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Abstract: Short-range imaging radar, with its all-day and all-weather perception capabilities, has
gained considerable attention in emerging fields such as autonomous vehicle sensing and industrial
robotic perception. However, compared to traditional imaging radar, short-range imaging radar
systems face more stringent constraints in terms of physical sampling resources, particularly the
number of sampling channels and the resulting aperture size. These limitations lead to reduced
resolution and a lower signal-to-noise ratio, ultimately degrading the imaging quality and making
it difficult to interpret. To address these challenges, we explore coprime sampling as a strategy to
achieve high-quality short-range radar imaging using limited physical sampling resources. Our
approach is built upon three core perspectives: (1) physical sampling: we adopt a coprime pattern
to form an extended sampling aperture with a structured layout, enabling effective utilization of
limited channels and minimizing aperture loss; (2) signal measurement: we utilize the second-order
statistics of the measured data to generate additional equivalent measurements, thus enhancing the
system’s capability to capture diverse spatial information; and (3) scene reconstruction: we establish
a novel forward measurement model, linking these equivalent measurements to the scene, and then
formulate a sparsity-regularized optimization problem. We design a background-texture-preserving,
target-enhanced resolving method based on the first-order proximal gradient algorithm to achieve
robust and high-quality imaging results. Our method is verified on several measured data. The results
show that our proposed approach achieves high-quality imaging while utilizing approximately half
of the typical sampling resources. This study not only validates the effectiveness of coprime sampling
for short-range radar imaging but also highlights its potential to alleviate sampling constraints in
various resource-constrained applications.

Keywords: short-range imaging radar; coprime sampling; covariance matrix; sparsity-based regularization;
resource limited

1. Introduction

Short-range imaging radar provides all-day, all-weather perception, making it indis-
pensable compared to other sensing modalities like optical imaging and lidar, which are
limited by lighting or atmospheric conditions [1]. It has been used in target scattering
imaging for assessing electromagnetic properties [2-8] and in security screening to detect
concealed items irrespective of the environment [9-14]. The technology also supports
environmental monitoring [15-19] and landslide prediction for public safety [20-22]. Re-
cently, its versatility has expanded to the automotive sector for autonomous vehicle sensing
and industrial robotics for precise perception, enabling safe navigation and interaction in
complex environments [23-30].
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1.1. Problem Formation and Current Status

Compared to traditional imaging radar, short-range imaging radar platforms typically
face significant resource constraints. These constraints arise from several factors inherent
to short-range radar applications [1,17,31-33]:

*  Design Limitations: Short-range radar systems are often designed for compact, portable,
or integrated applications, such as autonomous vehicles, drones, mobile robots, and
handheld devices . These designs inherently restrict the physical space available for
radar components.

¢  Cost Considerations: These systems are generally aimed at more cost-sensitive mar-
kets, limiting the number of expensive components like antenna elements that can
be included.

¢  Power Constraints: Many short-range applications require low power consumption,
further constraining the size and complexity of the radar system.

e Integration Challenges: In applications like automotive sensing or drone navigation,
the radar must be integrated seamlessly into the vehicle’s or device’s design, adding
another layer of restriction to its size and configuration.

These resource constraints primarily manifest as limitations in the radar’s physi-
cal aperture and sampling capabilities, creating a cascade of challenges for short-range
radar systems:

*  Aperture Limitations: Physical size constraints directly impact the aperture—the
effective area for transmitting and receiving radar signals. This smaller aperture
inherently restricts the antenna size or the number of antenna elements.

¢  Sampling Constraints: Limited sampling sources—such as a restricted number of
antenna elements or sampling points along the aperture—constrain the obtainable
aperture size. The Nyquist sampling theorem further compounds this issue by re-
quiring a specific sampling interval, ultimately capping the maximum achievable
aperture size.

*  Resolution Reduction: Consequently, short-range radar systems often struggle with
diminished resolution, making it challenging to differentiate between closely
spaced targets.

e  Signal-to-Noise Ratio (SNR) Degradation: A smaller aperture collects less signal
energy, resulting in a lower signal-to-noise ratio. This is particularly problematic for
low-reflectivity targets, which may become indistinguishable from surrounding clutter
or noise.

In response to this pressing need, recent research has adapted sparse sampling tech-
niques from traditional imaging radar systems to enhance the capabilities of short-range
radar within constrained resources [10-12,14,31,34-39]. Sparse sampling employs highly
random, non-uniform sampling patterns to drastically reduce the number of required
samples. By leveraging these irregular sampling grids, it becomes possible to reconstruct
high-quality images by solving a linear inverse problem, where the sampling pattern itself
serves as a critical prior in the system’s observation model.

While this approach holds significant promise, particularly for its ability to maintain
imaging quality with fewer resources, one crucial factor has yet to be fully addressed: the
practical implementation of these designs. The success of sparse sampling hinges on precise
control over the pattern layout, which often leads to highly random and unstructured
designs that may not be straightforward or cost-effective to produce in practice. Any
deviation between the designed and actual patterns can result in a model-mismatch issue
during image reconstruction, potentially undermining the very assumptions that guide
the reconstruction algorithm. Such deviations can introduce errors and degrade image
quality significantly, as the sampling pattern acts as a foundational prior in the observation
model [40,41].
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1.2. Motivations and Contributions

Given these challenges, it may be necessary to re-evaluate the sampling strategy itself.
Traditional uniform sampling offers a structured and deterministic pattern, while sparse
sampling represents a fully unstructured approach. A potential way forward lies in finding
a balance between these extremes—a sparse yet more structured sampling pattern that can
be feasibly and cost-effectively implemented in real-world scenarios while retaining the
high-quality imaging performance.

In this context, we explore the concept of coprime sampling—originating from array
signal processing for Direction of Arrival (DOA) estimation—and apply it to short-range
imaging radar [42-44]. Coprime sampling manifests as the coprime array, consisting of
two interleaved subarrays with uniformly distributed elements spaced at coprime intervals
larger than the Nyquist sampling theorem requires. For instance, one subarray might have
elements spaced at 3 units and the other at 5 units, where 3 and 5 are coprime numbers.
This antenna layout results in a sampling pattern we refer to as coprime sampling.

The elegance of this approach lies in its simplicity and effectiveness. By using only
two prime numbers, we can define a well-structured sampling pattern that simplifies
implementation. Each subarray maintains a uniform distribution, and when combined,
they create an overall sparse sampling pattern. This strategy strikes a balance between
sparse and uniform sampling, optimizing resource efficiency.

As previously noted, coprime sampling was initially developed for DOA problems,
which focus solely on determining target directions. In these applications, targets are
typically sparse and characterized by strong, isolated scatterers. Our context, however,
differs significantly. We are interested in both target directions and intensities, and our
scenes are far more complex. They often involve near-ground environments with abundant
vegetation, where targets are typically distributed across the scene—such as vehicles along
a road. These complexities mean that traditional DOA-based coprime sampling methods
cannot be directly applied or adequately meet the needs of our scenarios. To address these
limitations, we have developed several key advancements in high-quality short-range radar
imaging using coprime sampling, which, together with the contributions of our work, are
outlined below across four core aspects:

1. Physical Sampling: We adopt a coprime pattern to form an extended sampling aper-
ture with a structured layout. This approach enables the effective utilization of
limited antenna channels, addressing the resource constraints typical in short-range
radar systems.

2. Signal Measurement: We leverage the second-order statistics of the measured data to
generate additional equivalent measurements. This approach utilizes the covariance
matrix of the physically measured signals, which captures valuable information about
the spatial correlations between different measurement points. By exploiting these
second-order statistics, we extend beyond the physically measured signals to create
equivalent measurements without requiring additional physical sampling resources.

3. Scene Reconstruction: We develop an equivalent forward measurement model that
links the new equivalent measurements to the intensity map of the imaging scene.
Using this model, we formulate a sparsity-regularized optimization problem for
accurate and robust imaging in real-world short-range radar environments. To en-
hance the interpretation of distributed targets in complex environments, we design a
novel background-texture-preserving, target-enhanced resolving method based on
the first-order proximal gradient algorithm.

4. Experimental Verification: We evaluate our coprime sampling approach using both
simulated and real-world data for short-range radar imaging. Our experiments cover
various scenarios, including different target types and environmental conditions. We
analyze image quality, comparing our method against traditional uniform sampling
and other sparse sampling techniques. This evaluation demonstrates our approach’s
effectiveness and identifies its strengths in practical applications.
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The remainder of this paper is structured as follows. In Section 2, we delve into
the fundamental principles of coprime sampling and its application to short-range radar
imaging. Then we present our novel approach to signal measurement and scene reconstruc-
tion, detailing the mathematical framework and methods we have developed. Section 3
describes our experimental setup and methodology, followed by a thorough presentation
and analysis of results. Section 4 shows the discussions about the principles, practical
implementations, and comparative advantages of the proposed method. Finally, Section 5
concludes the paper with a summary of our findings, a discussion of the limitations, and
suggestions for future research directions in this promising area of radar technology.

2. Materials and Methods

This section begins with the fundamentals of short-range imaging radar with uniform
sampling. We review its common types and the common sampling patterns behind them,
as well as the key parameters that influence imaging quality.

We then introduce the concept of short-range imaging radar with coprime sampling,
discussing its potential limitations when applied to short-range imaging radar. Further-
more, from a signal processing perspective, we design two strategies to achieve high-
quality imaging with coprime sampling. First, we explore increasing sampling points
from the measurement signal by utilizing its second-order statistical information—the
correlations between each sampled signal—to obtain an equivalent measured signal that is
more uniform and dense. With this new equivalent signal, we establish a new equivalent
forward measurement process from a signal perspective and derive the corresponding
equivalent measurement process. Second, to further simplify solving, we establish a new
regularization-based solving model, utilizing the sparsity prior of the short-range radar
imaging scene. Additionally, considering the importance of background texture for in-
terpreting short-range radar images, a background-texture-preserving, target-enhanced
resolving method is designed.

Furthermore, for ease of reading, we summarize this section, the structure of the
methodology, in Table 1.

Table 1. Arrangement of the methodology.

Subsection Arrangement Note
Section 2.1 Short-range Imaging Radar with Uniform Sampling Baseline Signal Measurement Model
Section 2.2 Short-range Imaging Radar with Coprime Sampling Proposed Signal Measurement Model
Section 2.3 Equivalent Signal Measurement Transformation and Preprocessing
Section 2.4 Scene Reconstruction Imaging and Signal Reconstruction

2.1. Short-Range Imaging Radar with Uniform Sampling

The quality of the imaging result is typically linked to the obtained bandwidth of the
imaging scene or target—more specifically, its spatial spectrum [45,46]. The size of the
spectrum is proportional to the available resolution after processing. From a mathematical
perspective, the spectrum’s size is also closely related to the available amount of measure-
ments (the knowns) that can be utilized for resolving the results (the unknowns). Thus,
obtaining more of the spectrum boosts the stability of the solution, making it more robust
to noise interference.

For short-range radar, the bandwidth in the range direction stems from the transmitted
signal bandwidth. Common transmitted types include stepped-frequency pulsed signals
or linear-frequency-modulated continuous wave signals [7,30]. The bandwidth from the
azimuth direction, which receives more attention and has greater diversity, is physically
related to the imaging aperture’s size in the azimuth direction—the aperture length or,
similarly, the aperture angle.

To achieve higher azimuth signal bandwidth compared to real-aperture single-antenna
imaging radar systems, various measurement layout techniques have emerged. Three
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types are most prevalent: multichannel-based, motion-synthesis-based, and a hybrid of
the two [7,31,46]. We provide a simplified illustration in Figure 1. Figure la depicts
multichannel-based systems, which use multiple antenna elements arranged in a linear
array to form a synthetic aperture. These arrays can be multiple-input-multiple-output
(MIMO) or single-input-multiple-output (SIMO), enabling simultaneous data collection
across multiple channels. Motion-synthesis-based systems, shown in Figure 1b, rely on the
movement of a single antenna to create a synthetic aperture over time. The hybrid approach,
illustrated in Figure 1c, combines both methods, using a moving array of multiple antennas
to maximize aperture size.

Direction of Propagation

> (> Motion-synthesis-based TX and RX
— Direction of Motion

(b) (c)
Figure 1. [llustration of three prevalent measurement layout techniques with 8 EPCs. (a) Multichannel-
based systems: the upper part shows an example of a SIMO array with Nrx = 1 transmitting antenna
and Nrx = 8 receiving antennas; the lower part depicts an example of a MIMO array with Nyx = 2
and Ngrx = 4. (b) Motion-synthesis-based systems: an example of a single transmitting and receiving
antenna’s movement to create 8 EPCs. (c) A hybrid of the two: an example of a MIMO array’s
movement with Nyx = 2 and Ngx = 2 to create 8 EPCs.

Despite their differences, all these types rely on the principle of the equivalent phase
center (EPC). This principle states that a separated multistatic transmitting—receiving
antenna pair can be approximated by a colocated monostatic equivalent phase center at the
midpoint of the antenna pair, after some preprocessing and compensation [47-50]. Thus,
although taking different physical measurement layouts, the final layouts of the EPCs are
the same.

From a signal perspective, we can describe a common measurement model for cur-
rent short-range imaging radar systems. These systems measure the target or imaging
scene using uniformly distributed phase centers—sampling points along the azimuth
direction—as follows:

yVr = AyXy + 1y (1)

Here, y, represents the measured signal vector at the r-th range unit, typically sized
according to the number of sampled points. A, is the corresponding measurement matrix,
and x; denotes the scattering vector of the target or scene. (We follow the Born assumption
that the scene or target consists of individual point scatterers without interleaved correla-
tions. The vector’s size is determined by the imaging scene’s size and the divided pixel
size, usually larger than the theoretical resolutions.) n, represents noise.

Each column of the measurement matrix encodes the distance information between a
target point and each azimuth sampling point as an exponential term. Under certain mild
assumptions (This assumption can be understood from multiple perspectives. First, in short-
range imaging radar applications, the effective accumulated aperture angle (maximum
coherent accumulation) of the target is typically small—only a few degrees. This small
angle allows us to neglect the influence of the nonlinear part of the range-induced phase
term, as the experimental results demonstrate. In other words, the effective aperture
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length is much shorter compared to both the target length and the imaging scene span,
thus adhering to the far-field assumption. Secondly, preprocessing techniques can often
further support this assumption. It is possible to implement steps that compensate for the
nonlinear phase part, resulting in a predominantly linear phase to work with. Additionally,
we assume that the measured signal has undergone processing in the range direction, such
as range compression, as we mainly focus on the processing in the azimuth direction in
this study.), this distance exhibits a linear relationship with the positions of the sampling
points. Given the uniform distribution of these sampling points along the azimuth direction,
the resulting phase distribution is both linear and uniform [27,31,47]. Consequently, the
measurement matrix assumes the form of a Fourier transform matrix, a property that
significantly simplifies subsequent analysis and processing.

For different scattering vectors at different range units, the difference between the
corresponding measurement matrices can be approximated as a constant range-difference-
induced phase term. This term remains constant across different azimuth sampling points
and can be ignored as it does not influence the imaging result. Consequently, for the entire
imaging scene, the measurement process can be expressed as:

Y =AX+N )

Here, Y represents the measured signal matrix for the entire imaging scene, with each
column corresponding to a specific range unit. A is the measurement matrix, which remains
consistent across all range units due to the aforementioned approximation.
X denotes the scattering matrix of the entire imaging scene, with each column repre-
senting the scattering vector at a specific range unit. Finally, N represents the noise matrix
for the entire scene.

Analyzing the measurement equation from a mathematical perspective reveals crucial
insights about sampling pattern requirements:

1.  Sampling Density: When the scene width is fixed, increasing the number of mea-
surements (i.e., more rows in the measurement matrix) allows for a finer division
of the scene (more columns in the scattering matrix). This supports a more detailed
reconstruction of the scene.

2. Sampling Uniformity: The uniformity of sampling is equally important. Undersam-
pling or sparse sampling can lead to ill-conditioning of the measurement matrix,
making the equation difficult or impossible to solve accurately.

2.2. Short-Range Imaging Radar with Coprime Sampling

As our review indicates, the effectiveness of a sampling strategy in short-range radar
imaging hinges on two critical factors: sampling density and uniformity. Sampling density
directly influences the level of detail achievable in scene reconstruction, while uniformity
ensures the mathematical problem remains well-conditioned and solvable. However,
achieving both high density and uniformity is resource-intensive, and short-range imaging
radar systems often face limitations in this regard.

Given these constraints, striking a balance between sampling density and uniformity is
crucial for obtaining high-quality imaging results. To address this challenge, we introduce
a novel coprime sampling strategy in this subsection. Coprime sampling primarily refers
to the sampling distance between adjacent points being coprime. We present an illustration
of this concept in Figure 2. In this example, there are a total of seven sampling points
available, spanning a length of 12 units. From left to right, the distance between the first,
second, fourth, fifth, and last point is 3 units, while the distance between the first, third,
and sixth point is 5 units. Mathematically, 3 and 5 are a pair of coprime numbers.

From this example, we can see that the most distinct feature and advantage is the
convenience of determining the sampling pattern. By defining a pair of coprime numbers,
we can immediately obtain a structured sampling pattern. Mathematically, if we denote
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the unit length as d and a pair of coprime numbers as M and N(M < N), we can generate
two sub-sampling patterns. By fusing these, we obtain the overall sampling pattern.

¢ Sub-sampling pattern 1:
{0,Md,2Md, --- ,(N —1)Md}
¢ Sub-sampling pattern 2:
{0,Nd,2Nd,--- ,(M —1)Nd}
¢ Overall sampling pattern:
{0,Md,2Md, --- ,(N —1)Md} U {0,Nd,2Nd,--- ,(M —1)Nd}

Through this sampling method, we use (M + N — 1) sampling points to achieve a
sampling length of M(N — 1) units. Compared to uniform sampling, the advantage extends
beyond the structured pattern to resource efficiency. If we have only M + N sampling
points available, we gain an extra sampling length ratio of (M(N —1)/(M+ N —1) — 1)
units. Conversely, if we need a sampling length of MN units, we can reduce the required
sampling points by a factor of (M + N —1)/(M(N — 1) +1). Taking the example in
Figure 2, we halve the resource cost while achieving a similar sampling length.

azimuth

range

Figure 2. Illustration of coprime sampling measurement layout with 7 antennas.
Similar to equation (1), we can express the corresponding measurement process as:
Y. =AX+N 3

Here, Y, represents the new measured signal matrix with coprime sampling, and A, is
the new measurement matrix. A can be viewed as a subset of the uniform sampling mea-
surement matrix A, obtained by removing the rows corresponding to unsampled points.

Due to this subtraction, the ill-posedness of the new measurement equation increases
significantly. Short-range radar typically operates in an environment with stronger noise
and clutter from surroundings compared to conventional airborne or spaceborne situations,
as the system is much closer to the ground [31]. Consequently, solving the new equation
using traditional methods, especially matched-filtering-based algorithms [51,52], would
be highly inaccurate and unstable. More specifically, as the measurement matrix takes the
form of the inverse Fourier transform, each sub-sampling measurement introduces azimuth
ambiguities—the grating lobes of targets. Although each sub-sampling pattern has different
sub-sampling scenarios, resulting in azimuth ambiguities at different positions, merging
the results using these differences in ambiguity locations can reduce the total ambiguities
to a certain degree [53,54]. However, this approach imposes additional requirements on the
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target’s distribution and size in the imaging scene, necessitating much sparser scenes, such
as maritime environments (ships at sea) [53,54]. In short, the direct introduction of coprime
sampling for short-range radar may not yield sufficient performance gains. Therefore, we
propose further processing from a signal processing perspective, beyond this modification
of physical measurement patterns.

2.3. Equivalent Signal Measurement

In the previous section, we introduced the new physical layout of coprime sampling
for short-range imaging radar and established the new forward measurement process and
equation in (3). Analysis of this new measurement equation reveals challenges in solving
it, necessitating further processing from a signal processing perspective. To achieve high-
quality imaging with coprime sampling, this section explores the generation of equivalent
measurements using the covariance matrix of physically measured signals obtained by
coprime sampling.

2.3.1. Basic Ideas

In this section, we examine the correlations between every pair of physical measure-
ment points to identify additional equivalent measurement points. Recall the measurement
process and equation in (3); it is evident that some measurement points from the uniform
measurement equation in (1) are missing. For simplicity, we will continue with the ex-
ample using coprime numbers 3 and 5. As illustrated in Figure 2, measurement points at
locations 14, 2d, 4d, 7d, 8d, and 11d are missing compared to the uniform sampling case.
Conversely, measurement points at locations 04, 3d, 5d, 6d, 9d, 10d, and 124 are available.
For these physically measured points, let us consider the measured signal at location 0d as
an example. Based on (3), it can be expressed as follows.

P .
yo =Y x,¢%5% 4 ny (4)
p=0

Here, we take one range unit profile within the scene as an example. We use the
symbol [ to index the locations of measured points, which range from 0 to L, with L = 12
in this example. We use the symbol p to index the locations of the scatterers within the
corresponding range unit. We divide the range unit into a grid of P 4 1 points, with p
ranging from 0 to P. ng represents the independent complex Gaussian noise, which has a
zero mean and variance ¢%. x, denotes the complex scattering coefficient. The term elOPAY
represents the range-induced phase, which varies linearly with the scatterer’s index p.

Similarly, for the point at location 1d, if we could obtain its measurement, it would be
expressed as follows.

P ..
=Y, xpeﬂpA‘P +m (5)
p=0

With some modifications, we can express the statistically equivalent form as follows.

P P
xpe/PAP + g xpe PPA? 4
p=0 p=0

|xp |2e/1PAP (6)

Elysys] = E

P
p=0

Here, E[-] denotes the expectation operation. Comparing the above two equations, we
can see that through the correlation and expectation of the physically measured signals at

locations 6d and 5d, we can obtain a statistically equivalent form of the measured signal at
location 1d from a signal processing perspective. The resulting equivalent signal shares the
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same form as the physical measured signal, except it measures the power distribution of
the scatterers within the scene instead of the complex intensity distribution.

This observation inspires us to use second-order statistical information from physically
measured signals to obtain equivalent signals with denser, more uniform sampling points.
We turn to the covariance matrix, which contains all pairwise correlation information from
the measured signals. Specifically, we compute the covariance matrix of the measured
signal y for each range unit as follows.

P
R= E(YCYCH> = Z%) % ["a(@p)a" (9) + €31 )
=

Here, () denotes the Hermitian transpose, and a(¢,) = [e/0PA9,e/'PAP, . ellPAP]T
is the range-induced phase at different sampled locations of the p-th scatterer. Notably, in
coprime sampling, some of the range-induced phases are unavailable. For simplicity, we
insert zeros for these missing values in the measured signal and the range-induced phase.
Using our previous example,

a(¢p) = [/OP29,0,0, 63720, 0, 615759 o10PAP 0,0, 6PAP, o10PAC (), oi12PAP]T (8)

And the element in the covariance matrix takes the following form:

P
Y Jxp Pl i £
I ©)

P
) |xp|zej(m_”)pA¢ +e&;m=n
p=0

. 2 . N . .
We further denote 7y, as iu—n, xp| as ¥, (m —n) as I, and noise as 7, obtaining the
equivalent measurement f; in general:

P .
7= %,e'"A0 i (10)
p=0

Equation (10) indicates that f; can be considered as the equivalent measurement at
the | = (m — n)-th sampling point. For instance, whenm = 3, and n = 1, then ! = 2, §j,
is the equivalent measurement at the 2nd sampling point. All equivalent measurements,
embedded in the covariance matrix, can be defined through the difference operation of
various pairs (m — n).

Figure 3 provides a visual example. There are 7 sampling points with the position
setdenoted as S = {0,3,5,6,9,10,12} shown in the upper part of Figure 3. By taking the differ-
ence operations from paired elements of S, we obtainanew set D = {0, 1,2,3,4,5,6,7,9,10,12},
which contains 11 elements corresponding to 11 sampling points shown in the lower part
of Figure 3. Compared to the physical sampling, there are 4 additional sampling points,
making the whole sampling pattern denser and more uniform. The extra sampling points
are represented by dashed lines in Figure 3.

2.3.2. Technical Details

Based on these ideas, we now delve into the technical details of generating equivalent
signal measurements. In theory, we need to determine the mean value of the correlations
between measurement pairs in Equation (7), which would require an infinite number of
samples. In practice, however, we are limited to a finite sample set. To mitigate estimation
errors, we intuitively seek to increase our sample size for estimation. We achieve this
through two methods: first, by exploiting the redundancy in adjacent range unit samples
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for covariance matrix estimation; and second, by utilizing the redundancy in diagonal
elements within the covariance matrix for equivalent measured signal estimation.

AOERNAGERN AR AR

{ L) L { 4 S R - ...............| -
{ i i ¢ 7 i i
N soN L Nt AN

0 1 2 3 4 5 6 7 9 10 12
(6-5) (5-3) (3-0) (9-5) (5-0) (6-0) (10-3) 9-0) (10-0)  (12-0)
(10-9)(12-10) (6-3) (10-6)(10-5) (9-3) (12-5) (12-3)

) (9-6) (12-6) )
N (12-9) .

. The first overlapped sampling . The first sub-sampling The second sub-sampling

. Equivalent sampling that coincides with physical sampling
’\: _\," Additional equivalent sampling compared to physical sampling

Figure 3. Diagram of equivalent measurements utilizing second-order statistics. The upper part
shows coprime samples with 7 EPCs and the lower part depicts equivalent samples with 11 EPCs.

1. Redundancy in adjacent range unit samples.

Considering that targets are usually extended and distributed across several adjacent
range units, they typically follow the same statistical distribution. Specifically, the adjacent
scatterers within each target have similar spatial locations, and their intensities remain fixed
and non-fluctuating [55]. We adopt multiple adjacent range units to estimate the covariance
matrix. For each range unit, we employ a sliding window with length T + 1 centered on
the current unit to acquire its adjacent units. We then use the mean of covariance matrices
corresponding to these units to estimate the covariance matrix R. For example, for the r-th
range unit,

R 1 t=r+T/2 u
R(”) = m t:r;/ZYC(t)YC (t) (11)

Here, Y (t) represents the t-th range unit’s zero-inserted measured signal.

2. Redundancy in diagonal elements within the covariance matrix.

Considering that the target signal is usually stationary, the diagonal elements within
the covariance matrix can be considered as samples from the same distribution. In other
words, i = Fpt1,n+1- Using our previous example, we can obtain the covariance matrix
as follows: ~ _

700 00 730 0754 750 00 750 T1p0 0 T1p0
000000 O0OO0COO OOO
000000 O0OO0OOO OOO

P30 00 33 0 Fig 7iy 00 7y 7oz 0 Fips
000000 0O0O00OO O OO

750 00 753 0 755 72/5 00 ?;/5 7’{0,5 0 71“2’5

ﬁ(i’) = | 76,0 00 763 0 765 Fe6 00 ?;,6 ?{0,6 0 ?T2,6 (12)
000000 O0O0COO OOO
000000 O0O0COO O OO

79,0 00 179,3 0 179,5 ?9,6 00 179/9 7?0,9 0 7;2’9

710,0 00 710,3 07105 F10,6 0 0 10,9 F10,10 0 745 19
000000 O0O0COO O OO

|712,0 007123 07125 F12,6 0 0 712,9 712,10 0 F12,12 |




Remote Sens. 2024, 16, 4657

11 of 35

Aligning with the illustration in Figure 3, the equivalent measured signal at location
1d can be estimated by averaging 75 and 71 9. Similarly, the equivalent measured signal at
location 3d can be estimated by averaging 73 o, 76 3, 79,6, and 713 9. Other locations follow a
similar rule, as shown below:

¥ = mean(diag(R(;1))) (13)

Here, 7 is the equivalent measurement of the I-th sampling point, diag(R(r;1)) de-
notes the I-th diagonal vector with zeros excluded, and mean(-) represents the averag-
ing operation.

By averaging the non-zero elements of each diagonal in the zero-filled covariance
matrix, we can obtain the final equivalent measured signal ¥, as follows:

S’C = []70/?1/?2/?3/?4/?5/ ]76/ ]77/ ]79/ ]710/ ng]T (14)

Here, §. represents the equivalent measured signal. Finally, we present the complete
generation process in Figure 4. Specifically, sets of measured signals within adjacent range
units are first used to construct the covariance matrix. Then, the covariance matrix is
inserted with zeros, and the elements along each diagonal line are utilized to obtain the
equivalent measured signal.

Figure 4. Generation process of equivalent measurements.

2.4. Scene Reconstruction

In this section, we establish an equivalent forward measurement model for these
measurements and construct the corresponding sparsity-regularized optimization problem.
Simultaneously, we introduce a novel background-texture-preserving, target-enhanced
resolving method based on the first-order proximal gradient algorithm.

1.  Equivalent Forward Measurement Model

Combining (14) and (10), we can derive the following new equivalent measurement
process and equation for the r-th range unit:

§o = AX+ii (15)

Here, ¥ is the equivalent measured signal, A, is the new forward measurement matrix
with Ac(l, p) = e/'PA9, %(p) = %, represents the power distribution of the scatterers within
the scene, and fi denotes the noise.

Examining Equation (14), we find that the new equivalent measured signal, while
offering more available samples through the utilization of physical signal correlations
compared to the original signal in (3), still has gaps at certain positions. For instance, the
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signal is missing at locations 84 and 11d. This absence can be viewed as an extraction
process, allowing us to formulate the above process as follows.

Fo = MAX + At (16)

Here, M denotes the extraction matrix, which is derived by removing specific rows
from an identity matrix. For the example in (14), it would be the matrix obtained by
subtracting the 9th and 12th rows from a 13-by-13 identity matrix.

Recall that the forward measurement matrix A takes the form of an inverse discrete
Fourier transform. This means we can replace it with the inverse fast Fourier transform
operator to achieve a more efficient form, as follows:

Fe=McF LX)+ (17)

Here, 7 !(-) denotes the operator of the inverse fast Fourier transform.
For the entire imaging scene, we concatenate equations from different range units to
obtain the complete equivalent forward measurement process and equation:

Y. =MJF'(X)+N (18)

Here, the 7 ~!(-) operator acts along the azimuth dimension.
2. Sparsity-Regularized Solution

To obtain the imaging result, we need to solve the new equivalent measurement
equation, which presents a typical inverse problem scenario. We aim to derive the energy
distribution of the scene X from the equivalent measured signal Y.

Following the traditional matched-filtering approach, we mathematically establish
a regularization between the equivalent measured signal and the scene. This takes the
form of || Y. — McF~1(X)||2, which ensures the solution adheres to the forward measure-
ment model.

Additionally, the short-range imaging radar’s working environment deserves attention.
The system’s proximity to the ground creates a complex surrounding environment. The clutter
and noise are relatively high compared to the measured signal, making the solution process
susceptible to interference. Consequently, it is crucial to introduce additional regularization
constraints. These constraints, such as prior regularizations, describe assumptions about the
characteristics of the results (the unknowns), thereby producing reconstructions that align more
closely with their original prior distribution.

Considering the short-range imaging radar’s scene, a common assumption is that
the target within the scene consists of a few strong scatterers and abundant background
texture. In other words, the scene exhibits sparsity in the spatial domain—a feature that
can be regularized and measured using the /; norm. Consequently, we add a sparsity
regularization term to obtain the complete optimization problem for solving the equation.

N 1 < < X
X = arg min o | Ye = McF~ (%) [ + 2| X, (19)
X

Here, X represents the imaging result, || - || denotes the matrix Frobenius Norm, and A
is the weight that balances the two regularization terms.

The above optimization problem can be efficiently solved via first-order proximal algo-
rithms [56,57], where generally the first regularization term is dealt with through gradient
descent and the second regularization term is dealt with through proximal mapping in a
fixed-point iterative manner as follows [56,57].

K = S0 (X4 oMM F (Ve - McF 1 (RF) ) (20)
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Here, p denotes the step size for gradient descent, and S,,(+) represents the soft-
thresholding operator.

In the context of short-range imaging radar, we design an iterative solution process
based on the steps above. This process aims to reconstruct the target within the scene,
which consists of a few strong scatterers and abundant background texture, while avoiding
interference from noise and other disturbances.

Step 1. Update the part of the strong scatterers, filtering out interferences.

Xkl — sign(f(k> @max(’f(k‘ — pAL 0) (21)

Here, sign(-) denotes the sign function, which returns the sign of each element. ®
represents the Hadamard product, which is the element-wise multiplication between two
matrices. Lastly, max(-) refers to the clipping function, which sets any negative values to
zero. All functions are applied element-wise to the matrices.

In this step, the entire reconstruction result Xk from the last iteration is filtered to
extract the strong scatterers, while the residual interferences are removed.

Step 2. Update the part of the background texture.

K = MMF (Ve — Mo (X)) 22)

In this step, the newly updated strong scatterers undergo a forward measurement
process, generating a pseudo-measured signal. This signal is then subtracted from the
original measured signal, leaving a residual signal related to the background texture. The
remaining signal is processed through the adjoint operations of the forward measurement
process—F (-) and Mc!'—to reconstruct the background texture component.

Step 3. Update the entire reconstruction result.

j'((k+1) — )"'(ISCJrl +pj'(]l<)+1 (23)

In this step, the overall reconstruction result is updated by combining the strong
scatterers component and the weighted background texture component. By merging these
two parts, the reconstructed target image becomes more interpretable for subsequent higher-
level tasks of short-range imaging radar, such as target detection and classification [58,59].

Step 4. Perform residual update.

Resi = HXU‘“) — x®) HF (24)

When the Resi falls below a specified small constant & or the number of iterations
reaches the upper limit knay, the entire iteration process is terminated.

This iterative process progressively refines the reconstruction by separating and updating
the strong scatterers and background texture, enhancing robustness against noise. The final
reconstruction is detailed and noise-resistant, making it well-suited for downstream applications
such as detection and identification in short-range imaging radar systems. Finally, we summarize
the specific implementation steps for scene reconstruction in Algorithm 1.

In summary, for the short-range imaging radar system under the coprime sampling
pattern, the proposed high-quality imaging method mainly consists of two parts: equivalent
signal measurement and scene reconstruction which are detailed in Sections 2.3 and 2.4.
The flowchart of the proposed processing method is shown in Figure 5.
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Algorithm 1 Scene Reconstruction Method

1: Input: Yo, XV = MAF (o), XM = 0,X{V = 0,k = 1,kmay Resi = 0,4 > 0,
o >0e>0

2: repeat

Step 1: Update the part of the strong scatterers

X5+ = sign ()~(k) ©) max(‘f(k) — pAL 0)

Step 2: Update the part of the background texture

X = MAF (Yo - McF 1 (RE41))

Step 3: Update the entire reconstruction result

Y X Yk

Xk+1 — X];-H + pberl

Step 4: Perform residual update

10:  Resi= Hf(kﬂ — Xk

11: k=k+1

12: until k :~kmax or Resi < ¢

13: Output: X<+1

:

Coprime Sampling
Physical
Echo signal preprocessing Sampling
Compute covariance matrix Equivalent
| Signal
Obtain equivalent signal Measurement
Reconstruct the part of
strong scatterers
Reconstruct the part of
background texture Scene
l Reconstruction
Reconstruct the entire
reconstruction result

}

High quality imaging result

Figure 5. Flowchart of the proposed processing method.

3. Results

In this section, we evaluate the potential for high-quality imaging in short-range radar
systems using coprime sampling. We conduct both comparative experiments and ablation
studies on the proposed method. In the comparative experiments, the proposed method is
compared with traditional uniform sampling and sparse sampling methods. In the ablation
studies, we investigate the key components of the proposed method, including equivalent
signal measurement and sparse reconstruction, to verify their effectiveness and importance.
In the experiments, to quantitatively evaluate the quality of the imaging results, particularly
in terms of robustness against noise, accuracy, and preservation of texture information,
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we adopt three metrics for evaluation: Peak Signal-to-Noise Ratio (PSNR) [60], Structural
Similarity Index (SSIM) [61], and Gradient Magnitude Similarity (GMS) [62].

3.1. Comparative Experiments

In this section, we compare the proposed method with other traditional sampling
methods to demonstrate its superiority. We begin by briefly introducing the test scenes and
comparative methods.

3.1.1. Test Scenes

We evaluate using a strategy of gradually increasing complexity. The imaging scenes
contain targets ranging from simple to complex, and from manually controlled to practical
scenarios. In total, we include four test scenes: one simulated and three measured from
two different real systems. These scenarios are briefly introduced as follows.

1. Test Scene 1: Uniform Energy Point Array
This scenario simulates an ideal point target array where all targets have uniform
energy levels. It is designed to evaluate the algorithm’s basic performance and
resolution capabilities.

2. Test Scene 2: Point Array with Varying Energy Levels
This scenario involves an evenly distributed point array with a wide dynamic range
of energy levels. It tests the algorithm’s ability to handle targets of varying intensities.

3. Test Scene 3: Controlled Layout with Complex Targets
This scenario features a manually controlled layout of complex, distributed targets,
including objects of different shapes and sizes. It aims to evaluate the algorithm’s
performance under more realistic and challenging conditions.

4.  Test Scene 4: Real-World Parking Lot Scenario
This scenario involves a real-world layout, such as a parking lot, with various vehicles
and ground features. It is used to assess the algorithm’s performance in practical,
application-oriented situations.

3.1.2. Test Methods

We adopt a total of three methods through the above four test scenes as follows.
The three methods compare different sampling patterns and their corresponding imaging
algorithms to verify that the proposed algorithm can achieve high-quality imaging results
under the coprime sampling.

1.  Method 1: Range Migration Algorithm with Uniform Sampling (RMA_Uniform)
This method uses the range migration algorithm under uniform sampling conditions,
which ensures computational efficiency but is constrained by the requirement for
uniform sampling [9,23,27].

2. Method 2: Sparsity-Based Regularization Method with Sparse Sampling (I;_Sparse)
This method is implemented under a sparse sampling pattern with a sparsity-based
regularization approach which has gained recent research interest [11,31]. Differ-
ent from uniform sampling and coprime sampling, random sparse sampling is a
highly random and non-uniform sampling pattern design, which makes it difficult to
implement in practice.

3. Method 3: Proposed Method
The proposed method operates in the equivalent domain of the measured signal,
focusing on both strong point scatterers and background textures to achieve a more
comprehensive reconstruction.

3.1.3. Experiment Result of Test 1 (Uniform Energy Point Array)

In this section, we simulate 3 x 3 point array targets with uniform energy to verify the
effectiveness of the proposed method. These 3 x 3 point array targets are arranged in a
10 m x 10 m grid and uniformly distributed, with their center 15 m away from the radar, as
shown in the Figure 6. In this experiment, the radar aperture is synthesized by the repeated



Remote Sens. 2024, 16, 4657

16 of 35

moving, three times, of the coprime sampling depicted in Figure 2, with the synthesized
aperture length of 364, i.e., 0.0684 m. The radar signal carrier frequency is 78 GHz with
around 0.4 GHz bandwidth. The radar parameters are listed in Table 2.

Table 2. Radar parameters.

Parameters Values

Carrier frequency 78 GHz

Bandwidth 0.4GHz

Aperture length 0.0684 m
Physical sampling points 19
Equivalent sampling points 35

25

20

Range (m)
G

=
(=}

-10 -5 0 5 10
Azimuth (m)

Figure 6. Test 1: 3 x 3 point array targets.

1.  Experiment Result Analysis

In the simulation, we utilize coprime sampling with seven equivalent phase centers
to synthesize an aperture of 364 in length by moving the radar in the azimuth direction.
The number of sampling points in the azimuth direction is 19, which can reduce the
antenna resources by nearly half compared to uniform sampling with the same aperture
size. Moreover, the 19 physical sampling points can generate 35 equivalent sampling points
to obtain more equivalent measurements, and the increase in measurements can more
effectively enhance the imaging’s robustness against noise. We conducted simulations with
the SNR at —10 dB, 0 dB, 10 dB, and 20 dB.

Figure 7 presents the results. The first column (Figure 7(a)-1,(b)-1,(c)-1,(d)-1) shows
that the RMA_Uniform method achieves relatively complete imaging results for the
3 x 3 point array targets. However, these results exhibit high sidelobe interference, strong
background clutter, and poor robustness to noise.

The second column (Figure 7(a)-2,(b)-2,(c)-2,(d)-2) displays the imaging results of
the I;_Sparse method. These results effectively suppress severe grating lobe interference
and background clutter, demonstrating that directly applying the /;_Sparse method can
achieve high-quality imaging results. However, as this approach focuses solely on the
strong scattering points within the target, it results in some isolated discrete points in the
output, which ultimately diminishes the overall imaging quality.

The last column (Figure 7(a)-3,(b)-3,(c)-3,(d)-3) shows the imaging results of the pro-
posed method. The results are comparable to those obtained using sparse sampling meth-
ods, with the added benefit of eliminating isolated discrete scattering points. Specifically,
background clutter is reduced, and grating lobe interference is suppressed, resulting in
a noticeable improvement in imaging accuracy and structure preservation. Even in the
low SNR scenario of —10 dB, most scatterers are well reconstructed, demonstrating the
effectiveness of the proposed method.

Additionally, Table 3 presents specific imaging metrics. Comparing the metrics of
PSNR, SSIM, and GMS, the RMA_Uniform method consistently performs the worst across
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all SNR levels. The proposed method under coprime sampling improves the PSNR by at
least 5.58 dB compared to RMA_Uniform method, and when the SNR drops to —10 dB, it
can enhance the PSNR by up to 16.94 dB, while also increasing the SSIM by around 0.8 and
GMS by around 0.8.

Compared to the /;_Sparse method, the proposed method further enhances the PSNR
by approximately 2 dB, increases the SSIM by about 0.1, and improves GMS by about 0.003,
demonstrating the superior robustness of our method against noise.

Table 3. PSNR, SSIM, and GMS of Test 1 results using different methods.

SNR Method PSNR SSIM GMS
RMA_Uniform 15.72 0.021 0.150

_10 I;_Sparse 30.67 0.623 0.984
Proposed Method 32.66 0.815 0.988

RMA_Uniform 22.67 0.027 0.142

0 I;_Sparse 32.24 0.777 0.992
Proposed Method 34.36 0.907 0.995

RMA_Uniform 26.85 0.054 0.149

10 I;_Sparse 30.37 0.787 0.991
Proposed Method 33.56 0.896 0.994

RMA _Uniform 27.72 0.082 0.171

20 I;_Sparse 32.06 0.850 0.991
Proposed Method 33.30 0.895 0.995

2. Resolution Analysis

In this section, we analyze the resolution of the above simulation experiment. For the
simulation scenes and experimental parameters in Figure 6 and Table 2, the theoretical
range resolution of the short-range imaging radar system is 6, = ¢/2B = 0.375 m, and the
azimuth resolution of the radar can be calculated as §; = AR/2L ~ 0.42 m, where A is the
carrier wavelength, R is the distance from the target to the radar, and L is the length of the
azimuth synthetic aperture. We measured the resolutions of three comparative methods:
RMA_Uniform, I;_Sparse, and the proposed method. The resolution was determined by
calculating the 3 dB mainlobe width of the reconstructed point targets. We average the
results from nine point targets to obtain the final resolution for each method.

The actual range resolutions for the three methods are 0.38 m, 0.2 m, and 0.23 m,
and the azimuth resolutions are 0.47 m, 0.23 m, and 0.25 m, respectively. These quantita-
tive results demonstrate the significant resolution improvement of the proposed method
compared to traditional RMA approaches. The proposed method achieves resolution com-
parable to sparse sampling, highlighting its effectiveness while providing a more structured
sampling pattern.

3.1.4. Experiment Result of Test 2 (Point Array with Varying Energy Levels)

This test involves three spherical metal targets with different scattering energies of
—10 dBsm, —20 dBsm, and —30 dBsm, as shown in Figure 8b. The imaging scene extends
1 m along the azimuth direction and 2 m along the range direction, with the center of the
scene located approximately 15 m from the radar. In the experiment, similarly, 27 repeated
periods are used to synthesize an aperture of 323 d, around 5 m. The radar operates at a
carrier frequency of 10 GHz with a bandwidth of 2 GHz. The used radar system is shown
in Figure 8a. The radar parameters are summarized in Table 4.
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Figure 7. Imaging results for Test Scene 1 with SNR levels of —10 dB, 0 dB, 10 dB, and 20 dB from
the first row to the last row, respectively. The columns show imaging results from RMA_Uniform,
I;_Sparse, and Proposed Method. The rows correspond to each SNR.
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Table 4. Radar parameters.

Parameters Values

Carrier frequency 10GHz

Bandwidth 2GHz
Aperture length 5m
Azimuth sampling points 163
Equivalent points 321

-10dBsm  -20dBsm

(b)
Figure 8. The imaging system and scene of Test 2. (a) The microwave short-range imaging radar
system used in Test 2 [7]. (b) Test 2: three point targets with varying energy levels.

In this set of experiments, we employ coprime sampling to synthesize an aperture 323d
in length with 163 sampling points in the azimuth direction. Similarly, compared to uniform
sampling with the same synthesized aperture length—which requires 13 equivalent phase
centers—we only need 7 equivalent phase centers, reducing antenna resources by nearly
half, as shown in Figure 3. Figure 9 presents the results obtained from the same imaging
scenario using the three different methods previously described.

6 0

1-10 -10
5.5

-20 -20
5

-30 -30
45

-40 -40

-50 1 -50

-0.5 0 0.5 -0.5 0 0.5

Azimuth (m) Azimuth (m) Azimuth (m)

Range (m)
Range (m)
Range (m)

-50

(@) (b) (©)
Figure 9. The imaging results of the point arrays with varying energy levels. (a) RMA_Uniform.
(b) I;_Sparse. (c) Proposed method.

It can be seen from Figure 9a that RMA_Uniform imaging clearly distinguishes the
three spheres, with the energy levels of the spheres decreasing sequentially by around
10 dB. However, this method results in significant background clutter. Figure 9b shows
the imaging results from /;_Sparse, which avoids severe grating lobe interference and
intense background clutter, enabling the clear distinction of the three targets with varying
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energy levels. However, it also results in the loss of the targets’ texture information. In
contrast, Figure 9c shows the results obtained by the proposed method. Both background
noise and grating lobe interference are effectively suppressed, providing a higher-precision
representation of the three spheres. The texture information of the spherical targets is
preserved, and the target energy is accurately estimated, demonstrating the effectiveness of
the proposed method.

Additionally, Table 5 presents the specific imaging metrics for each method. It is note-
worthy that the proposed method achieves the best results across all metrics, demonstrating
its superior capability in achieving high-quality imaging for short-range radar imaging of
simple spherical targets.

This test, similar to Test 1, focuses on point targets, but with a greater dynamic range
among the targets. The energy levels of the three spheres differ significantly, resulting in
a dynamic range of 20 dB between the strongest and weakest scatterers. This increased
dynamic range makes the imaging task more challenging, especially for the preservation
of weaker targets amidst stronger scatterers. As seen from the metrics, the proposed
method not only effectively preserves the intensity differences between the targets but also
maintains high robustness against noise, which is critical for the accurate interpretation of
such complex scenarios. This result validates the effectiveness of our method in handling
scenarios with larger dynamic variations compared to Test 1.

Table 5. PSNR, SSIM, and GMS of Test 2 with different methods.

Method RMA_Uniform I1_Sparse Proposed Method
PSNR 31.55 37.02 37.56
SSIM 0.275 0.796 0.947
GMS 0.919 0.985 0.988

3.1.5. Experiment Result of Test 3 (Controlled Layout with Complex Targets)

In this test, we increased the complexity of the imaging scenario by placing three
different objects in the scene: a small cart, a metal frame, and an iron plate. The imaging
scenario is shown in Figure 10b. The size of the imaging area is 4m x 10 m, with the
center of the scenario located 8 m away from the radar. The radar system used is shown
in Figure 10a. To synthesize an aperture of length 1023d , equivalent to around 2m, the
radar was moved along the azimuth direction while forming 511 sampling points using a
coprime sampling pattern. The carrier frequency of the radar is 78 GHz, with a bandwidth
of around 4 GHz. The relevant radar parameters are summarized in Table 6.

(@) (b)

Figure 10. The imaging system and scene of Test 3. (a) The millimeter short-range imaging radar

system used in Test 3. (b) Test 3: controlled layout with complex targets.
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Table 6. Radar parameters.

Parameters Values

Carrier frequency 78 GHz

Bandwidth 4GHz
Aperture length 2m
Azimuth sampling points 511
Equivalent points 1022

In this experiment, the complexity of the target layout aims to simulate a more realistic
scenario compared to Tests 1 and 2. By including objects of different sizes, shapes, and
material properties, this test evaluates the effectiveness of the imaging methods in capturing
diverse target characteristics and preserving the spatial structure of complex scenes. Such
conditions make it challenging to accurately reconstruct the imaging scene, especially when
dealing with targets with different components.

The imaging results of this scenario are shown in Figure 11. The three targets are
marked with white borders. Consistent with the experimental results from previous
scenarios, the traditional RMA imaging method exhibits severe interference, including
grating lobes and clutter, and shows weak robustness against noise. The /;_Sparse method
under sparse sampling results in many discrete strong scatterers, leading to the loss of
target profile and texture information, thus performing poorly in terms of imaging accuracy
and preservation of structural integrity.

Range (m)
Range (m)
Range (m)

-50

Azimuth (m) Azimuth (m) Azimuth (m)

(@) (b) (©)
Figure 11. The imaging results of the controlled layout with complex targets. (a) RMA_Uniform.
(b) I;_Sparse. (c) Proposed method.

In contrast, the proposed method achieves a more complete target profile and demon-
strates significant advantages in robustness to noise, imaging accuracy, and preservation of
structural integrity.

Figure 12 presents the details of the imaging results for these three targets. Figure 12(a)-14
show the optical image of the iron plate and the radar images produced by the three
different methods mentioned earlier. From Figure 12(a)-2, which corresponds to the
RMA_Uniform method, it can be observed that the backscattered echoes from the edges and
corners of the iron plate have strong scattering energy, which allows the main contours to
be clearly presented in the radar image. Figure 12(a)-3, representing the /;_Sparse method,
effectively suppresses background clutter but fails to accurately present the target contour
due to the inconsistent reconstruction of weaker scatterers.

In contrast, Figure 12(a)-4, which shows the results of the proposed method, demon-
strates higher imaging quality compared to the others. The target contour is clearly visible,
and both clutter and grating lobe interference are significantly reduced, providing a more
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accurate representation of the iron plate. This improved clarity and reduction in unwanted
artifacts highlight the superior capability of the proposed method in preserving structural
details and mitigating noise effects in the imaging process.

Figure 12(b)-1-4 present the optical and radar images of the metal frame. The radar
images reveal that the thinner column parts of the metal frame exhibit very weak scattering
energy, making them difficult to reconstruct accurately. However, the main structure of the
metal frame is reasonably well presented by some methods. Figure 12(b)-2, corresponding
to RMA_Uniform, still suffers from significant noise interference and clutter, resulting in a
loss of target detail and making the overall structure less discernible. Figure 12(b)-3, which
shows the results of the [;_Sparse, fails to retain the general shape of the target due to
inconsistencies in scatterer reconstruction, especially in the weaker parts.

(a)-2 (a)-3 (a)-4

(b)-3 (b)-4

(c)-3 ()4

Figure 12. The imaging results of the targets in Test 3. From top to bottom: target 1 (the iron plate),
target 2 (the metal frame), and target 3 (the small cart). The columns show the optical /radar images
and the results from RMA_Uniform, /;_Sparse, and the proposed method. The rows correspond to
each target.

In contrast, Figure 12(b)-4, which presents the results of the proposed method, shows
notable improvement in imaging quality. The clutter and grating lobe interference are
significantly suppressed, allowing the main structure of the metal frame to be accurately
represented. Although the thinner columns are still challenging to fully capture due to their
weak scattering, the proposed method provides the clearest overall structure compared to
other methods. These results highlight the superior capability of the proposed method in
preserving structural integrity, even in scenarios involving weak scatterers and complex
target configurations.

For the final target, the small cart consists of many discrete strong scatterers, and
the effectiveness of the proposed method is clearly verified in the last row of imaging
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results in Figure 12. The traditional RMA method fails to clearly represent the structure
of the cart. The strong scatterers appear highly fragmented and significant background
clutter is present, making it difficult to distinguish the true spatial distribution of the target.
The I;_Sparse method also struggles in this scenario, as the scatterers are inconsistently
reconstructed, leading to a loss of the overall profile of the cart.

In contrast, the proposed method shows a more coherent reconstruction, capturing
both the strong scatterers and the general shape of the small cart effectively. The back-
ground clutter is significantly suppressed, and the spatial arrangement of the scatterers is
maintained, which helps in preserving the integrity of the cart’s structure.

Table 7 lists the imaging metrics for the entire scenario using various methods. The
PSNR values for RMA_Uniform, /;_Sparse and the proposed method are 43.55, 47.99, and
46.98, respectively, with the proposed method outperforming the RMA_Uniform method
by approximately 3 dB. Although the /1-Sparse method achieves the highest PSNR metric,
the proposed method is only 1 dB lower. Moreover, in other experimental scenarios, the
proposed method consistently achieves the highest metrics. This still demonstrates the su-
periority of the proposed method in producing high-quality imaging results. Furthermore,
the proposed method achieves the highest metric in SSIM and GMS, which indicates the
best structural reconstruction of the image.

Table 7. PSNR, SSIM, and GMS of Test 3 with different methods.

Method RMA_Uniform I,_Sparse Proposed Method
PSNR 43.55 47.99 46.98
SSIM 0.289 0.815 0.938
GMS 0.518 0.957 0.966

3.1.6. Experiment Result of Test 4 (Real-World Parking Lot Scenario)

In the final test, we conducted an experiment in a real-world parking lot scenario,
shown in Figure 13b, with the center of the scene located 8 m away from the radar. The size
of the imaging area is 13m x 10m. A longer aperture is synthesized by moving the radar
in the azimuth direction. Two segments of data are selected from this for imaging, and in
each segment, the length of the synthesized aperture is 0.2 m, with 103 sampling points in
the azimuth direction. The specific radar parameters are listed in Table 8. The radar system
used is shown in Figure 13a.

scene 2

(@) (b)
Figure 13. The imaging system and scene of Test 4. (a) The millimeter short-range imaging radar
system used in Test 4. (b) Test 4: real-world parking lot scenario. And boxes A, B, C and D indicate
the main targets in the scenes.
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Table 8. Radar parameters.

Parameters Values
Carrier frequency 78 GHz
Bandwidth 4GHz
Aperture length 0.2m
Azimuth sampling points 103
Equivalent points 204

Figure 14 presents the experimental results of the first segment of measured data. It
is evident from the results that the proposed method has distinct advantages in terms of
image quality. To analyze the details of the imaging results, we have highlighted the main
targets in the scene using bounding boxes. Boxes A and B indicate the two cars in the
parking lot. By examining the reconstruction of the targets within these boxes, it can be seen
that the RMA_Uniform method roughly captures the target contours and structural features.
However, there is significant clutter in the background, which blends with weaker target
edges, such as the side edges of cars, weakening the contour information and reducing
clarity. Additionally, the strong background clutter significantly impacts imaging accuracy

and quality.
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Figure 14. The imaging results of the first scene. (a) RMA_Uniform. (b) /;_Sparse. (c) Proposed method.

In Figure 14b, which represents the /;_Sparse method, there is a reduction in grating
lobes compared to Figure 14a, but only the strong scattering points remain. Furthermore,
some target contour information within Box B is filtered out, resulting in an incomplete
representation of the target.

In contrast, Figure 14c, which shows the results of the proposed method, achieves
higher precision with more complete target structures, offering the best imaging quality
among the three methods. The target contours are clearly defined, and background clutter
is effectively suppressed, allowing for a more accurate depiction of the vehicles.

Boxes C and D highlight the shrubbery in the parking lot, which has weak scattering
energy and a short extent in the range direction. In the results of Figure 14a,b, the shrubbery
is either obscured by background clutter or reconstructed as isolated points, failing to retain
the true structure. However, the results from Figure 14c using the proposed method
manage to preserve the complete structure of the shrubbery while effectively mitigating
noise. This demonstrates the superior capability of the proposed method in reconstructing
weak scatterers with complex backgrounds.

The PSNR, SSIM, and GMS metrics for this scenario are listed in Table 9. The proposed
method outperforms the /;_Sparse method by approximately 3 dB, indicating a significant
improvement in the signal-to-noise ratio. And the proposed method achieves the highest
SSIM, which reflects better structural similarity to the reference image. The GMS values
show that the proposed method also has the highest metric, which further validates its
superiority in preserving structural information and mitigating noise in the imaging results.
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Table 9. PSNR, SSIM, and GMS of the first scene with different methods.
Method RMA_Uniform l;_Sparse Proposed Method
PSNR 40.44 46.19 49.35
SSIM 0.414 0.665 0.937
GMS 0.753 0.965 0.987
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Figure 15 presents the imaging results of another segment of measured data, where
Boxes A, B, and C represent three vehicles in the parking lot, and Box D highlights the shrub-
bery present in the scene. The imaging results obtained from RMA_Uniform, [;_Sparse,
and the proposed method are shown in Figures 15a, 15b, and 15¢, respectively.

By analyzing the imaging accuracy and structural integrity of the image contours, it
is evident that the proposed method provides the highest imaging quality. In Figure 15a,
corresponding to RMA_Uniform, the vehicle contours are visible, but there is significant
background clutter that mixes with weaker parts of the vehicles, such as side edges and
less prominent features. This mixing weakens the clarity of the target contours, resulting in
a reduction in the overall imaging accuracy.
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Figure 15. The imaging results of the second scene. (a) RMA_Uniform. (b) I;_Sparse. (c) Proposed
method.
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Figure 15b, using the /;_Sparse method, shows some improvement in reducing grating
lobes compared to RMA_Uniform, but only the isolated strong scattering points remain.
Some portions of the vehicles, particularly those in Boxes A and C, are either incorrectly
reconstructed or filtered out, leading to a fragmented representation. Additionally, the
shrubbery in Box D appears as a series of isolated points rather than a continuous structure,
indicating that weak scatterers are not well preserved.

In contrast, Figure 15c, which shows the results of the proposed method, demonstrates
significantly better imaging quality. The contours of all three vehicles are clearly recon-
structed, with minimal background clutter. The proposed method effectively suppresses
grating lobe interference, allowing for a clear distinction between the vehicles and the
surrounding area. Additionally, the structural details of the shrubbery in Box D are well
preserved, appearing as a continuous structure rather than isolated scatterers. This capabil-
ity to reconstruct both strong and weak scatterers accurately highlights the robustness of
the proposed method in maintaining both target integrity and image quality.

Table 10 lists the metrics of the imaging results for this scenario. The PSNR metrics
indicate that the proposed method achieves the highest signal-to-noise ratio, outperforming
the [;_Sparse method by approximately 1.3 dB. And the proposed method achieves the
highest SSIM, which reflects its superior ability to preserve the structural similarity of
the scene compared to the reference. The GMS values demonstrate that the proposed
method maintains the sharpness and structural integrity of the image, particularly in
complex scenes with weak scatterers. Overall, the proposed method demonstrates its
effectiveness in providing high-quality imaging with minimal interference and accurate
structural reconstruction.
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Table 10. PSNR, SSIM, and GMS of the second scene with different methods.

Method RMA_Uniform l;_Sparse Proposed Method
PSNR 41.39 46.02 47.37
SSIM 0.375 0.621 0.951
GMS 0.745 0.972 0.950
3.2. Ablation Study

In this section, we conduct an ablation study on the proposed method to validate
the effectiveness of each of its components. Our proposed method is built on three core
perspectives: physical sampling, equivalent signal measurement, and scene reconstruc-
tion. Among these, physical sampling refers to the actual radar sampling pattern, while
equivalent signal measurement and scene reconstruction are components of the proposed
imaging algorithm. In the ablation study, we focus on verifying the signal measurement
and scene reconstruction components of the imaging method, indicating the effectiveness
of the proposed processing method.

We perform a series of incremental experiments, where each core component is se-
lectively excluded, and the resulting performance is compared with the method of the
complete modules. Specifically, the first row of Table 11 represents the three core concepts
of the proposed method, while the subsequent three rows correspond to the three methods
included in the ablation study. In the table, check marks (v) and crosses (X) are used to
indicate the presence or absence of each component in the respective methods. These three
methods are introduced as follows:

1.  Method 1: Range Migration Algorithm with Coprime Sampling (RMA_Coprime)

This method applies the range migration algorithm to coprime sampling conditions,

operating on the raw measured signal domain.

2. Method 2: Range Migration Algorithm with Equivalent Measurement from Coprime

Sampling (RMA_Equivalent)

This method utilizes the range migration algorithm to the equivalent measurement

signal from coprime sampling, implementing it in the equivalent domain of the

measured signal.
3. Method 3: Proposed Method
The proposed method operates in the equivalent domain of the measured signal,
focusing on both strong point scatterers and background textures to achieve a more
comprehensive reconstruction.
Table 11. Ablation study on component contributions.
Method Physical Sampling qu\ljllvalent Signal Scene Reconstruction
easurement
RMA_Coprime v X X
RMA _Equivalent v v X
Proposed Method v v v

We select the most complex parking lot scenario for the ablation study, specifically
Scenario 1 in Test 4. The ablation results are shown in Figure 16.

Figure 16a, which shows the results of the RMA_Coprime method, exhibits strong
grating lobe interference, where severe lobes drown out the target contours, making the
targets nearly indistinguishable. In Figure 16b, which represents the RMA_Equivalent
method, the severe grating lobes are eliminated, leaving more uniformly distributed clutter
and sidelobes that are more easily suppressed through sparsity based methods. However, if
we adopt the sparsity-based method directly in the raw measured data, the strong grating
lobes cannot be filtered out. In conclusion, compared with the experimental results of the
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Figure 16. The imaging results of the first scene in Test 4. (a) RMA_Coprime. (b) RMA_Equivalent.
(c) Proposed method.
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Then, we compare the results of the proposed method with the other two methods.
Figure 16¢ successfully suppresses the intense grating lobes and clutter interference while
preserving the structure and texture details of the targets, delivering the most complete
and high-quality imaging results. By incorporating all three core components, Figure 16¢
demonstrates the effectiveness of equivalent signal measurement and scene reconstruction
when compared to Figure 16a. Additionally, when comparing it with Figure 16b, the
remaining clutter and sidelobes in the imaging results are significantly reduced with the
proposed component of the scene reconstruction. This highlights the critical importance of
the scene reconstruction component.

Table 12 presents the results of the three methods involved in the ablation study in
terms of PSNR, SSIM, and GMS imaging metrics. The results clearly show that the proposed
method, which incorporates all three core components, achieves the highest metrics, thereby
demonstrating its effectiveness. In contrast, RMA_Equivalent has the lowest imaging
metrics and shows no improvement over RMA_Coprime, which is because significant
clutter remains in the imaging results. However, as observed from the visualization results
in Figure 16a,b, the equivalent signal measurement component effectively reduces grating
lobe interference, facilitating the reconstruction of higher-quality imaging results.

Table 12. PSNR, SSIM, and GMS of the first scene with different methods.

Method RMA_Coprime RMA _Equivalent Proposed Method
PSNR 40.44 35.29 49.35
SSIM 0.414 0.130 0.937
GMS 0.753 0.624 0.987

3.3. Computational Complexity Analysis

In this section, we analyze the computational complexity of the proposed method.
Specifically, we analyze the computational complexity of the three comparative methods.
Assuming M, represents the number of imaging grids in the range direction and N,
represents the number of imaging grids in the azimuth direction. As all methods have
the processing in the range direction, our analysis focuses primarily on the computational
complexity of processing in the azimuth direction.

1. RMA_Uniform:
For the RMA with uniform sampling, the primary computational steps involve FFT
and IFFT operations. Consequently, the computational complexity of RMA_Uniform
is mainly determined by performing 2D FFT and IFFT on a matrix of size M; x N,
resulting in a complexity of O(M;N,log,N,).

2. |j_Sparse:
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For sparse sampling based on sparsity regularization, we assume the sampled points
in the azimuth direction is K. The reconstruction process consists of iterations of
two steps: gradient descent and soft-thresholding. The computational complexity of
gradient descent is O(KM;N,) and that of soft-thresholding is O(M;N,). Assuming
the algorithm requires I iterations, the overall computational complexity of sparse
sampling is O(IKM,;N,).

Proposed Method:

The proposed method consists of two parts: equivalent measured signal construction
and scene reconstruction. Therefore, the computational complexity is analyzed for
these two components:

(1) Equivalent measured signal construction: the main computational cost in this
part arises from the calculation of the covariance matrix. For the echo matrix Y
with dimensions K x M,, the computation of YY! has a complexity of O(K?>M,).
Additionally, operations such as zero-padding the matrix and averaging the non-zero
diagonal elements have a complexity of O(KM;), which is negligible compared to
O(K?M,). As a result, the computational complexity of this part is O(K?M, ).

(2) Scene reconstruction: Similarly, for the part of scene reconstruction, it consists of
iterations of different steps. Notably, instead of performing matrix multiplications
at each iteration, we transform these operations into a combination of FFT, IFFT,
and a multiplication with the extraction matrix, as shown in Equation (17). The
computational complexity of the scene reconstruction part is primarily determined by
the FFT operation and multiplication with the extraction matrix. The complexity of
performing FFT on a matrix of size M, x N, is O(M;N,log,N,). The multiplication
with the extraction matrix extracts K rows from the FFT-transformed matrix, with a
complexity of O(KM,), which is negligible compared to FFT. Assuming the processing
iterates I times, the overall complexity of the scene reconstruction is O(IM;N,log,N,).
In summary, since multiple iterations are needed, the complexity of the first part
O(K?2M,) becomes negligible compared to the second part. Therefore, the total
complexity of the proposed algorithm is O (IM;N,log,N,).

In summary, the computational complexity analysis highlights key differences between

the methods. RMA_Uniform has the lowest complexity, O (M, N,log,N,), due to simple
FFT and IFFT operations, making it efficient for uniform sampling. /;_Sparse has a higher
complexity, O(IKM;N,), due to iterative gradient descent and soft-thresholding. The
proposed method achieves an efficiency improvement, O(IM,N,log,N,), by effectively
combining FFT operations and extraction matrix multiplications. This balance ensures high
efficiency while handling non-uniform or sparse data.

Additionally, we conducted a real-time performance test in Scenario 1 of Test 4, with

the results presented in Table 13. From the results, it can be observed that the traditional
RMA imaging method has the shortest runtime, while the sparse sampling approach
requires the longest due to extensive matrix multiplication computations. In contrast, the
proposed method achieves a runtime shorter than that of the sparse sampling method,
demonstrating its relative advantage in terms of computational efficiency.

Table 13. Computational complexity analysis.

Method Computational Complexity Runtime
RMA_Uniform O(M;Nlog,N;) 0.09s
l;_Sparse O(IKM;N,) 1.1s
Proposed Method O(IMyN,log,N;) 0.8s

4. Discussion

In this section, we systematically discuss the principles, practical implementations,

and comparative advantages of coprime sampling, followed by an exploration of advanced
signal processing strategies and future extensions. We begin by examining the practical
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implementations and analyze coprime sampling in comparison with randomly sparse
sampling methods. Moving forward, we discuss robust scene reconstruction techniques
leveraging equivalent signal processing, with a particular focus on preserving background
textures. Finally, we explore the potential for extending coprime sampling to 3D imag-
ing scenarios.

4.1. Practical Implementations of Coprime Sampling

Our experiments were conducted on four test scenes using multiple periods of a basic
coprime sampling pattern, with coprime numbers set to 3 and 5, as illustrated in Figure 3.
The rationale for employing multiple periods of a basic coprime sampling unit is tied
to improving imaging quality, particularly resolution—a central focus of recent research.
From a resource efficiency perspective, even a single period of coprime sampling can
enhance imaging quality when sampling resources are limited. However, the quality gains
achieved with a single period are not comparable to those with multiple periods. With the
shorter aperture length of a single period, targets in the scene are likely to deteriorate into
individual scatterers due to lower resolution. Therefore, we prefer the approach of multiple
periods of coprime sampling.

For the last three sets of measured data, we acquired the original data through motion
synthesis with a single antenna (Test 2) or a MIMO antenna array (Tests 3 and 4), forming a
uniform sampling pattern. These systems were not initially designed for such experiments.
To align with our study’s objectives, we extracted the experiment data from the original
measurements following the coprime sampling pattern based on the equivalent phase
center principle.

A key future goal remains to develop a dedicated system capable of direct coprime
sampling. Physically implementing such sampling patterns presents two primary options:
(1) cascading multiple multichannel arrays, where each array represents a basic coprime
unit, or (2) motion synthesis of a single array. The former requires a larger installation
space and is more suitable for platforms such as vehicles or rail-based systems, while
the latter may be more fitting for platforms like robots or unmanned aerial vehicles. In
practice, challenges such as maintaining channel balance and achieving precise motion
compensation are crucial aspects that may impact the system’s reliability and accuracy.
Channel-balancing issues could arise due to mismatched gain and phase responses among
different channels, leading to image artifacts and decreased resolution [63,64]. Motion-
compensation challenges stem from the need to precisely align the movement of sensors or
antennas, as even small inaccuracies can distort the reconstruction [65]. Addressing these
challenges is essential for ensuring consistent performance. Thus, a deeper investigation
into robust calibration and compensation methods would be an important direction for
future research.

4.2. More Advanced Layouts of Coprime Sampling

As illustrated in Figure 3, the entire layout of the coprime sampling pattern comprises
two sub-patterns, corresponding to the two coprime numbers, 3 and 5, respectively. In this
arrangement, the first sampling point located at position 0d is shared by both sub-patterns.
This configuration can also be interpreted as the two sub-patterns being aligned head-to-
head, often referred to as the prototype coprime configuration in traditional array signal
processing contexts.

From the perspective of sub-pattern displacement, there is no offset between the two
patterns in this configuration. However, more generalized layouts of coprime sampling
can be realized by introducing adjustments to the displacement between the two sub-
patterns [42]. This opens up possibilities for diversifying the overall sampling patterns,
which remains an area of potential exploration in future work.
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4.3. Comparison with Randomly Sparse Sampling

From a resource efficiency perspective, coprime sampling allows us to achieve high-
quality imaging results while conserving about 50% of sampling resources. This approach
balances resource utilization and image quality effectively. Although current randomly
sparse sampling strategies may offer greater resource savings [3,6,12], these advantages
are often outweighed by implementation challenges. As discussed earlier, random sam-
pling patterns can complicate hardware design and implementation, increasing system
complexity. In contrast, coprime sampling provides a structured approach that main-
tains regularity, enabling more straightforward system design and implementation while
still offering substantial resource savings. This trade-off between resource efficiency and
practical implementation makes coprime sampling an attractive option for short-range
radar imaging.

4.4. Background Texture-Preservation Strategies

In the design of the scene reconstruction method, preserving the background texture
around the target is a priority to facilitate the interpretation of imaging results in short-
range radar scenarios. These background textures often provide weak contours that
supplement the information of strong scatterers in the domain. Our current approach for
background texture preservation involves a dedicated modification of the reconstruction
steps based on the original proximal-gradient algorithm, which utilizes an /1-based sparsity
regularization term.

Looking forward, more targeted regularization terms can be incorporated to specifi-
cally preserve background textures. For instance, given that continuity, smoothness, and
regularity are common characteristics of background textures (often forming regular geo-
metric patterns like lines and planes), mathematical regularizers such as the total-variation
norm or low-rank norm could be introduced [38,39,66]. This would help in forming a new
optimization problem for scene reconstruction, solved using methods like the Alternating
Direction Method of Multipliers (ADMM) [56].

However, compared to the current /1-based sparsity regularization term, these ap-
proaches could significantly slow down the solving process. A promising alternative
could be exploring the integration of regularization capabilities derived from deep neu-
ral networks to enhance both the efficiency and effectiveness of texture preservation in
future work.

4.5. Another Perspective for Equivalent Measured Signal Processing

In this study, we establish an equivalent forward measurement process by utilizing the
second-order statistical information of the original measured signal. This equivalent signal
encapsulates the energy distribution of the target within the imaging scene, enabling us to
form a sparsity-based regularization model for imaging. However, it is worth considering
that there may be alternative methods to process this equivalent signal.

One such alternative involves addressing the missing data points, or “holes”, in
the equivalent measured signal. These missing points result from the non-uniformity
compared to a fully uniformly sampled signal. A possible approach is to treat these holes
as an optimization problem, employing low-rank properties as a regularization term to fill
in the gaps and obtain an equivalent signal with a uniform sampling pattern [67-70]. Once
filled, this completed signal can be processed using traditional matched-filter-based scene
reconstruction methods like RMA.

However, we choose not to pursue this two-step approach for several reasons. Firstly,
solving the optimization problem to fill the holes efficiently is computationally intensive
and challenging. Secondly, after filling the holes, traditional matched-filter-based methods
inevitably introduce non-ideal factors, such as sidelobes, which can degrade the imaging
quality. Therefore, instead of this two-step process, we adopt a one-step approach where
we directly use the equivalent measured signal to reconstruct the scene.
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An additional factor to consider is the reliability of the equivalent signal obtained
through covariance matrix estimation. In theory, estimating the covariance matrix requires
a large number of samples to achieve high accuracy. In practice, however, the number of
available samples is often limited. In our study, we mitigate this limitation by leveraging
local similarities in adjacent range units and exploiting the diagonal samples’ correlation
in the covariance matrix. Even with these measures, there are unavoidable errors in the
estimation, resulting in a noisy equivalent measured signal.

Given the inherent noise and errors in the equivalent signal, adopting a regularization-
based imaging model with a sparsity regularization term becomes more advantageous.
Such a model offers better resistance to noise and can handle the inaccuracies in the
equivalent signal more effectively than traditional methods. This rationale underpins our
decision to use the one-step processing approach in this study.

4.6. Extending Coprime Sampling to 3D Imaging Scenarios

It is natural to extend coprime sampling to 3D imaging scenarios, which could offer
even more significant benefits compared to the current 2D case. Current 3D imaging
typically relies on a 2D imaging aperture, where the additional dimension is often formed
through time-consuming motion synthesis [11]. By adopting coprime sampling, we could
potentially reduce the required sampling points in this dimension by approximately half,
significantly decreasing imaging time and enabling higher imaging frame rates.

4.7. Extending Coprime Sampling to Complex Environments

Our study is currently preliminary, focusing mainly on introducing coprime sampling
to short-range radar imaging. In real-world applications, dynamic environments present
additional challenges to the imaging process. Moving targets, for example, can cause
Doppler shifts that lead to phase errors in the measured signal. These errors distort the
equivalent signal and affect imaging results. To address this, we could explore advanced
signal processing techniques like motion compensation and phase error correction to
enhance the imaging method’s robustness in dynamic scenarios [65]. Beyond dynamic
environments, other challenges exist, such as the multi-path effect from the ground, which
causes strong interference and clutter, adding complexity to the imaging process. Future
research could integrate advanced signal processing techniques, including multi-view
processing, to address these challenges and improve coprime sampling performance in
complex environments [47]. Additionally, the imaging scene’s swath warrants further
study, as our current work focuses on a limited swath. Extending to a larger swath could
provide more comprehensive imaging results through techniques like high-resolution and
wide-swath SAR (HRWS-SAR) [71].

5. Conclusions

In this study, we explored the application of coprime sampling in short-range imaging
radar to address the resource constraints and implementation challenges faced by tradi-
tional sampling techniques. Our approach leveraged the structured and resource-efficient
nature of coprime sampling to extend the effective aperture size while minimizing the
number of physical sampling elements. By forming a new equivalent measurement model
based on second-order statistical information, we established a robust imaging framework
that effectively balances target resolution, signal-to-noise ratio, and resource efficiency.

We demonstrated that coprime sampling offers a practical alternative to existing
uniform and sparse sampling methods by creating a structured yet sparse pattern that
simplifies implementation and enhances imaging performance. Additionally, our novel
scene reconstruction approach successfully preserved background textures while enhanc-
ing target resolution, showcasing its potential for real-world short-range radar applications.
Our experimental results validated the effectiveness of this method across various sce-
narios, revealing significant improvements in image quality and resolution compared to
traditional techniques.
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However, challenges like precise calibration, motion compensation, and handling
noisy equivalent measurements warrant further investigation to ensure consistently high-
quality results. Future directions include refining the measurement model for dynamic
environments, integrating advanced regularization techniques for texture preservation,
and extending coprime sampling to 3D scenarios, thereby enhancing the versatility and
reliability of short-range radar systems in applications like autonomous navigation, security
screening, and environmental monitoring.
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