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Highlights

What are the main findings?

e This paper proposes a parameter-adjusted Chebyshev filtering algorithm for UAV
SAR echo signal enhancement based on phase compensation. This algorithm fully
utilizes the high repetition rate characteristic of UAV SAR systems, improving the
pulse SNR while reducing the amount of data.

e The SNR gain during SAR processing and its relationship with SNR and PRF
were analyzed.

What are the implications of the main findings?

e  This method effectively overcomes the problem that traditional SAR echo azimuth
processing cannot compensate for phase changes between adjacent pulses, and makes
full use of the energy of each pulse, thereby reducing the SNR loss caused by filtering
and downsampling.

e  This method can significantly reduce the amount of echo data, decrease memory usage,
and improve the efficiency of SAR echo signal processing.

Abstract

Unmanned aerial vehicle Synthetic Aperture Radar (UAV SAR) is inevitably affected by
hardware performance and complex electromagnetic environments, resulting in noise in
the radar echo signal. This causes image blurring and loss of detail, severely limiting the
detection performance and imaging quality of UAV SAR. High-repetition-rate UAV SAR
can achieve high signal-to-noise ratio (SNR), but the SAR data volume grows exponentially,
posing a challenge for large-scale data processing. Furthermore, in the case of high repe-
tition rate, downsampling methods are needed to reduce the amount of raw data, which
leads to a decrease in the echo SNR, thus significantly affecting SAR image details. Existing
SAR signal processing methods typically involve a series of processing steps on the raw
echo data, such as azimuth and range direction processing. However, these traditional
methods still have limitations in improving the SNR, especially in complex environments
or when the target signal is weak, where their effectiveness is often unsatisfactory. To
address these issues, this paper first analyzes the SNR gain in SAR echo data processing
and proposes a phase-compensated parameter-adjusted Chebyshev filtering algorithm to
improve the SNR of SAR echoes. The algorithm first utilizes azimuth Chebyshev filtering
to avoid spectral aliasing during downsampling and fully leverages navigation information
provided by the airborne platform to accurately compensate for phase changes between
pulses. Then, it employs parameter-adjusted Chebyshev filtering and coherent superpo-
sition techniques to combine multiple adjacent pulses into a single pulse with a higher
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SNR. Finally, the enhanced pulses are combined into a new two-dimensional matrix for
subsequent pulse compression and imaging processing. This method can improve the echo
SNR while reducing the amount of echo data, minimizing the loss of the original echo SNR
and reducing the memory footprint of subsequent imaging processing, thus effectively
improving data processing efficiency. The effectiveness of the algorithm is verified through
simulation and actual measurement data.

Keywords: Synthetic Aperture Radar (SAR); Low Signal-to-Noise (SNR); signal enhancement;
filtering; phase compensation

1. Introduction

Synthetic Aperture Radar (SAR) is a microwave remote sensing detector. Due to its
all-weather, all-time detection capabilities, as well as its features such as high resolution,
large area, and long-distance real-time imaging, it has been widely applied in military fields
like battlefield reconnaissance, ground moving target identification, and precision guidance,
as well as in civilian fields such as terrain and topography mapping, resource exploration,
disaster early warning, and crop and vegetation detection [1,2]. SAR is typically mounted
on mobile platforms. By utilizing the coherence of radar echoes, it achieves high resolution
in the range direction through the transmission of large time-bandwidth linear frequency-
modulated pulse signals combined with pulse compression technology, and leverages the
equivalent large aperture obtained from the relative motion between the radar platform and
the target to achieve high resolution in the azimuth direction [3,4]. This allows the radar
to process the echo signals collected from the detection area to obtain a two-dimensional
high-resolution image. According to the difference in the flight platform, SAR can be
mainly divided into airborne SAR and spaceborne SAR. Airborne SAR can be further
divided into manned airborne SAR and unmanned aerial vehicle SAR (UAV SAR) [5,6].
Compared with other SAR systems, UAV SAR systems are low-cost, are flexible, have short
measurement cycles, and are easy to operate in harsh environments without personnel
casualties, gradually becoming a research hotspot in the field of remote sensing [6-8].
However, due to the miniaturized design of UAV SAR systems, they can only carry compact
and lightweight payloads, and the main power available to the radar sensor is extremely
limited [9,10], which means that their echo energy for detecting long-range targets is limited,
resulting in low echo SNR. In addition, due to the hardware performance and complex
electromagnetic environment, the acquired image is inevitably noisy. These noise sources
are widespread, including internal thermal noise and external electromagnetic interference,
leading to blurred images and loss of details, severely restricting the application accuracy
and scope of UAV SAR.

In airborne SAR and spaceborne fast-view real-time imaging systems, the bandwidth
required for processing azimuth echo signals is typically narrow. These systems often form
oversampling in the azimuth direction because the azimuth sampling frequency, which
is the radar pulse repetition frequency (PRF), is usually high [11,12], and the repetition
frequency of the waveform is much greater than the Doppler bandwidth of the imaging
target. However, high PRF design leads to azimuth data redundancy, which becomes a
significant bottleneck in real-time SAR imaging engineering [13].

Appropriately reducing the azimuth sampling frequency not only does not signifi-
cantly affect imaging but also helps reduce the original data rate, ensuring the efficiency
of echo signal processing. Traditional methods typically use downsampling. However,
downsampling can result in a loss of some echo SNR severely affecting imaging quality.
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Therefore, it is necessary to perform azimuth downsampling without losing echo data SNR
and without significantly affecting image quality.

In summary, improving the SNR of SAR echo signals is key to enhancing SAR system
performance. Generally, it can be achieved from two aspects: system design and signal
processing. System design is the foundation for improving SAR echo SNR. By optimizing
the hardware and software design of the system, noise generation and propagation can be
reduced from the source [14-17], such as antenna design, transmitter design, and receiver
design. From the perspective of system architecture, a classic and widely utilized strategy is
to increase the transmitted pulse width to enhance pulse energy (thereby improving SNR),
followed by digital dechirping and downsampling at the receiver [18,19]. This method
mixes the wide-band echo with a reference signal, converting it into a narrowband signal,
which significantly lowers the required Analog-to-Digital (A /D) sampling rate and reduces
the data volume in the range direction.

However, dechirp processing typically requires specific hardware-level analog mixing
architectures and fundamentally restricts the effective range swath width. Furthermore,
UAV SAR systems are often constrained by cost, power, and size, making such hardware-
dependent methods difficult to implement. More importantly, for UAV SAR, a major
source of data redundancy originates from the azimuth direction due to the high PRF
required to avoid Doppler aliasing caused by platform instability. Therefore, rather than
relying on range-domain hardware modifications, solutions are typically sought in purely
digital signal processing. There is an urgent need for an azimuth-focused strategy that
can mitigate data redundancy while exploiting the excessive high-PRF energy to enhance
SNR, without compromising the range swath. Classic signal processing methods, such
as Doppler filtering, utilize the Doppler frequency shift caused by the relative motion
between the target and the radar to separate target signals from noise. Common Doppler
filtering methods include Moving Target Indication (MTI) and Moving Target Detection
(MTD), all of which are methods for non-cooperative targets [18-23]. Adaptive filtering can
also be used to dynamically adjust filter parameters based on the statistical characteristics
of the input signal to minimize noise and improve radar echo SNR, such as Least Mean
Square (LMS) [24], Recursive Least Square (RLS) [25], Normalized Least Mean Square
(NLMS) [26]. Although these adaptive filtering techniques can effectively address noise
suppression issues, these methods often make it difficult to determine the filter order,
have high computational complexity, and cannot compensate for phase variations between
pre-filtered pulses along the azimuth, which can lead to SNR loss in SAR images. Besides
traditional signal processing methods, deep learning is gaining popularity in SAR echo
signal processing. However, improved performance from deep learning comes with higher
computational costs and larger amounts of training data. Data scarcity and dependence
on signal samples limit the stability and robustness of deep learning methods in signal
denoising [27]. In conclusion, existing pre-filtering has certain limitations in engineering
applications, so it is necessary to further optimize signal enhancement methods, imple-
ment precise azimuth processing, fully utilize the coherence between adjacent pulses, and
improve system imaging performance.

To address the shortcomings of existing research, this paper analyzes the phase varia-
tion between target azimuth pulses using SAR imaging modes and proposes a parameter-
adjusted Chebyshev filtering SAR echo signal enhancement algorithm based on phase
compensation. This algorithm reduces the loss of the original echo SNR while downsam-
pling. First, all azimuth pulses are divided into several segments. Then, the proposed
algorithm is applied to each segment to obtain a pulse with improved SNR. All processed
pulses are combined into a new two-dimensional matrix for subsequent imaging processing.
Furthermore, the proposed algorithm can process acquired radar echo data in real time,
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significantly improving computational efficiency. Simulations and experiments are used to
verify the performance of this scheme.
The research results of this paper can be summarized as follows:

(1) The proposed SAR echo signal enhancement algorithm based on phase compensation
parameter-adjusted Chebyshev filtering can effectively reduce the SNR loss caused by
filtering downsampling.

(2) This method can achieve any decimation factor, reduce the amount of echo data, and
effectively improve the efficiency of subsequent imaging processing.

(3) This method is not iterative; it processes real data without using feedback or any
recursive algorithms, which reflects its applicability to real-time signal processing.

The article is organized as follows: Section 2 analyzes the SNR gains during the SAR
synthesis process and the impact of high repetition frequency on UAV SAR systems. Based
on the above analysis, the method proposed in this paper is introduced. Section 3 processes
both simulated and measured data, and analyzes the results to verify the effectiveness
of the proposed method. Section 4 discusses the research findings and future research
directions. Section 5 summarizes the conclusions.

2. Materials and Methods

2.1. SAR Signal SNR Performance Analysis and PRF Setting
2.1.1. SAR Signal Model

This paper employs a broadside SAR system operating in strip-map mode. When the
platform flies along an ideal trajectory, the imaging geometry for a point target is shown in
Figure 1. The flight direction of the platform is along the azimuth (X-axis), with a platform
height of H (along the Z-axis) and a flight speed of V. The SAR system continuously
transmits pulse signals along the slant range direction.

A
4 .
% Vv — ’

¥ ’(.___‘_‘\, =T ideal trajectory
Afr’

—

Figure 1. The UAV SAR imaging geometry.

The transmitted signal of the SAR system is a linear frequency modulation signal [28]

s(t) = rect(,ﬁ) exp (jrth2) exp(j27tfct), (1)
P
L[x[ <3
where rect(x) = 0, x| > 1" K, Ty, t, and f. denote the frequency-modulated rate, pulse
’ 2

duration, fast time, and carrier frequency, respectively.
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The received target baseband echo signal can be expressed as

s(t ty) = rect<w> exp(—j47zfcRp(tﬂ)) exp (jr[K(t - 2Rpc(tu)>2>, )

where Ry (t,) is the slant range between radar and target, ¢, is the slow time, and c is the

transmission speed of electromagnetic waves.

2.1.2. SAR Signal SNR Performance Analysis

According to synthetic aperture processing technology, the SNR of the SAR echo signal
can be characterized as follows [3]:
Prec Prec Pav GZAZU

SNR === = ’ ®)
raw P, kT, By (47()3R4anBnPloss

where SNR,y is the SNR of the echo signal, P is antenna received power, P, = kT,,B
is system thermal noise, k is the Boltzmann constant, T}, is noise equivalent temperature,
B, is signal frequency bandwidth, P,y is radar peak transmit power, and G is antenna
directional gain. The distance between the radar and the target is R; then, the power density
of the target irradiated is P,yG/ 47tR%. A is the wavelength. Pj,q represents the losses
caused by various factors, such as those from transceiver devices, spatial transmission,
and polarization effects, which will not be elaborated upon here. The RCS takes ¢ for
point targets and oy - S for stationary targets, where S is the physical surface area of the
distributed target and oy is the backscattering coefficient. From the above formula, it can be
seen that the energy of the received signal decreases as the detection distance increases.

Due to various reasons, the SNR of UAV SAR receiver echoes is low, with the signal al-
most completely submerged in noise. For SAR, SAR synthesis processing not only improves
resolution but also significantly alters the SNR, primarily through pulse compression and
synthetic aperture. Its effect can be explained by adaptive filter theory: it “intelligently”
adds N samples of the same measurement. Assuming the noise samples are independent
and have a mean of zero, the power of the noise component after coherent accumulation
of N pulses is 1/N times that of the original noise component. Therefore, the SNR will
become N times the original value, and this increase in SNR can effectively improve image
reconstruction performance.

This section mainly analyzes the gain in synthetic aperture processing, which is
divided into two parts: pulse compression and synthetic processing.

1.  The effect of pulse compression

Assuming the radar transmits pulses s(t) with a width of T, every 1/PRF, where PRF
is the pulse repetition frequency, then the received echo srec(t) after time t is expressed as

5rec<t) =G-s (t - ZCR) + n(t), (4)

where ¢ is the attenuation factor, R is the distance between the radar and the point target,
and n(t) is the zero-mean Gaussian white noise.
The SNR of the SAR echo is expressed as

SNRyaw = 62 . M (5)

where (x) represents the average of x.
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As mentioned earlier, pulse compression can be represented as filtering the received
echo srec(t) using an “adaptive filter” as

sout(t) = /j’ h(t—T) - srec(T) - dT, ©)
where
h(t) =s*(—t), 7)

The integral in Equation (6) represents a weighted summation of samples syec(7) at
intervals of d7. The purpose of weighting is to superimpose the “useful” signal portions of
each sample in phase, thereby enhancing the signal energy. To ensure that the noise in each
sample is independent, the sampling interval must satisfy the following condition [2]:

1
dt > szi’ 8)
where B; is signal frequency bandwidth. In pulse compression, we only care about the
SNR contribution of a single transmit pulse width T),.

Since matched filtering causes coherent accumulation of signal components, its ampli-
tude gain is B;T),, while noise components accumulate incoherently; its amplitude gain is
only /B;T,. Therefore, the final gain of matched filtering can be expressed as

(BdTp)2

(v/BaTp)?

This gain, also known as the time-bandwidth product (TBP), is an important indicator

= Bd Tp/ (9)

com —

of the performance of pulse compression technology.

The SAR system transmits a linear frequency modulation (LFM) signal, also known
as a “chirp” signal, which is the transmitted signal mentioned above. Its form can be
represented as Equation (1).

Transmitting an LFM signal and performing matched filtering at the receiver is equiva-
lent to transmitting a single-frequency signal with a pulse width of T = 1/B;. Based on the
previous analysis, the maximum gain for range-directed pulse compression is as follows

T
Grange = 710 = BdTpr (10)

If the range direction strictly follows the Nyquist sampling theorem, then B; = f;,
where f; is the range direction sampling frequency.

2. The effect of synthetic processing

SAR synthesis processing is a weighted average of independent echo samples acquired
at the same distance from the radar. Similarly to the analysis in Equation (6) of Section 2.1.2,
for azimuth composite processing, the sampling interval d7 should satisfy the condition
dt > B;, where B, is the azimuth bandwidth. Since these independent samples are all
acquired within the target illumination time T;, then the number of independent samples is
T,/dt. Then, the SNR gain after processing the entire Doppler bandwidth is expressed as

Ta

Gazi =N, = 1/7B
a

= B,T,, (11)

where N, is the number of azimuth pulses. The azimuth direction strictly follows the
Nyquist sampling theorem, that is f, > B,, where f; is the pulse repetition frequency PRFE.
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From Equations (10) and (11), the total SNR gain can be expressed as follows:
Ganl = Grange * Gazi = B4Tp - BaTa, (12)
According to the principle of SAR, the synthetic aperture length Lgyny, is expressed as
Lsynth = 0w - R, (13)

where R is the nearest distance to the point target, Ogyw = A/ L, is the beam azimuth width,
L, is the antenna width, and A = ¢/ f. is the wavelength. For the same objective, Loynth
is fixed.

The azimuth accumulation time can be expressed as

Lsynth _ AR
vV LV’

T, = (14)

For the same Lsynth/ T, remains constant. Therefore, according to Equation (12), the
SNR gain is directly proportional to the PRF; increasing the PRF results in a higher SNR.
Next, we will use simulation experiments to illustrate that, for the same aperture length, a
higher PRF leads to a higher SNR gain. The simulation parameter settings are shown in
Table 1.

Table 1. Synthetic aperture gain analysis simulation parameters.

Parameters Values
Radar operating band L-Band
V: Velocity of platform 30m/s
Bj: Signal frequency bandwidth 400 MHz
Tp: Pulse width 3us
fs: Sampling frequency 1000 MHz
Lsynt: Synthetic aperture length 368 m
Ry: Nearest distance 1656 m
N;: The number of range sampling points 32,640

To meet the low SNR imaging requirements of this paper, the pre-pulse-compression
echo SNR was set to —40 dB. The imaging results of point targets with the same aperture
length and different PRFs are shown in Figure 2. A comparison of the range profile and
azimuth profile is shown in Figure 3. It can be seen that as the PRF increases, the SAR
imaging SNR is higher, and the point target sidelobes are lower. The target imaging
performance under different conditions is shown in Tables 2 and 3.
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Figure 2. SAR imaging results of same aperture length and different PRF. (a) PRF = 100Hz;
(b) PRF = 300 Hz; (c) PRF = 500 Hz; (d) PRF = 700 Hz.
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Figure 3. Range profiles and azimuth profiles of same aperture length and different PRF. (a) Range
profiles; (b) azimuth profiles.

Table 2. Target imaging performance with same aperture length and different PRF (range profiles).

PRF (Hz) IRW (m) PSLR (dB) ISLR (dB)
100 0.47 —14.49 —8.42
300 0.46 —13.01 —8.54
500 0.47 —13.72 —9.98
700 0.47 —13.11 —-9.80

Table 3. Target imaging performance with same aperture length and different PRF (azimuth profiles).

PRF (Hz) IRW (m) PSLR (dB) ISLR (dB)
100 0.48 —13.18 —9.34
300 0.63 —13.78 —11.57
500 0.63 —13.50 —11.28
700 0.63 —13.67 —12.08

While high-repetition-rate radar signal acquisition can improve the SNR of SAR echoes,
a higher PRF also introduces range ambiguity and reduces computational efficiency due
to large data volumes. Therefore, the constraints on PRF settings for UAV SAR will be
primarily considered in the following sections.

2.1.3. High PRF Setting in UAV SAR System

PRF is one of the most critical parameters in SAR system design, as it directly de-
termines the azimuth sampling rate and fundamentally affects the imaging performance,
including resolution, ambiguity suppression, and swath width. The selection of PRF in-
volves a complex trade-off among multiple constraints, making it a key consideration in
SAR system optimization. This section first analyzes the parameter setting criteria for PRF,
then discusses the advantages and challenges of high-repetition-rate design in UAV SAR
systems, and finally discusses the constraints of downsampling decimation factor.

1.  The Parameter Setting Criteria for PRF

(1) Doppler Ambiguity Constraint
According to the Doppler fuzziness constraint, the PRF must satisfy the
Nyquist sampling theorem. If the PRF is too low, the azimuth blur caused by
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aliasing will be serious. To avoid aliasing in the Doppler frequency domain,
the PRF should meet the following requirements:

PRF > B, (15)

where B, is echo signal bandwidth. The bandwidth is determined by the
platform velocity V, the wavelength A, and the actual antenna azimuth

beamwidth Ogw.

4
B, = TV sin GBTW (16)

However, the signal strength at the beam edge only decreases by 6 dB, and the
azimuth spectrum attenuates slowly, so the oversampling rate should generally
be 1.1~1.4 to reduce the azimuth fuzzy power.

2) Range Ambiguity Constraint
The range ambiguity constraint requires that the PRF must be sufficiently low
to ensure that all echoes from the previous pulse are received before the next
pulse is transmitted. This constraint can be expressed as

c

PRF < ,
~ 2Rmax

(17)

where c is the speed of light and Rpmay is the maximum unambiguous range. If
the PRF is too large relative to the echo duration, distance ambiguity will occur
because the echoes of different pulses overlap within the receiving window.

3) Swath Width Constraint
The swath width Dgy o is constrained by the PRF and the platform velocity V.
For a given PRF, the maximum unambiguous swath width is expressed as

Cc
Dswath < m - Rminl (18)

From (18), it can be seen that Dgy,n and PRF are inversely proportional,
as higher PRF reduces the maximum swath width. This constraint directly
conflicts with the Doppler ambiguity requirement. This fundamental trade-off
is one of the primary challenges in SAR system design.

2. Advantages and Challenges of SAR High-Repetition-Rate Settings

In UAV SAR, the aforementioned constraints do not typically constitute limitations [29].
Since the speed of UAV platforms is generally low, this allows high PRF to meet Doppler
sampling requirements while maintaining reasonable range ambiguity margins. Moreover,
UAV platforms are limited by payload weight and power consumption, with operating
ranges typically within 10-50 Km [9], shorter than those of spaceborne SAR and manned
aircraft-borne SAR. As can be seen from Equation (16), this provides more design space for
the application of high PRF. Moreover, the geometric relationship of the beam will limit the
mapping band width below the ambiguity limit, which means that the PRF can be higher
than the value required by the azimuth bandwidth. A higher PRF can increase the average
transmit power without increasing the peak power or pulse width, thereby improving
the SNR.

However, a high PRF generates a large amount of echo data, which increases the
burden on signal processing, poses a greater challenge to real-time processing, and places
higher demands on storage and transmission systems.
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3.  Constraint on Downsampling Factor

In SAR system design, high PRF methods are often used to improve the SNR and
reduce transmission power requirements. However, high PRF settings lead to azimuth
data redundancy. Therefore, in the SAR echo signal preprocessing stage, it is necessary to
downsample the echo data to reduce the amount of echo data. Assuming the echo data
reduction factor is D and the original pulse repetition frequency is PRF, the pulse repetition
frequency after processing becomes PRF/D. As can be seen from the above analysis, the
PREF setting is constrained by Equations (15), (17), and (18). Therefore, downsampling must
be performed while satisfying the constraints.

From Equation (15), we can obtain that, for a given input PRF and echo signal Doppler
bandwidth B,, the upper bound of the decimation factor can be obtained. An appropriate
decimation factor « can minimize the azimuth data rate and avoid aliasing effects caused
by over-decimation of the azimuth spectrum. The decimation factor can be expressed as

(19)

PRF
Dusually - { J/

aB,
where | x | indicates rounding x down and usually & = 1.2.

2.2. Proposed Method

In traditional UAV SAR systems, in order to reduce azimuth ambiguity and improve
image SNR, the frequency of the pulses transmitted by the radar is usually higher than the
required pulse frequency, which is equivalent to the bandwidth of the azimuth system being
much greater than the signal bandwidth [30]. In Section 2.1, we analyzed the contradiction
between high SNR and computational efficiency brought about by high-repetition-rate UAV
SAR. Traditional methods can reduce the amount of data by downsampling the original
echo data in the azimuth direction under the premise of satisfying Equation (19), but this
will lead to a serious loss of SNR, and the downsampling factor is limited. Figure 4 shows
the SAR echo processing flow based on the proposed method. The left side of Figure 4
is the overall flowchart of SAR imaging. The received radar signal is sampled by the
A /D converter to obtain the raw echo data. At this point, we can preprocess the echo
data according to the processing requirements, which is the core content of this paper,
then perform range pulse compression, and finally perform BP imaging to obtain the final
two-dimensional SAR image. This paper combines the idea of coherent accumulation to
preprocess the original echo, and the flowchart is shown on the right side of Figure 4. The
proposed algorithm can make full use of all pulses and reduce the amount of data while
improving the echo SNR through parameter-adjusted Chebyshev filtering and coherent
superposition. Since filtering can effectively prevent spectral aliasing, it is not constrained
by the downsampling factor. In addition, accumulation is carried out on the basis of
effectively compensating for the phase error of adjacent pulses. This section will introduce
the method in detail.

2.2.1. Chebyshev-Based Parameter-Adjusted Azimuth Filtering

First, we perform azimuthal parameter-adjusted Chebyshev filtering on the original
SAR echo. This paper uses the Chebyshev method to design a low-frequency FIR filter. The
parameters of the FIR filter can be designed by setting the weights of the passband and
stopband. The Chebyshev method has an equal-ripple passband and stopband; therefore,
the FIR filter designed using this method is shorter than that designed using other methods.
Assuming the azimuth downsampling factor is D and the pulse repetition frequency is
PRF, then after azimuth filtering, the pulse repetition frequency becomes PRF/D. After
downsampling, the starting position of the spectral mirror component is located at PRF/D.
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To effectively suppress aliasing, the stopband edge frequency must be set to PRF/D to
ensure sufficient attenuation at the critical point of spectral replication. Theoretically, the
Nyquist frequency after downsampling is PRF/2D. However, practical filters have a
transition band. If the passband edge is set too close to the Nyquist frequency, the transition
band will encroach on the effective signal region, causing signal distortion. Therefore, this
paper sets the passband edge frequency to (4/5) - PRF /D, which is equivalent to retaining
80% of the usable bandwidth after downsampling, ensuring the integrity of the effective
signal while reserving sufficient space for the transition band. Based on the above analysis,
the edge frequencies of the passband and stopband should satisfy the condition of the
equation and be expressed as [31].

{ wd:fRF/D , 0)

ws =5 -PRF/D

where wy is the stopband edge frequency and ws is the passband edge frequency.

C Radar Echo Signal ) / Input: s(n,m) :N,xN, \
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Figure 4. Flowchart of UAV SAR imaging.

| Pulse Superposition with Equation (30)

According to the radar parameters in Section 2.1.1, the PRF is set to 1000 Hz and the
sampling factor D is 12. The Chebyshev parameter settings are shown in Table 4.

Table 4. Chebyshev filter parameter setting.

Parameter Value
Passband edge frequency 66.67 Hz
Stopband edge frequency 83 Hz

Since SAR echo data arrives sequentially along range lines following the transmitted
pulse, temporary data storage is necessary for azimuth filtering. Assuming the azimuth
filter order is N, typically N range lines” data need to be stored and the corresponding
filtering operations performed. It is clear that the higher the filter order, the greater the
storage and computational demands on preprocessing. To reduce the burden on the
processor, it is generally desirable to have a filter order as low as possible. The research
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in [32] has shown that a filter with a length of 4D can meet the basic requirements of
frequency response characteristics; thus, we choose the filter with length 4D in this paper.
To quantitatively evaluate this, we analyzed the frequency responses of the Chebyshev
filter under varying orders, specifically N = 2D, 4D, 6D, and 8D. The frequency response
curves are shown in Figure 5. Increasing the filter order narrows the transition band
and enhances the stopband attenuation, thereby achieving better high-frequency noise
suppression and anti-aliasing performance. As can be seen from the figure, the noise
suppression capability increases slowly when N = 4D and 6D; however, this leads to a
linear increase in computational complexity. Therefore, we chose the filter with length
N =4D in this paper to secure the optimal balance between reliable signal enhancement
and processing efficiency.

0 _\(,‘»‘ U I ! 1
e N=2D (24)
|---N=4D w8
7 l—nN=6p )]
A — N=8D (96) |’

===

e

Magnitude/dB

0 50 100 150 200 250 300 350 400 450
Frequency/Hz

Figure 5. Frequency response of Chebyshev filters with varying orders.

The original echo s(t, t;) has an azimuth sampling rate of PRF and a range sampling
rate of fs. For ease of explanation, the discretized form of the SAR echo is given as follows

s(n,m) = rect(%”(n’m)/c) exp(—jmchRp(n,m»

P
2 , 21
- exp []71'1((}15 - Asz(Cn,m)> ] @

where n = t/ f; is the range sampling index and m = t,/PRF is the azimuth sampling index.
Parameter-adjusted Chebyshev filtering of the original echo yields the filtered echo
Stitter (11, M), which can be represented as follows

Stitter (1, m) = s(n,m) x h(n,m), (22)

2.2.2. Phase Error Analysis of Adjacent Pulses

After azimuth filtering, adjacent D pulses will be coherently superimposed. Next, the
phase difference between adjacent pulses will be analyzed in combination with the UAV
SAR imaging geometry, which is shown in Figure 1 of Section 2.1.

Range migration results in a phase difference between different pulses within a frame.
Without compensation, direct superposition results in a loss of coherence, thereby reducing
the SNR. Therefore, phase error compensation is necessary before superposition.
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As can be seen from the Equation (21), the original echo signal contains two main
phase terms, namely the frequency modulation phase term is expressed as

2Ry (n,m)\ >
(Pchirp(nrm) = 7TK<Z - P(:m)> ’ (23)

and the carrier phase term is expressed as

4rfcRy(n,m)

(Pcarrier (”/ Wl) - - f/ (24)

According to the UAV SAR imaging geometry shown in Figure 1, the m-th pulse
moment corresponds to the radial position of the target as follows:

) = /Ro(m)2 + (VinT,)%m € (—Na/2,Na/2) (25)

where Ry (n) is the initial distance corresponding to the n-th distance gate, N, is the number
of azimuth pulses for synthetic aperture, and T, is the pulse repetition period. Assuming
that PRF is pulse repetition frequency, then T, = 1/PRF.

For the (m 4+ M)-th pulse within the frame, the slant range difference between it and
the m-th pulse is expressed as

AR(n,m,m+ M) = Ry(n,m+ M) —Ry(n,m)
— \/Ro(n)? + [V(m + M)T,]? = \/Ro(n)* + (VmT;)?’

(26)

Taking the m-th pulse as the reference pulse, the complete phase compensation factor
for the (m 4+ M)-th pulse within the frame is expressed as

Ciotal (1, m + M) = Cearrier(n, m + M) - Cchlrp(n/ m+ M)
. 47t feAR(n,m,m+M)
B . @)

2
‘exp[ ]47‘[K( 2 (n,m)— 1:2(71 m+M) nAR(n,gs,erM))]

Substituting Equations (25) and (26) into Equation (27), the complete phase compen-
sation calculation formula can be obtained. Then, the compensated pulse expression is
shown as

Scom (1, m + M) = s(n,m + M) - Ciota1 (n, m + M), (28)

Finally, after phase compensation, the adjacent D pulses are accumulated to obtain the
echo after coherent superposition, which can be expressed as

D-1 -
Sen(1, Mout) = Y Scom (11, m + M) Z n,m+ M) - Cotal (1, M), (29)
M=0 M=0

where D is the pre-filtering decimation ratio, 11yt is the output pulse index. mgye = [m + M],
and [x] indicates rounding up x.

Through the above steps, we can obtain the new echo signal sqoun (7, Mqown) that will
be used for subsequent imaging, which can be expressed as follows:

Sdown (71, mdown) = [Sen(n/ Mout,1 )/ Sen(n/ mout,Z)/ ceey Sen(n/ mout,N)]r (30)

where N = [N,/D].
It is worth noting that the phase compensation factor derived in Equation (27) mainly
reflects the influence of the platform’s movement along the azimuth direction on the line-
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of-sight (LOS). This simplified model does not explicitly include azimuth spatial changes
or other complex low-frequency motion errors. The reason for this approximation is that
the proposed preprocessing method only focuses on adjacent D pulses. The PRF of the
radar system parameters in this paper is set to 1000 Hz, so when D = 12, the accumulation
time is only 0.012 s. In such a short time, the changes in low-frequency motion errors, such
as those caused by atmospheric turbulence or mechanical vibration, as well as azimuth
spatial changes, are actually negligible. Any uncompensated residual low-frequency errors
will be passed to the newly constructed downsampled two-dimensional matrix and then
processed by BP imaging algorithm.

Furthermore, we analyzed the tolerance range of the proposed phase compensa-
tion method in the case of velocity measurement errors in the inertial measurement unit
(IMU). Let the actual velocity of the UAV be V and the velocity measured by the IMU be
V = V + AV. Based on the geometric model, the slant range approximation for a pulse
at time f relative to the reference pulse is expressed as [3]

[V(m+M)T,]>  (VmT,)?

AR P~ — 1
(n,m,m+ M) 2R, Ry (31)

The residual phase error A¢,, caused by the velocity error AV during phase compen-
sation is expressed as

4nAR _ 4mAR
A(Perr =2 — 2L

A A
4 (P2=V2) [(MAm)2T2—m2T2] (32)
- x 2R,

For coherent accumulation of adjacent pulses to remain effective and not suffer sig-

nificant SNR loss, the maximum phase error at the edge of the accumulation window D
should be less than 7t /4. Therefore,

, (33)

7T
TR =1

According to Equation (33), the speed error tolerance v can be expressed as

2
AV < ARy . AROPRE ,
16V(DT,) 16VD

(34)

Substituting the radar parameters from Table 1 into Equation (34) and setting D = 12
and PRF = 1000 Hz, we can obtain AV < 5510 m/s. The theoretical velocity error tolerance
is on the order of thousands of meters per second. Since commercial UAV IMUs have
velocity measurement errors typically well under 1 m/s, the phase error introduced by the
IMU during this brief pre-filtering stage is virtually zero.

2.2.3. Analysis of Maximum Stackable Pulse Number

The preceding text introduced the specific details of the proposed method. Although
filtering can avoid spectral aliasing caused by downsampling, thus allowing for an unlim-
ited downsampling factor D, the downsampling factor is still constrained by phase error
to ensure the coherence of adjacent pulses. To ensure the effectiveness of the proposed
phase-compensated coherent superposition, the uncompensated quadratic phase error
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(QPE) at the sub-aperture edge used for coherent accumulation must be less than 77/4,
which can be expressed as

A7 VA(DT,)* 27 V2D?

A = - -
Perr_max A 2Ry A RoPRF?

7T
< —
<7 (35)

Therefore, the boundary of the downsampling factor based on QPE constraints can be
expressed as
PRF [ARg
< )220
D < G > (36)

3. Results

In this section, the performance of the proposed algorithm is evaluated using both
simulated data and real radar measurement data from UAV SAR. Additionally, the perfor-
mance of the proposed algorithm is compared with traditional algorithms, verifying the
effectiveness of the proposed method.

3.1. Algorithm Simulation Experiments

In the simulations, the SNR was set to —40 dB and Gaussian white noise was added to
the original SAR echo. The key parameters are shown in Table 1 and are kept consistent
with the actual measurement data to better utilize simulations to verify the performance
of the proposed algorithm. In addition, the PRF is set to 1000 Hz. According to the
analysis in Section 2.2.3, substituting the radar parameters into Equation (36) yields a
maximum downsampling factor of 230. The downsampling factor in this experiment was
set to 12. The proposed method was compared with direct downsampling, downsampling
after Least Mean Square (LMS) [24], and direct downsampling after Chebyshev filtering.
The processing results of the three methods are shown in Figures 6 and 7, which are the
single pulse range profile envelope and BP imaging results, respectively. According to the
parameters and Equation (10), it can be concluded that for the original SAR echo, after
pulse compression, the gain of the echo is 40 dB. Figure 6b shows the result obtained by
decimation by 12 times. It can be found that the sidelobe is raised by about 2 dB compared
with Figure 6a. Based on the analysis in Section 2.1.2, the theoretical gain is approximately
10 dB when the downsampling factor is 12. Figure 6a,c—e show that the proposed method
achieves an improvement of approximately 9 dB for a single pulse, while the LMS method
only improves by 7 dB. Although direct downsampling after filtering has a higher gain
than the LMS method, the proposed algorithm is more efficient. In addition, Figure 7
shows SAR imaging results for different methods. Figure 7b is the imaging result after
directly downsampling by 12 times, where it can be seen that the SAR image has the highest
bottom noise. Comparing Figure 7c,d, e, it can be found that this paper can more effectively
improve SNR.

To better analyze the effectiveness of the proposed method, we analyzed the two-
dimensional contours of point targets obtained by different methods, as shown in Figure 8,
which shows the range and azimuth slices of the imaging results, and calculated their
corresponding spatial resolution (IRW), peak sidelobe ratio (PSLR), and integral sidelobe
ratio (ISLR).

It can be seen that the proposed method effectively suppresses sidelobes. Target
imaging performance in different cases is given in Table 5. We can see that in the range
profile, as shown in Figure 8a, direct sampling increases the sidelobes, while other indicators
show little difference. This is because we mainly process the echo azimuth direction,
which theoretically should not affect the range indices. Analyzing the azimuth contour
in Figure 8b, it can be seen that the proposed method can reduce sidelobes. Since the
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differences in range profiles among the methods are not significant, only the detailed
evaluation indicators for the azimuth profile are recorded in Table 5.
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Figure 6. The single pulse range profile envelopes of different methods. (a) Noise echo; (b) 12 x down-
sampling noise echo; (¢) LMS method; (d) filtering with direct downsampling; (e) proposed method.
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Figure 7. SAR imaging result of different methods. (a) Noise echo; (b) 12x downsampling noise echo;
(c) LMS method; (d) Filtering with direct downsampling; (e) Proposed method.

Our proposed method improves the SNR of a single pulse and reduces the number
of azimuth pulses. According to Equation (11) in Section 2.1.2, the SNR gain of the entire
SAR processing is also related to the number of azimuth points. Therefore, our method
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improves the SNR of a single pulse, resulting in a smaller improvement in the SNR of the
SAR image compared to the original image.

Amplitude/dB

—o— Noise echo [ |—e— Noise echo

—+— 12X down sampling —+—12X down sampling
Filtering with
direct dowmsampling

Filtering with
direct dowmsampling

——— Proposed method

Amplitude/dB

- 0 5 "
Azimuth/m Azimuth/m
(a) (b)
Figure 8. The profiles with different methods. (a) The range profiles with different methods. (b) The

azimuth profiles with different methods.

Table 5. Simulation result indicators of different methods.

Method Pulse Count IRW (m) PSLR (dB) ISLR (dB)
Noise echo 24,576 0.50 —13.94 —-12.23
Direct downsampling 2048 0.50 —12.19 -9.93
LMS [24] 2048 0.51 —13.29 —11.35
Filtering with direct downsampling 2048 0.50 —13.45 —12.27
Proposed method 2048 0.51 —17.34 —16.69

3.2. Verification of Measured Data

To verify the effectiveness of the proposed algorithm, our team conducted an L-band
UAYV SAR experiment in Jiangxi Province, China. The radar system parameters are shown
in Table 1. The optical image of the experimental scene is shown in Figure 9. The radar
system was mounted on a UAV. The corresponding flight trajectory is marked by the red
line in Figure 9, and the yellow boxes mark the observation scenes.

BP imaging was performed on the measured data. To facilitate comparison of the
imaging results of different signal enhancement algorithms, we performed imaging pro-
cessing on a scene ranging from 3900 m to 5000 m. This paper mainly focuses on signal
enhancement processing of this scene to verify the effectiveness of the proposed algorithm.

First, the simulated echo is directly downsampled. According to the parameters and
Equation (19), the maximum downsampling factor is 10 to avoid spectral aliasing. To
illustrate that the proposed algorithm is not constrained by the downsampling factor, all
results below are based on a downsampling factor of 12. For ease of demonstration, the
image on the right side of Figure 10 is a magnified view of the details within the red box
on the left. As shown in Figure 10b, the SAR image is directly downsampled from the
measurement data by a factor of 12. It can be seen that artifacts caused by spectral aliasing
appear on the right side of the SAR image. This is because the sampling factor is too large,
resulting in frequency aliasing. By comparing the image details in the yellow circle in
Figure 10a,c—e after magnification, it can be seen that the proposed algorithm can generate
SAR images with a lower noise floor and effectively improve the SNR of SAR images
without producing aliasing.
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Figure 9. Optical images of the experimental scenario.
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(e)

Figure 10. SAR images of different methods. (a) Filtering without downsampling; (b) Direct downsam-
pling; (c) Filtering with direct downsampling; (d) LMS with direct downsampling; (e) Proposed method.

3.2.1. SAR Image Quality Evaluation

To quantitatively analyze the processing results of different methods on the measured
data, we selected the following evaluation indicators to analyze the processed SAR images
and recorded them in Table 6.
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Table 6. Measured data result indicators of different methods.
Method Pulse Count Entropy EPI NESZ
Filtering without downsampling 24,576 6.2138 1.0000 —18.27 dB
Direct downsampling 2048 7.2655 1.9658 —8.27 dB
Filtering with direct downsampling 2048 6.4595 1.1052 —14.58 dB
LMS [24] 2048 6.4589 1.0964 —13.70 dB
Proposed Method 2048 6.2311 0.9986 —17.67 dB

1.  Image Entropy [33]

Image entropy is an important metric for measuring image quality; the smaller the
entropy value, the better the image focusing performance. The definition of image entropy
is expressed as

N;—1N,—1
E()=~ Y Y D(g.K)In(D(gk), (37)
q=0 k=0
D(g,k) = (1(g.W)I*/s(D)), (39)

where N, is the number of pulses, N; is the number of range points, D(g, k) is the intensity
density of the pixel at the (g, k) point in the image, s(I) is the total energy of the image, and
I(g, k) is the intensity of the pixel at point (g, k) in the SAR image.

2. Edge Preservation Index (EPI) [34]
EPI is used to measure the ability of image processing algorithms to preserve edge
information during compression or filtering processes. Its calculation method is typically

based on the comparison of edge intensity between the original image and the processed
image, defined as

¥ (Ax — Ax)(Ay — Ay)
VX (A — A%)’% (Ay — Ay)?

where Ax and Ay are the results of the edge filtering of the image x and y, respectively,

EPI =

, (39)

Ax and Ay are their means. The closer the value is to 1, the better the edge information is
maintained. In this paper, the SAR image before signal enhancement and the SAR image
after processing are compared, and the details of the proposed method are judged according
to the EPI to determine the detail retention of the original SAR image.

3. Noise Equivalent Sigma Zero (NESZ) [35,36]

NESZ is an index that measures the sensitivity of a system to areas with low radar
backscattering, corresponding to the equivalent normalized radar cross section (00) that
provides a uniform SNR. Its value can be obtained from the radar system parameters
through relevant radar calculation equations [35]. In practical applications, the relevant
parameters may differ from the theoretical parameters. This paper uses the calculation
method in reference [36] to obtain the NESZ value of the obtained SAR image. The lower
the NESZ value, the higher the radiation sensitivity of the system and the stronger its
detection capability for weakly scattering targets.

As shown in Table 6, the proposed method achieves an EPI of 0.9986, which best
preserves image details compared to direct downsampling and the LMS method. A com-
parison of image entropy values shows that the algorithm maintains good resolution.
Furthermore, the NESZ of the unsampled image after filtering is —18.27 dB, while the
proposed algorithm achieves —17.67 dB. Compared to other algorithms, the proposed
algorithm has the lowest NESZ and is closer to the value of the unsampled image after
filtering. Similarly to the simulation analysis, the overall SNR of the SAR image is not
significantly improved because the algorithm only increases the SNR of a single pulse while
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reducing the number of pulses. Compared to direct downsampling, the image quality is
significantly improved, and the energy is closer to that of the original SAR image.

3.2.2. Execution Time Analysis

For UAV SAR, real-time data processing is a critical requirement due to strict limita-
tions on power consumption and hardware resources. Therefore, evaluating the computa-
tional efficiency and imaging performance of the proposed signal enhancement algorithm
is essential. Traditional adaptive filtering methods, such as the LMS algorithm, require
continuous iterative updates to the filter weights for each azimuth pulse. This results in
high computational complexity, which scales with filter length and the number of pulses
processed, severely limiting its feasibility in real-time UAV search and rescue imaging.
In contrast, the proposed method avoids recursive weight updates. To further optimize
execution efficiency, a vectorized phase compensation lookup table strategy is applied to
the algorithm. Before filtering, the complex phase compensation factors for all range bands
are pre-calculated and stored. During the coherent superposition stage, the algorithm only
requires low-complexity matrix lookup and pointwise complex multiplication. This opti-
mization significantly reduces the computational burden caused by trigonometric function
and square root operations in the loop for the phase compensation factors.

To quantitatively assess processing efficiency, the execution time of different methods
was recorded using the measurement data described in Section 3.2. The time required to
process the measured data is shown in Table 7.

Table 7. Execution time comparison of different methods.

Preprocessing Execution

Method Time BP Imaging Total Time
Filtering without downsampling 155.89 s 629.27 s
Direct downsampling / 215.69 s
Filtering with direct downsampling 155.90 s 387.25s
Proposed method 200.73 s 436.59 s

As shown in Table 7, direct downsampling is the fastest method because it directly
extracts data without complex signal processing steps. However, as analyzed earlier, it
severely degrades image quality. The preprocessing time for filtering the raw data without
extraction is 155.89 s, and the total time for BP imaging is 629.27 s. While this effectively
improves image quality, the large data volume causes significant time consumption. The
preprocessing time for filtering and direct extraction is the same as for filtering without
extraction, but the BP imaging time is significantly reduced due to the downsampling
step. The proposed method takes 200.73 s in the preprocessing stage, and the total time
for BP imaging is 436.59 s. Due to phase compensation and coherent accumulation steps,
its preprocessing runtime is slightly longer than that of filtering and direct extraction by
almost 45 s, which is within a tolerable range, and its image quality is superior. Considering
the SNR and excellent preservation of image details, the computational cost of this method
is reasonable and suitable for practical applications of UAV SAR.

4. Discussion

This paper addresses the key trade-off between SNR and data reduction in high-
repetition-frequency UAV SAR systems. It proposes an echo signal enhancement technique
based on phase compensation parameter adjustment of Chebyshev filtering, aiming to
improve the echo SNR while reducing the data volume. Experimental results based on
simulation and actual UAV SAR data show that, compared with traditional downsampling
and adaptive filtering methods (such as LMS), the proposed technique can achieve higher
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SNR gain, has better preserved image details, and can effectively suppress aliasing artifacts.
Compared with adaptive filtering methods such as LMS, the LMS method cannot com-
pensate for inter-pulse phase changes by iteratively adjusting the filter coefficients, while
our method models the SAR echo signal based on the platform motion geometry, which
can effectively reduce SNR loss. This improvement can be attributed to the coherence
accumulated after phase alignment, while traditional processing methods do not utilize
the deterministic phase relationship between continuous pulses. The phase error analysis
in Section 3.2 shows that for a shorter accumulation window, the residual phase error
caused by typical IMU velocity error can be ignored, thus ensuring near-ideal coherent
superposition. This finding justifies using a simplified linear distance offset model for
phase compensation in the pre-filtering stage.

In addition, a major challenge in drone search and rescue is achieving real-time data
processing under strict power and hardware constraints. Compared to recursive adap-
tive filters that require continuous weight updates and are sensitive to initialization, the
non-iterative nature of this method further enhances its practicality. Based on execution
time analysis, the proposed method requires 200.73 s for preprocessing and 436.59 s for
total blood pressure imaging. Although the preprocessing time is about 45 s longer than
simple filtering with direct downsampling, it completely avoids the severe spectral aliasing
and artifacts caused by direct downsampling. The total processing time is far less than the
629.27 s required for filtering without downsampling, which confirms that the computa-
tional cost of this method is highly reasonable and strategically balanced with the superior
image quality it produces.

While effective, this method has some limitations. The derived phase compensation
factor primarily considers the change in LOS caused by platform azimuth motion, omitting
complex low-frequency motion errors such as mechanical vibration or atmospheric turbu-
lence. This simplification is currently reasonable because the accumulation time between
adjacent pulses is extremely short, making these low-frequency errors negligible. However,
if future applications require significantly higher weight reduction factors and increased
accumulation time windows, these uncompensated residual errors may become apparent,
affecting image quality. Furthermore, this paper primarily derives phase compensation
based on the assumption of orthographic side-viewing and does not consider the case
of strabismus.

Future research could consider combining phase-compensated pre-filtering with auto-
focus algorithms to further improve image quality even in the presence of uncompensated
motion errors. Secondly, future research could also take strabismus into account.

5. Conclusions

This paper fully utilizes the high repetition rate characteristic of UAV SAR systems,
employing parameter-adjusted Chebyshev filtering and phase compensation to accumulate
azimuth signals from multiple adjacent pulses. This effectively improves the SNR of
system and significantly reduces the amount of data required for subsequent processing,
demonstrating broad application prospects. First, this paper analyzes the mechanism
of SNR gain generation during SAR synthesis processing and the impact of high RF on
echo SNR. Then, to improve the performance of SNR enhancement methods, a method
combining phase compensation and parameter-adjusted Chebyshev filtering is proposed
based on the SAR imaging model. This method is not limited by the downsampling factor
and can accurately compensate for phase changes between pulses, achieving superior
accumulation gain compared to traditional linear pre-filtering methods. Finally, simulation
and experimental data verify the effectiveness of the proposed method in improving the
UAV SAR echo SNR.
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