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The compressed sampling theory provides a good idea for sampling broadband linear frequency-modulated (LFM) signal, but the
signal reconstruction after sampling should be considered when using the compressed sampling system to sample the signal. For
the problem of estimating the parameters of the LFM signal under the condition of nonreconstruction, a method combining
random demodulation (RD) and waveform matching (WM) dictionary is proposed in this paper. Firstly, the RD system is
used to collect the compressed sampling data of LFM signal. In order to ensure the validity of the compressed sampling data,
the value of the compressed sampling rate R in the RD system is discussed. Then, the feasibility of using compressed sampling
data to estimate LFM signal parameters is theoretically demonstrated. According to the construction principle of waveform
matching dictionary, the corresponding relationship between sparse representation coefficients, dictionary atoms, and signal
parameters can be determined. Using this theory, the LFM signal parameters can be estimated. Finally, simulation and real
signal experiments verify that the proposed method can realize the estimation of initial frequency and chirp rate of LFM signal
when some prior information is known.

1. Introduction

Linear frequency-modulated (LFM) signal, also known as
chirp signal, is widely used in electronic reconnaissance
because of its unique anti-interference performance and
strong survival performance in complex electromagnetic
environment [1–3]. At the same time, with its advantages
of high resolution, large bandwidth, and anti-Doppler fre-
quency shift, it is also widely used in communications,
medicine, and other livelihood fields. Through the analysis
of intercepted enemy LFM signals in the battlefield envi-
ronment, the intelligence information of the enemy can
be obtained, which plays a key role in the victory or defeat
of the war [4]. Therefore, the estimation of frequency
parameters including initial frequency and frequency mod-
ulation (FM) slope has become one of the focuses of LFM
signal research. However, with the development of infor-
mation technology, the signal bandwidth continues to
increase. Sampling methods based on Nyquist theorem will
produce a large amount of data when processing LFM sig-

nals. This puts more pressure on the ADC at the sampling
end, which poses more challenges to the development of
hardware [5–7].

The development of analog information conversion
technology based on compressed sensing has broadened
the way of solving the problem of broadband signal acquisi-
tion [8, 9]. Existing simulation information conversion sys-
tems with relatively mature development include
nonuniform sampling (NUS) [10–12], random demodulator
(RD) [13–17] system, modulated wideband converter
(MWC) [18–20], multicoset sampling [21], Nyquist folding
receiver (NYFR) [22], and finite rate of innovation (FRI)
[23]. However, the research on the compressed sampling
technology has focused on the compressed sampling and
reconstruction technology of the signal from the beginning,
lacking the research on estimating the signal parameters
directly using the compressed sampling information without
reconstructing the original signal. In 2010, Davenport et al.
[24] proved that it was feasible to directly use compressed
sampling data to estimate signal parameters without
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reconstruction of the original signal, which promoted the
rapid development of the research on compressed sampling
parameter estimation. In reference [12], NUS system is used
to compress and sample LFM signals, and matching pursuit
algorithm is used to realize the estimation of LFM signal fre-
quency parameters under nonuniform sampling. However,
the random nonuniform triggering method adopted by the
circuit will lead to Nyquist sampling interval between local
adjacent sampling points, which cannot reduce the actual
working bandwidth. Literatures [19, 20] combined MWC
system with array structure and combined different recon-
struction algorithms to estimate the direction of arrival
(DOA) and carrier frequency of array signals. However,
the multichannel structure of MWC system is more suitable
for processing multiband signals, and the complex system
structure increases the difficulty of hardware implementa-
tion. In reference [22], the structure of NYFR was improved
by sinusoidal frequency modulation of local oscillator, which
achieved good results for parameter estimation of frequency
shift keying radar signal, but it was not suitable for the
broadband characteristics of LFM signal. Although the FRI
method proposed in literature [25] can directly estimate
the signal parameter information with compressed sampled
data, the structure design of FRI determines that the system
is only limited to the pulse signal range.

Compared with the above methods, RD system is simple
in structure, easy to implement, and widely used. Zhang
et al. [15] combined RD system with array structure for
parameter estimation of array signals, but special array
structure is more suitable for processing multiband signals.
Karampoulas et al. [17] proposed a dual channel sampling
structure combining undersampling and RD system, which
estimates the central frequency of the signal by recovering
the position of the set to which the sparse vector belongs.
However, this method is only effective for single-
component LFM signals, and the dual channel structure
design increases the complexity of the system and the diffi-
culty of hardware implementation. In view of the above
problems, literature [13] proposed to use the NUS system
to compress the sampled signal and combine with the wave-
form matching dictionary to estimate the signal parameters.
The construction of the waveform matching dictionary is a
waveform matching method proposed by reference [26],
which can intuitively reflect the difference between the
reconstructed waveform and the original waveform, so as
to facilitate the parameter estimation of the signal. More-
over, the method of waveform matching dictionary is intui-
tive and easy to construct and has strong adaptability to both
single-component and multicomponent LFM signals.

However, the sampling of NUS does not get rid of the
influence of Nyquist theorem. Therefore, this paper pro-
poses a parameter estimation method combining RD com-
pression sampling with waveform matching dictionary,
which is mainly used to solve two problems: ne is to real-
ize the compression sampling of LFM signals in RD sys-
tems, and the other is to estimate the parameter
information of single-component and multicomponent
LFM signals by combining WM dictionary and com-
pressed sampling data.

2. Fundamental Theory

2.1. RD System. RD system is a kind of simulation informa-
tion conversion technology based on compressed sensing
theory. Due to its simple structure and easy hardware imple-
mentation, scholars at home and abroad have carried out
extensive research on it, and it has been widely used in radar,
communication, and other fields. The basic model of RD
system is shown in Figure 1.

It can be seen from Figure 1 that RD system is
mainly composed of mixer, integrator, and collector cir-
cuit structure. The input signal xðtÞ is multiplied by pc
ðtÞ for frequency mixing modulation, and then, the
modulated signal is low-pass filtered by the integrator.
Finally, the collector samples at 1/R cycle and discretizes
to obtain the compressed sampling observation sequence
y½m�.

pcðtÞ is a pseudorandom sequence switched between ±1
with Nyquist frequency, and the expression is as follows:

pc tð Þ = εn, t ∈
n − 1
W

, n
W

� �
, n = 1, 2,⋯,W, ð1Þ

where W is Nyquist sampling frequency and εn is ±1.

2.2. Mathematical Description of RD System

(1) Signal mixing. Mixed signals xðtÞ and pcðtÞ

y1 tð Þ = x tð Þpc tð Þ: ð2Þ

Fourier transform of signal y1ðtÞ

Y fð Þ =
ð+∞
−∞

y1 tð Þe−j2πf tdt =
ð+∞
−∞

x tð Þp tð Þe−j2πf tdt = X fð Þ ∗ P fð Þ, ð3Þ

where Xð f Þ is the spectrum of input signal xðtÞ, Pð f Þ is the
spectrum of random sequence pðtÞ, and ∗ is the convolution
operation. As can be seen from Formula (3), the information
of the signal after frequency mixing is distributed on the
whole spectrum. Therefore, the low-frequency part obtained

t = m/R

1 (•) dtt
t–

R
∫

x (t)

pc (t)

y[m]
ADC

Figure 1: RD.

Table 1: Parameters of simulation signal.

Parameter Signal a Signal b

K 1 4

Ai 1 1

f i (MHz) 200 [200 250 300 350]

k (MHz) -300 -300

T (us) 1 1
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by low-pass filtering also contains all the information of the
original signal.

(2) Low pass filtering. Perform low-pass filtering for y1ðtÞ,
and the formula is as follows:

y2 tð Þ = x tð Þ ⋅ p tð Þð Þ ∗ h tð Þ =
ðt
0
x τð Þp τð Þh t − τð Þdτ, ð4Þ

where hðtÞ is the functional expression of the impulse
response of the low-pass filter.

(3) Discrete sampling. The filtered signal y2ðtÞ is sam-
pled by the collector:

y m½ � =
ðt
0
x τð Þp τð Þ ∗ h t − τð Þdτ

����
t=mΔt

Δt ≥ 0, ð5Þ

where m is the number of samples, Δt is the reciprocal of the
sampling rate R, that is, the sampling interval.

According to the compressed sensing theory, the com-
pressed sampling observation value of the input signal is
measured by the observation matrix of the original signal,
and the formula is as follows:

y =Φx: ð6Þ

In the RD system, the observation matrix A is obtained
by multiplying the discrete matrices of pðtÞ and hðtÞ, which

can be expressed by the following formula:

Φ =HP, ð7Þ

H =

h Cð Þ ⋯ h 1ð Þ 0   ⋯

h 2Cð Þ ⋯ ⋯ h 1ð Þ 0 ⋯

⋮     ⋱   ⋱

h RCð Þ       h 1ð Þ  

2
666664

3
777775
R×W

, ð8Þ

P =

ε0      

  ⋱    

    ⋱  

      εW−1

2
666664

3
777775
W×W

, ð9Þ
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Figure 3: Reconstruction probability.
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Figure 2: Simulation signal: (a) time domain, signal a; (b) time domain, signal b; (c) Fourier transform, signal a; (d) Fourier transform, signal b.
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where P is a diagonal matrix of size W ×W, the size of H
matrix is R ×W, and the ith row of H is the reverse order
of i × C elements before filter impulse response hðnÞ. When
the number of elements of hðnÞ is less than i × C, zero is
added to the end of hðnÞ before the reverse order, and then
the reverse order and C =W/R.

After the signal measurement matrix is constructed, the
process of signal xðtÞ compression sampling can also be
expressed as follows:

y =Φx =HPx: ð10Þ

3. Parameter Estimation Based on
RD-Compressed Sampling

3.1. Constructing WM Dictionary. After obtaining the com-
pressed sampling sequence of the signal, how to estimate
the FM slope, initial frequency, and other parameters of
the signal without reconstructing the original signal should
also refer to the compressed sensing theory to design a
sparse representation dictionary. The Fourier transform dic-
tionary commonly used in traditional RD system is used to
realize the sparse representation of signals. However, this
method has poor sparsity and cannot directly use the obser-
vation sequence to estimate the parameters of signals. The
WM dictionary not only has a good sparse representation
performance for signals but also can realize the estimation
of the FM slope and initial frequency of signals without
reconstructing the original signals.

Suppose that the expression of multicomponent LFM
signal is as follows:

x tð Þ = 〠
K

i=1
Ai exp j2π f it +

1
2 kit

2
� �� �

, ð11Þ

where K is the number of LFM signal components, Ai and f i
are the amplitude and initial frequency of the ith compo-
nent, respectively, and ki is the FM slope.

When K = 1, the expression of single-component LFM
signal is as follows:

x tð Þ = A · exp j2π f ct +
k
2 t

2
� �� �

: ð12Þ

The atom of the WM dictionary is constructed according

to Formula (12). The atom formula of the dictionary is as
follows:

Ψ tð Þp,q = A · exp j2πf cpt + jπkqt
2

� �
, ð13Þ

where f cp and kq are the initial frequency and FM slope of
different parameters, respectively. On the premise that the
ranges of f c and k of signal xðtÞ are known, the ranges of
the two parameters are divided, respectively, and the ranges
of the initial frequency are divided into P parts to obtain
f cp = ½ f c1, f c2,⋯f cP�, and the FM slope is divided into Q
parts to obtain kcq = ½k1, k2,⋯kQ�.

Then, the WM dictionary is shown as follows:

Ψ = Ψ1,⋯Ψp,q,⋯,ΨZ

Â Ã
: ð14Þ

Z = P ×Q indicates the number of atoms in the
dictionary.

Then, the signal xðtÞ can also be written in the form of
linear combination of atoms in the WM dictionary:

x tð Þ = 〠
i=Z

i=1
siΨi tð Þ: ð15Þ

Actually, Formula (15) is the expansion form of signal
sparse representation formula x =Ψs. By observing Equa-
tions (11) and (15), it can be seen that for the LFM signal
composed of K components of the signal, there are K non-
zero coefficients si in Formula (15), and the corresponding
atomic sequence in the dictionary can be found by using si,
and then, the estimated values of the initial frequency and
FM slope of the original signal can be calculated by combin-
ing with Equation (13).

3.2. Parameter Estimation of Compressed Sampling. By
determining the nonzero sparse representation coefficient
si, the parameter estimation of the signal can be realized.
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Figure 4: Sparse representation coefficient: (a) sparse representation, signal a; (b) sparse representation, signal b.

Table 2: The estimated parameters of simulation signal.

Atomic sequence f̂ i (MHz) k̂ (MHz/us)

Signal a 980 200 -300

Signal b [980 1230 1480 1730] [200 250 300 350] -300
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Then, the problem of signal parameter estimation can be trans-
formed into solving the sparse representation coefficient of the
signal under the condition that the observation value y½m�, the
observation matrix Φ, and the sparse dictionary Ψ are known.

Assuming that the perception matrix Θ satisfies the
finite isometric property, the reconstruction model of sparse
representation coefficient can be expressed as

ŝ = arg min sk k0, s:t:Θs = y, ð16Þ

where y½m� is the observation sequence of RD system, Θ =
ΦΨ. The observation matrix Φ is obtained by Formula (7),
and Ψ is the WM dictionary.

The sparse representation coefficients can be calculated
by the reconstruction algorithm, and then, the atomic
sequence can be determined, and the initial frequency and
FM slope can be estimated.

In summary, the parameter estimation process of RD com-
pression sampling andWMdictionary is summarized as follows:

Step 1: determine the value of the sampling rate R of RD
system to ensure the effectiveness of compressed sampling
data and obtain the observation sequence y½m� by com-
pressed sampling of xðtÞ

Step 2: construct a WM dictionary according to certain
prior information and Formula (13) and obtain the relation-
ship among sparse representation coefficients, atomic
sequences, and parameters to be estimated according to the
construction principle of the WM dictionary

Step 3: combined with reconstruction algorithm, the input
is observation sequence y½m�, measurement matrix Φ, and

WM dictionary Ψ, and the output is sparse representation
coefficient

Step 4: according to Equations (13) and (15), the position
of the maximum value in the sparse representation coeffi-
cient corresponds to the atom in the dictionary, and the ini-
tial slope and frequency modulation of the signal can be
estimated by the determined atomic sequence

From the above parameter estimation steps, the parame-
ter information of the original signal can be estimated by
analyzing the compressed sampled data without reconstruc-
tion of the original signal.

4. Experimental Analysis

4.1. Simulation Signal. In order to verify the parameter esti-
mation effect based on the compression sampling and WM
dictionary of the RD system, the simulated LFM signal was
experimentally analyzed. The simulation experiment envi-
ronment is Windows 10 64-bit operating system and
MATLAB R2018b software platform; the main parameters
of the computer are processor Intel Core i7-10875H; the
main frequency is 2.30GHz, and the memory is 16.0GB.

According to Formula (11), single-component and mul-
ticomponent LFM signals are, respectively, generated. The
parameter settings of signal a and signal b are shown in
Table 1. The time-domain waveform and spectrum of the
obtained signal are shown in Figure 2. From the spectrum
diagram of the signal, it can be seen that the signal does
not have sparsity under Fourier transform.

4.2. Parameter Estimation of Simulation Signal. Different
values of R will affect the compression sampling effect of
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Figure 5: Original signal and reconstructed signal: (a) reconstruction, signal a; (b) reconstruction, signal b.

Table 3: Comparison for different methods.

Signal Sampling Sampling frequency (MHz) Sampling points Compression rate Error

Signal a

Nyquist 1000 1000 1 : 1 /

RD 40 40 25 : 1 1.124

RD+WM 40 40 25 : 1 0

Signal b

Nyquist 1000 1000 1 : 1 /

RD 40 40 25 : 1 1.097

RD+WM 40 40 25 : 1 0
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RD system. Therefore, the value of parameter R of RD sys-
tem is determined first. The relative error (RE) of signal
reconstruction is taken as the evaluation standard, and the
formula is defined as follows:

E = x̂ tð Þ − x tð Þk k2
x tð Þk k2

, ð17Þ

where x̂ðtÞ is the reconstructed signal and k·k2 is L2 norm.

The reconstruction probability of signal a and signal b
under different R values is analyzed. The matching pursuit
algorithm is used as the recovery algorithm here, 500 Monte
Carlo tests are carried out under each R value, and the cor-
responding relationship between R value and signal recon-
struction probability is shown in Figure 3. When the
relative error of signal reconstruction is less than 0.1, the sig-
nal reconstruction is considered successful, indicating that
the compressed sampled data is effective.
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Figure 3 discusses the two cases of signal a and signal b,
respectively. It can be seen from the figure that when the
value of R is greater than or equal to 40, the reconstruction
effect of signal can be guaranteed for both cases. Therefore,
the compression sampling rate of RD system is set to 40
for the subsequent compression sampling analysis of signal
a and signal b.

After the value of R is determined, according to the
parameters of LFM signal in Table 1, the ranges of initial fre-
quency and FM slope are selected as (0MHz, 500MHz) and
(-500MHz/us, 0MHz/us), respectively, and the two ranges
are equally divided into 50 parts to obtain a redundant dic-
tionary library with size of 50 × 50.

The sparse representation coefficients of the signal under
the WM dictionary are recovered according to Formula (17).
The matching pursuit algorithm is used as the recovery algo-
rithm in the recovery process, and the sparse representation
coefficients and corresponding atomic sequences of signal a
and signal b are obtained as shown in Figure 4.

By comparing the Fourier transform of the signal in
Figure 2, it can be seen that the WM dictionary has a better
sparse representation effect. Meanwhile, the atomic
sequence corresponding to the nonzero coefficient can be
obtained from the figure, and then, the parameter estimates
of signal a and signal b can be deduced according to Equa-
tions (13) and (14). The atomic sequence and parameter
estimates corresponding to the nonzero coefficient are
shown in Table 2. In order to reflect the parameter estima-
tion effect of the proposed method more intuitively, the
reconstructed signal can be obtained by using the obtained
signal parameter estimation value and Formula (11). The
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Figure 7: M9381A vector signal generator and M9391A vector signal analyzer.
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waveform of the reconstructed signal and the original signal
is shown in Figure 5. The compression sampling effects of
different sampling methods are compared, and the results
are shown in Table 3.

According to the simulation analysis results in Tables 2
and 3 and Figure 5, it can be seen that compared with
Nyquist sampling, the compression sampling frequency
and sampling points of the RD system are reduced, and
the initial frequency and FM slope of the signal can be effec-
tively estimated by combining with the WM dictionary.
Since the precision of signal parameter estimation is related
to the precision of interval division during the construction
of the WM dictionary, the interval selected here is exactly
the same as the position precision of the atomic sequence
corresponding to the sparse representation coefficient, so
the parameter estimation value of the obtained signal is con-
sistent with the original signal, and the waveform diagram of
the reconstructed signal and the original signal in Figure 5 is
also completely coincident.

4.3. Antinoise Performance Analysis. In the complex elec-
tronic reconnaissance environment, the detection signal is
often doped with noise. In order to test the performance of
the algorithm in noisy environment, Gaussian white noise
with different signal-to-noise ratio is added to signal a and
signal b, respectively. In the process of parameter estimation,
WM dictionary and recovery algorithm are the same as
those above. The sparse representation coefficients and
atomic sequences of signals under different SNR conditions
are obtained through analysis as shown in Figure 6.

In the simulation experiment, the conditions of 0 dB,
5 dB, and 10 dB are analyzed, respectively. It can be seen
from the figure that the single-component signal is less
affected by noise, and the position of the atomic sequence
is more obvious, while the multicomponent signal is more
affected by noise, and there will be some interference items
close to the atomic sequence. For example, in Figure 6(b),
the amplitude close to the sparse representation coefficient
appears, which will cause misjudgment in the process of
finding the corresponding atomic sequence, and then affects
the result of parameter estimation. However, with the
increase of SNR, the amplitude of the coefficient vector is
more obvious, and the corresponding atomic sequence is
easier to find. The above experiments show that the pro-

posed method has certain antinoise performance, but when
the SNR is lower than 0dB, the interference term close to
the sparse representation coefficient will be generated, which
will affect the accuracy of parameter estimation.

By constructing the waveform matching dictionary, we
can estimate the parameters of the LFM signal. The pro-
posed method has a certain degree of antinoise ability and
has better antinoise performance when analyzing the
single-component LFM signal.

5. Measured Signal Analysis

LFM signals are generated and collected by M9381A vector
signal generator and M9391A vector signal analyzer and
other relevant experimental equipment. The M9381A vector
signal generator mainly includes four modules: frequency
synthesis module (M9301A), source output module
(M9310A), digital vector modulation module (M9311A),
and frequency reference module (M9300A). M9391A vector
signal analyzer mainly includes intermediate frequency dig-
ital module (M9214A), frequency synthesis module
(M9301A), and downconversion module (M9350A). The
introduction of relevant experiments is mentioned in litera-
ture [27].

The output frequency range of M9381A vector signal
generator is 1MHz~6GHz, and the frequency resolution is
0.01Hz. M9391A vector signal analyzer is connected to
M9381A through wire connection to receive LFM signals.
The operating frequency range of M9391A vector signal
analyzer is 1MHz~6GHz, and the frequency resolution is
0.001Hz. The structure of the experimental equipment is
shown in Figure 7. The simulation software was used to ana-
lyze the collected data to verify the effect of the waveform
matching dictionary method on the parameter estimation
of the measured signal under the condition of RD-
compressed sampling.

Table 4: The estimated parameters of measured signal.

Atomic sequence f̂ i (MHz) k̂ (MHz/us)

Signal c 14730 1300 4.90

Signal d 14900 1300 7.03
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Y 0.9683
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Figure 10: Sparse representation coefficient: (a) signal c; (b) signal d.
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In the experiment, single-component LFM signals with
bandwidth of 100MHz and 120MHz are, respectively, gener-
ated and collected, with amplitude of 2 × 10−3, frequency of
1.3GHz, and signal period of 20.41μs and 17.08μs. The gen-
erated LFM signal is represented by signal c and signal d,
respectively, and the waveform diagram is shown in Figure 8.

Firstly, the sampling rate R is determined. Monte Carlo
tests were conducted 500 times for each R value, and the cor-
responding relationship between R and relative error is
obtained as shown in Figure 9. When the relative error is less
than 0.1, R value is considered valid. According to the results
in the figure, when R is greater than 150, the compression
sampling effect can be guaranteed.

After the R value is determined, according to the parame-
ter settings of the measured signal and the FM slope calcula-
tion formula k = B/T, the initial frequency and the FM slope
interval are selected as (1100MHz, 1600MHz) and (3MHz/
us, 8MHz/us), respectively, which are equally divided into
500 copies to obtain a redundant dictionary library with the
size of 500 × 500. The sparse representation coefficient is
reconstructed according to Formula (16) and the matching
pursuit algorithm, and the amplitude is normalized to obtain
the image of the atomic sequence as shown in Figure 10.

It can be seen from the figure that the WM dictionary still
has a good sparse representation effect for the measured sig-
nal. The parameter estimates of signal c and signal d are calcu-
lated according to the atomic sequence, as shown in Table 4.

Set up the comparison experiment of different sampling
methods, respectively, and use Nyquist sampling, traditional

RD sampling, and the method RD+WM to carry out the
comparative analysis of the measured signals. Formula (17)
is still used as the judgment basis to compare the effects of
the above three methods. The parameter setting of the sam-
pling process and the reconstruction error of sampling are
shown in Table 5. After the parameters to be estimated are
obtained, the reconstructed signal is obtained according to
Formula (11). The WM between the reconstructed signal
and the original signal is shown in Figure 11.

As can be seen from Table 4, the estimated value of ini-
tial frequency is completely consistent with the measured
signal, but the accuracy of the estimated value of FM slope
only reaches two decimal places, because the accuracy of
parameter estimation matches the accuracy of interval divi-
sion in the construction process of WM dictionary.

It can be seen from Table 5 that the traditional Nyquist
sampling method has a high sampling frequency, a large
number of total sampling points, and a large amount of
data to be processed, which will obviously bring some pres-
sure to ADC. Although the traditional RD system also has
the ability of compressing and sampling, it will produce
large errors when processing LFM signals directly. In com-
bination with the error results in Table 5 and the signal
reconstruction waveform in Figure 11, although the preci-
sion division of the interval will have a certain impact on
the parameter estimation results when constructing the
WM dictionary, it can still achieve the parameter estima-
tion of the signal with low error while ensuring the signal
compression sampling effect.

Table 5: Comparison for sampling and analysis.

Signal Sampling Sampling frequency (MHz) Sampling points Compression rate Error

Signal c

Nyquist 150 3061 1 : 1 /

RD 8 163 18.75 : 1 1.332

RD+WM 8 163 18.75 : 1 0.0031

Signal d

Nyquist 150 2562 1 : 1 /

RD 10 171 15 : 1 1.328

RD+WM 10 171 15 : 1 0.0043
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Figure 11: Measured signal and reconstructed signal: (a) reconstruction, signal c; (b) reconstruction, signal d.
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6. Conclusion

A method based on the combination of RD system and WM
dictionary is proposed, which can effectively solve the prob-
lem of LFM signal parameter estimation under the condition
of incomplete reconstruction of the original signal. The main
innovations are as follows: first, it solves the problem of LFM
signal compression sampling. Compared with traditional
Nyquist sampling, RD system can effectively reduce the sam-
pling frequency and sampling points, thus relieving the pres-
sure faced by ADC. Compared with other sampling systems,
RD system also has the advantages of simple structure and
easy hardware implementation. Second, a WM dictionary
is constructed, and the relationship among sparse represen-
tation coefficients, dictionary atomic sequences, and param-
eters to be estimated is obtained through the construction
principle of the WM dictionary. The feasibility of the
method is demonstrated from the theoretical level. Third,
the effectiveness of the proposed method is verified by com-
bining simulation and measured signals. It can not only
effectively reduce the amount of data compressed and sam-
pled by LFM signals but also achieve parameter estimation
of compressed and sampled LFM signals with low error,
and it is also effective for multicomponent LFM signals.

This research provides a certain reference for solving the
problem of LFM signal parameter estimation in the elec-
tronic reconnaissance environment, but the acquisition of
prior information needs some empirical knowledge. More-
over, although the proposed method has a certain antinoise
property, there is room for improvement for the interference
of strong noise. Therefore, with the further development of
the research, the exploration of LFM signal parameter esti-
mation under complex conditions such as unknown prior
information and strong noise can be considered and studied
step by step.

Data Availability
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data that support the findings of the study are available on
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