefully adjusting the initial value in the azimuthal direction and transmitting
distinct C-NLFM signals (S1, S2, . . .), a collection of signals is generated. These signals
share the same primary characteristics but exhibit varying jitter distributions.

Figure 6 illustrates a schematic representation of the auto-correlation of signals
S1, S2, . . . , as well as their cross-correlation. The blue part represents the low ampli-
tude energy and the green part represents the high amplitude energy. In Figure 6a, the
auto-correlation performance is showcased. Upon adjusting the initial value, the set of sig-
nals undergoing pulse compression exhibits nearly identical main lobes, while the sidelobes
exhibit random jitter. As multiple pulses are superimposed, the main lobe’s amplitude
increases significantly, while the sidelobes disperse the energy from each other. This en-
hances the amplitude ratio of the main lobe to the sidelobes, resulting in the appearance of
a low sidelobe level.

Figure 6b illustrates the cross-correlation performance, representing the disparity
between the deceptive jamming signal and the real signal. Notably, the waveforms, when
cross-correlated with each other, also display randomness. Upon superimposition, these
signals can mutually disperse the energy from each other, leading to a final amplitude
considerably lower than that achieved through real signal pulse compression and main lobe
superimposition. This suppression effect serves to counteract the influence of deceptive
jamming signals.
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4. Simulation and Analysis

In this chapter, the effectiveness of the C-NLFM signal in achieving a low sidelobe
level and anti-interference capabilities is separately validated. To verify the low sidelobe
characteristics of the C-NLFM signal, a comparison is conducted with several widely
used signals. Additionally, the validation of the C-NLFM signal’s resistance to deception
jamming signals involves a comparison with existing studies that focus on signal coding to
counter deception jamming signals. Finally, the results of the semi-physical experiment
are presented.

4.1. On the Pulse Compression Performance of the Waveform

The pulse compression performance of the signals is examined by incrementally
varying the oversampling factor within the range of 1.1 to 3, with a bandwidth of 500 MHz
and a pulse width of 20 µs. Multiple CFM signals are selected to be compared with
C-NLFM signals.

After compressing signals at different oversampling factors, variations in the PSLR and
ISLR of individual pulses within the five signals become evident, as depicted in Figure 7.
In this process, pulse compression of a single C-NLFM signal is performed, resulting in
high random energy in the sidelobes. Therefore, in this case, some fluctuation in the value
of the highest sidelobe within a certain range is acceptable.
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Particularly, at low oversampling factors, the CFM signal demonstrates prominently
higher sidelobes. The optimal low sidelobe effect is attained when the oversampling
factor exceeds two times. Despite the relatively superior performance of the Bernoulli-FM
signal compared to other CFM signals, it also struggles to mitigate high sidelobes at low
oversampling factors. In comparison, the PSLR and ISLR values of the C-NLFM signal
consistently exhibit a stable state, with both values remaining notably low.

Significantly, a C-NLFM signal’s sidelobes exhibit random jitter, indicating the poten-
tial to mitigate it by combining multiple signals with varied initial values of the chaotic
sequence. This approach can effectively reduce the sidelobes and achieve a performance
similar to that of the NLFM signal. To put it another way, the C-NLFM anti-jamming
signal only necessitates a lower oversampling factor to attain decreased sidelobes following
subsequent imaging steps. This not only reduces the system costs but also enhances the
practicality of the signal.

Except for the signals in Figure 7, Figure 8 displays additional C-NLFM signals
encoded by tent sequences and logistic sequences, as well as NLFM signals. Moreover, the
signals with chaotic sequence coding exhibit variations in the azimuthal direction based
on different initial values. Figure 8 demonstrates their sidelobe performance in the range
profile after point imaging under different oversampling factors.
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Due to randomness in the sidelobes of these signals, sidelobes aligned in the time
domain disperse energy during imaging. Taking Bernoulli-FM and C-NLFM as examples,
both the PSLR and ISLR in Figure 8 exhibit a noticeable decrease compared to those in
Figure 7 when the oversampling factor is below 1.5. However, Bernoulli-FM exhibits higher
sidelobes than C-NLFM, attributed to severe spectral aliasing at lower sampling factors.

According to the experimental results, the applications of tent and logistic sequences
show suboptimal performance in CFM, whereas they perform significantly better in C-
NLFM. This observation underscores that C-NLFM signals can achieve the desired effects
using chaotic sequences with different distributions. Consequently, the decision to increase
the complexity of chaotic sequences remains unaffected, highlighting the robustness of
C-NLFM signal in accommodating diverse chaotic sentences. In other words, it confirms
that the C-NLFM signal enhances the flexible application of different chaotic sentences.

The imaging of point targets using the LFM signal, NLFM signal [23], Bernoulli-FM
signal [32], tent-FM signal [33], and the proposed C-NLFM signal with an oversampling
factor of 1.15 was simulated based on the parameters specified in Table 2. Their range and
azimuth profiles are presented in Figure 9, and the evaluation metrics are summarized in
Table 3, confirming the conclusions mentioned earlier.
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Table 2. Parameters of simulation.

Parameter Value

Carrier Frequency 5.3 GHz
Sensor Velocity 150 m/s

Band Width 500 MHz
Pulse Width 20 µs

Range Oversampling Factor 1.15
Azimuth Oversampling Factor 1.2

Squint Angle 0◦

Closest Range 20 km
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Table 3. Performance analysis of range and azimuth profiles with an oversampling factor of 1.15.

Signals
Range Profile Azimuth Profile

PSLR (dB) ISLR (dB) MBF PSLR (dB) ISLR (dB) MBF

LFM −13.27 −9.71 1.0 −13.93 −9.39 1.0
NLFM [23] −45.08 −36.91 1.5 −13.59 −10.01 1.0

Bernoulli−FM [32] −20.62 −18.80 1.0 −13.97 −9.51 1.0
Tent−FM [33] −7.04 −1.03 0.8 −13.99 −9.21 1.0

C−NLFM −45.32 −32.38 1.6 −13.53 −10.02 1.0

After conducting data analysis and comparisons, it is observed that, in comparison to
other signals, particularly LFM signals, the azimuth profile of the proposed signal experi-
ences minimal changes and can be regarded as relatively unaffected, as shown in Figure 9b.
The PSLR of the C-NLFM can be effectively reduced to below −45 dB, and the ISLR can
be brought down to below −30 dB, as demonstrated by the range profiles illustrated in
Figure 9a. Conversely, the Bernoulli-FM signal struggles to achieve similar results under
these circumstances. With the addition of multiple pulses, the performance of the C-NLFM
signal tends to converge toward that of the NLFM signal due to its foundational reliance on
the NLFM signal. At the same time, its main lobe broadening factor (MBF) can be improved
by utilizing a more effective NLFM signal. With a low oversampling factor, the point target
imaging advantage of the CFM signal is no longer dominant, and the sidelobe is very easy
to merge into the main lobe, which reduces the imaging quality. In contrast, C-NLFM
demonstrates adaptability to a variety of complex environments.
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4.2. On the Suppression Performance of the Deception Jamming

The anti-active deception jamming performance of the C-NLFM signal is validated
by comparing it with the LFM signal, RNLFM signal [36], and LFM-PC signal [18]. In
this simulation, the transmitted signal’s range oversampling factor is set to 1.15 with a
bandwidth of 1 GHz. The simulation comprises thirteen real point targets arranged in
the shape of a “+” along with six false point targets positioned diagonally. Due to LFM’s
limited ability to counter active deception jamming signals, the false point targets marked
in the red dotted box persist in Figure 10a. Additionally, the suppression results of other
signals are also marked by the corresponding red dotted box.
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The jamming-to-signal ratio (JSR) can measure an amplitude gap between the sup-
pressed jamming signals and the real signals. The results are demonstrated in Table 4, with
a comparison of various signals. In contrast, LFM does not have the ability to suppress the
deception jamming. As composite modulation signals, C-NLFM can bring out the obvious
advantage in deception jamming suppression. In Figure 10b, the RNLFM [36] signal is
generated by irregularly segmenting the signal and changing the frequency polarity, re-
sulting in multiple waveforms. RNLFM [36] signals can reduce the amplitude of deceptive
jamming signals in imaging. However, they may still be mistaken for potential targets.
In contrast, both the LFM-PC [18] and C-NLFM signals lead to a complete mismatch of
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deceptive jamming signals, making their suppression effects more desirable, as shown
in Figure 10c,d. Additionally, the C-NLFM signal further reduces the jamming signal’s
sidelobes by an additional 5 dB to −29 dB.

Table 4. Performance analysis of JSR.

Signals JSR (dB)

LFM 0
RNLFM [36] −21.08
LFM-PC [18] −24.22

C-NLFM −29.64

Figure 11 depicts a simulated image generated by emitting NLFM and C-NLFM
signal groups, with the goal of contrasting the suppression result of a false target within a
simulated SAR scanning region. The scene for the surface target simulation is an airport,
and the arrows in Figure 11 indicate the direction of range and azimuth. In Figure 11a,
an NLFM signal is employed, while in Figure 11b, a C-NLFM signal is utilized. In this
scenario, a total of eight aircrafts are parked on both the upper and lower sides and are
outlined in yellow. The aircraft in the center of Figure 11a represents a false target and are
outlined in red, effectively suppressed in Figure 11b. The suppression result is indicated by
red boxes. Following suppression, the deception jamming signals transform into clutter
in the surrounding imaging area. Consequently, the false target model becomes entirely
shapeless. The simulation results confirm the effectiveness of the C-NLFM signal groups in
successfully countering active deception jamming.
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4.3. On the Experiment of the Semi-physical Simulation System

The system is configured to produce I/Q base-band C-NLFM signals with a bandwidth
of 500 MHz and an oversampling factor of 1.15. The complete procedure of the semi-
physical experiment is shown in Figure 12. The primary equipment for this experiment
comprises a personal computer (PC), an arbitrary waveform generator (AWG), a spectrum
analyzer, and an oscilloscope, as displayed in Figure 13.
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C-NLFM signal groups can be simulated by developing algorithms on a PC in advance.
Subsequently, the generated data can be uploaded into the memory of the AWG. The signal
data stored in memory can be retrieved at an appropriate clock frequency before being
sent to a digital-to-analog converter (DAC) for analog signal output. These analog signal
outputs are fed into an oscilloscope and spectrum analyzer to conduct time-frequency
analysis of the signals, and the results are presented in Figure 14, closely resembling the
previously simulated results. The analog signals from the oscilloscope can be sent to
an analog-to-digital converter (ADC) for conversion into digital signals, which can then
be saved.
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A single base-band NLFM signal and fifty base-band C-NLFM signals are generated
using distinct initial values of a chaotic sequence. Figure 15 compares the simulation
results of real and false signals using both NLFM and C-NLFM signals. Figure 15a,b
respectively depict the superimposed results of NLFM and C-NLFM signals after pulse
compression. The signals obtained through the semi-physical experiment are repeatedly
transmitted until they meet the requirements of a synthetic aperture. Figure 15c,d present
the imaging outcomes.
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after pulse compression; (c) imaging result of NLFM signals; (d) imaging result of C-NLFM signals.

These results demonstrate that NLFM signals, as theoretically analyzed, are ineffective
at suppressing false signals, while emphasizing the practical potential of C-NLFM signals
in application.

5. Conclusions

This paper introduces a novel coding method designed to suppress active deception
jamming while achieving favorable imaging performance, contrasting with traditional
CFM signals, which exhibit high sidelobes under low oversampling factors. The proposed
method utilizes hyperchaotic sequence frequency modulation of NLFM signals, enhancing
the spectrum band-limited performance while preserving the randomness of chaotic coding.
Consequently, it achieves reduced sidelobes even at a low oversampling factor of 1.15.
Importantly, this method capitalizes on the sensitivity of chaotic initial signal values,
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generating a diverse collection of signals with varying phase distributions to counteract
false targets. Both theoretical analysis and simulation results emphasize the effectiveness
and superiority of this approach in anti-interference and imaging scenarios.
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