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Abstract: Airborne radar forward-looking imaging holds significant promise for applications such
as autonomous navigation, battlefield reconnaissance, and terrain mapping. However, traditional
methods are hindered by complex system design, azimuth ambiguity, and low resolution. This paper
introduces a distributed array collaborative, forward-looking imaging approach, where multiple
aircraft with linear arrays fly in parallel to achieve coherent imaging. We analyze signal model
characteristics and highlight the limitations of conventional algorithms. To address these issues,
we propose a high-resolution imaging algorithm that combines an enhanced missing-data iterative
adaptive approach with aperture interpolation technique (MIAA-AIT) for effective signal recovery in
distributed arrays. Additionally, a novel reference range cell migration correction (reference RCMC)
is employed for precise range–azimuth decoupling. The forward-looking algorithm effectively
transforms distributed arrays into a virtual long-aperture array, enabling high-resolution, high signal-
to-noise ratio imaging with a single snapshot. Simulations and real data tests demonstrate that
our method not only improves resolution but also offers flexible array configurations and robust
performance in practical applications.

Keywords: airborne forward-looking radar; distributed coherent aperture radar (DCAR); range cell
migration correction (RCMC); iterative adaptive approach (IAA); missing data recovery

1. Introduction

Airborne forward-looking radar imaging technology provides high-resolution, all-
weather, long-range imaging capabilities, making it ideal for precision guidance, battlefield
reconnaissance, and terrain mapping [1–5]. Given its broad range of practical uses, this
technology is increasingly becoming a focal point in radar imaging research. Tradition-
ally, radar imaging techniques like monostatic synthetic aperture radar (SAR) [6,7] and
Doppler beam sharpening (DBS) [8,9] are primarily designed for side-looking areas along
the flight trajectory. These methods utilize Doppler information generated by the relative
movement between the radar platform and the target to achieve high azimuth resolution.
However, in forward-looking scenarios, these conventional techniques face considerable
challenges. Targets aligned symmetrically along the flight path share identical Doppler his-
tories, and the forward-looking region experiences a minimal Doppler frequency gradient,
complicating the attainment of high-resolution, unambiguous azimuth imaging [10] .

Several innovative techniques have been explored to enhance azimuth imaging per-
formance in forward-looking regions. Monopulse forward-looking imaging estimates the
target’s angle by comparing signal differences across multiple antennas [11]. This technique
provides accurate angular resolution for isolated strong targets within the beam, but its
performance declines when multiple targets are present, as signals from different targets
interfere with each other, making it difficult to resolve them simultaneously. On the other
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hand, real beam scanning involves mechanically or electronically steering the radar beam
across the forward-looking region to gather two-dimensional images [12]. This method,
commonly used in systems like the APN-241 radar, is straightforward and provides real-
time imaging capabilities. However, its resolution deteriorates rapidly as the distance
to the target increases. To address the limitations of real beam scanning, large-aperture
array imaging uses multiple antennas arranged along the flight path, effectively increasing
the aperture and enhancing angular resolution, and is known as forward-looking array
SAR [13–15]. This method significantly improves resolution. However, the size and weight
constraints of airborne platforms limit the physical aperture that can be achieved, and thus
the full potential of this method remains restricted.

Another promising approach is bistatic forward-looking SAR, which separates the
transmitter and receiver platforms, creating a larger virtual aperture that enhances res-
olution [16–19]. By avoiding the alignment issues between range and Doppler gradient
directions, bistatic SAR enables unambiguous imaging in forward-looking regions. How-
ever, this technique demands precise synchronization between the platforms, and the
complexity of motion compensation remains a significant challenge.

Super-resolution techniques have been widely studied to improve forward-looking
radar imaging resolution. Inverse filtering recovers high-frequency details but is sensitive
to noise, leading to instability in low SNR environments [20,21]. In contrast, Bayesian
super-resolution techniques offer a more robust alternative by incorporating statistical
priors about the target and noise distributions [22,23]. Regularization techniques, such as
Tikhonov and sparse regularization, stabilize the inversion process, with sparse methods
preserving sharp edges [24,25]. Additionally, spectral estimation methods like MUSIC and
Capon beamforming can resolve targets beyond the Rayleigh limit but require multiple
snapshots, which is challenging for fast-moving platforms. The iterative adaptive approach
(IAA) mitigates this limitation by enabling effective imaging with fewer samples [26,27].

Analysis of existing forward-looking methods reveals that increasing azimuth aperture
length is a crucial strategy for enhancing imaging performance. However, platform payload
constraints make achieving a sufficiently long azimuth aperture with a single airborne
platform challenging. Fortunately, recent research has proposed distributed coherent aper-
ture radar (DCAR) systems to overcome the limitation, offering valuable insights [28–32].
As a novel radar architecture, distributed coherent aperture radar disperses multiple
apertures spatially and synthesizes electromagnetic wave energy in space, significantly
enhancing radar system detection range and measurement precision. In [30], experiments
using distributed X-band phased array radar to track aircraft targets demonstrated a 9 dB
improvement in the signal-to-noise ratio. Additionally, employing sparse reconstruction
algorithms in FMCW-based vehicular multi-transmit and multi-receive (MIMO) distributed
radar imaging has proven effective in enhancing forward-looking imaging resolution for
vehicles [32].

In distributed coherent radar systems, precise time, phase, and frequency synchro-
nization is essential for proper subarray operation, as any discrepancies degrade imaging
and detection performance [33]. Synchronization methods are categorized into hardware-
and software-based solutions [34]. A common hardware approach is the self-mixing circuit
using a two-tone waveform, which ensures high-precision synchronization but increases
system complexity and depends on a master node [35,36]. In contrast, software methods,
such as GPS-based solutions, are more flexible, using digital processing to achieve high
precision without extra hardware [37,38]. In this study, synchronization is achieved using
GPS, BeiDou, and rubidium atomic clocks, providing a time accuracy better than 2 ns,
frequency stability better than 8 × 10−12/s, and phase noise below −157 dBc@1KHz. These
values are also used as settings in the subsequent simulation tests.

In addition to system synchronization, the impact of platform motion errors must
be considered in distributed airborne systems. Platform motion errors can cause phase
center shifts among array elements and beam pointing deviations, leading to significant
defocusing in the final cooperative imaging results. Motion compensation is essential and
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varies across forward-looking imaging models. For instance, bistatic SAR models use a two-
step compensation to correct range-independent and range-dependent errors [39], while
single-array systems rely on motion measurement information for error modeling and
compensation [40]. For the current model, existing algorithms are insufficient, but single-
array compensation methods can be applied first, followed by inter-array error correction.
The inter-array error correction can draw upon relevant compensation algorithms used in
distributed coherent radar systems. For coherent distributed array imaging with unknown
position perturbations, reference [41] used sparse constraints and data consistency analysis
for phase error compensation, progressively correcting antenna position deviations to
restore clear target images despite significant disturbances.

In light of these advancements, this paper proposes a new imaging model in which
multiple airborne platforms equipped with linear arrays collaboratively image the forward
region. This model significantly diverges from existing airborne imaging models by in-
troducing the concept of the distributed coherent aperture into airborne forward-looking
imaging. The primary differences include the discontinuity issues in azimuth signals
sampled by the distributed array and the unique range migration characteristics of this
system. For azimuth signals from distributed arrays, spatial sampling by distinct arrays
on the same target is discontinuous and presents considerable gaps. Traditional focusing
methods and range cell migration correction techniques are not applicable to this model,
and thus fail to achieve high-resolution forward-looking imaging results. To address these
challenges, we first propose a novel range cell migration correction method called refer-
ence RCMC, which is specifically designed for distributed coherent array collaborative
imaging. By implementing stepwise correction based on a reference array, the impact
on subsequent algorithms for predicting discontinuous signals is reduced. Building on
this foundation, we treat the azimuth discontinuity in distributed arrays as a signal with
missing samples problem. For this issue, considering the impact of platform jitter, directly
applying methods such as compressed sensing for sparse imaging in a distributed array
system yields suboptimal results. Fortunately, the signals from each subarray are relatively
stable. Thus, the MIAA algorithm can be individually applied to each subarray for pre-
dictive extrapolation of azimuth gaps [42,43]. Subsequently, aperture extrapolation and
interpolation techniques are used to perform weighted superposition of the extrapolated
results from different arrays, effectively predicting and filling in the missing signals to
form a long-aperture virtual array [44]. Upon completing the aforementioned operations,
traditional SAR algorithms and distortion correction are finally employed to achieve stable,
high-resolution joint imaging of the distributed array. Simulation and experimental results
demonstrate that this method can achieve high-resolution, forward-looking imaging with a
distributed array system. The main contributions of this paper are summarized as follows:

1. Proposal of a novel airborne distributed array collaborative, forward-looking imaging
model, offering a new perspective for forward-looking imaging methods.

2. Development of a new forward-looking imaging algorithm for this model. The algo-
rithm transforms the distributed array imaging problem into a signal sampling loss
recovery problem. Utilizing the improved MIAA-AIT algorithm, it converts the dis-
tributed array sampling signals into virtual long-aperture sampling signals, effectively
enhancing the signal-to-noise ratio and achieving high-resolution forward-looking
imaging in a single snapshot.

3. Introduction of a new range cell migration correction technique for distributed array
echoes, achieving effective range–azimuth decoupling without azimuth signal distortion.

The structure of this paper is organized as follows. Section 2 introduces the geometric
configuration and signal model of the distributed array collaborative, forward-looking
imaging system. Section 3 elaborates on the proposed image algorithm, incorporating a
novel range cell migration correction method, a specific approach for reconstructing gapped
azimuth signals, and the subsequent azimuth focusing process. In Section 4, we present
and thoroughly discuss the results from both simulation-based and real-data experiments.
Section 5 concludes the paper with a summary of our work and key findings.



Remote Sens. 2024, 16, 3991 4 of 33

2. Analysis of Geometric Configuration and Signal Model

This section introduces the geometric configuration of the distributed array collab-
orative imaging system and the transmit–receive signal model. Based on this analysis,
the paper elaborates on issues that traditional algorithms fail to address. These primarily
include the discontinuity issues in signals from the distributed array and this system’s
unique range cell migration characteristics.

The geometric configuration of the distributed array collaborative, forward-looking
imaging system is depicted in Figure 1. In this arrangement, several aircraft, each equipped
with transmit–receive linear arrays, fly in parallel along the X-axis at a constant velocity,
V. The aircraft maintains a flight altitude of H. The central array is designated as the
reference array, with the ground projection of its aperture center marked as the origin,
O. The distributed arrays are aligned along the Y-axis, each characterized by a uniform
length, L, and inter-array spacing, D. In this configuration, the beam center of each array is
directed forward and downward, ensuring collective coverage of a common ground area.
This setup facilitates collaborative imaging by multiple arrays, enhancing the system’s
imaging capabilities over the targeted region.

Figure 1. Geometric configuration of the system.

2.1. Geometric Configuration

In this study, each linear array element adopts a “dual-antenna transmission with
N-antenna reception” configuration arranged along the Y-axis. The transmitting antennas
are positioned at both ends of the array, while the receiving elements are uniformly dis-
tributed along it with an element spacing of d. The total aperture length of the antenna
array is denoted as L. Each array independently receives signals it transmits, and multiple
arrays achieve signal separation through Time Division Multiplexing (TDM) [45,46]. When
the pulse repetition frequency (PRF) is sufficiently high, this arrangement allows for what
can be considered simultaneous sampling of the forward-looking region by each array.

The phase center approximation (PCA) method is employed to simplify the complex
multi-transmit and multi-receive radar structure [47–49]. By applying appropriate com-
pensations, PCA effectively transforms the MIMO radar’s multi-receive–transmit array
structure into an equivalent monostatic configuration, where the transmit and receive
antennas are assumed to be colocated, as depicted in Figure 2a. This simplified model’s
effective aperture length remains L, and the element spacing is adjusted to d. Figure 2b
illustrates both the actual configuration of the array and the equivalent virtual array config-
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uration achieved through PCA. All subsequent analyses and experiments presented in this
paper are based on this simplified configuration.

(a) (b)

Figure 2. Analysis of the single-array configuration. (a) Demonstration of equivalent antenna
transformation. (b) Configuration of actual array and equivalent virtual array.

2.2. Signal Model

The radar system employs the most commonly used linear frequency modulation
(LFM) signals in the radar imaging field:

s(t̂) = rect
(

t̂
Tp

)
· exp

[
j2π

(
fc t̂ +

Kr

2
t̂2
)]

(1)

where rect() represents the rectangular window function, t̂ indicates the radar’s fast time,
fc is the carrier frequency, Tp is the pulse width of the linear frequency modulation signal,
and Kr specifies the chirp rate of the LFM signal.

After each array receives the reflected echo from target P, the central array is selected
as the reference. The echo of the central reference array can be expressed as:

sre f (t̂, tm) = σp rect
(

tm

TL

)
rect

 t̂ − 2Rp(tm)
c

Tp


× exp

{
j2π

[
fc(t̂ −−

2Rp(tm)

c
) +

Kr

2
(t̂ −

2Rp(tm)

c
)2
]} (2)

where σp represents the echo amplitude related to the target’s backscattering coefficient.
The variable tm signifies the equivalent azimuth slow time and the first rectangular window
function related to tm represents the azimuthal element sampling of the central reference
array. TL signifies the array length in terms of azimuth time, satisfying TLVa = L. Here,
Va is the equivalent azimuth velocity sampled by the system, defined as Va/PRI = d.
Since we convert the model to have each array element sample nearly simultaneously
in a single snapshot, the equivalent PRI in the azimuth direction can be arbitrarily set
as long as it satisfies the aforementioned equation. To simplify subsequent data process-
ing, we set the equivalent PRI to 1. The variable c denotes the speed of light. The ex-

pression Rp(tm) =
√

R2
p0 +

(
Vatp

)2 calculates the slant range to the target point, where

Rp0 =
√

x2
p + H2 is the shortest perpendicular distance from the target point to the array

and tp represents the azimuth time of the target relative to the center of the reference array.
By setting the azimuth time zero point at the center element of the reference array,

it is possible to integrate the sampled echoes from different arrays into a unified echo
coordinate system. The gaps in the sampled signals of each array are filled by zero-padding,
with the zero-padding length corresponding to the spacing between the arrays. At this
point, the sampled signals in the entire coordinate system are coherent. Consequently,
the demodulated received echo signal from target P can be expressed as follows:
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s
(
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× exp
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In this formulation, i denotes the index of the distributed arrays, and tci indicates
the center of the i-th array at the corresponding slow-time instant, with the relationship
(tci − tci−1)Va = D. For the convenience of expressing the formula, the second rectangular
window function, which represents the range direction signal envelope, is replaced with ωr.

High resolution in the range direction can be achieved through range matching filter-
ing. Following range compression, the signal can be represented as:

s
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= ∑

i
σp rect
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TL

)
sinc

(
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2Rp(tm)

c

)
× exp

(
−j

4π fcRp(tm)

c

)
= ∑

i
σp rect

(
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TL

)
sinc
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2Rp(tm)

c

)
× exp

(
−j

4π fcRp0

c

)
× exp
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−j

2πV2
a

λRp0

(
tm − tp

)2
) (4)

For simplicity of expression, in the following sections of this paper, we define
Ka = 2V2

a /λRp0 as the equivalent azimuth chirp rate.

2.3. Collaborative Processing of Azimuth Signals in Distributed Arrays

Analysis of Equation (4) reveals that, under the assumption of disregarding range
migration, the azimuth signal model corresponds to a discontinuous linear frequency
modulated signal. The discontinuities in the signal are determined by the intervals between
the arrays. If traditional SAR azimuth focusing techniques are directly applied, the lack
of signal periodicity results in cross-modulation artifacts. Such cross-modulation leads to
cluttered images with target responses that exhibit significantly high sidelobes. Figure 3
provides a corresponding illustration. In Figure 3a, the envelope of the sampled echo signals
from three distributed forward-looking arrays for a central target is shown. The horizontal
axis of the image represents the previously mentioned equivalent azimuth slow time.
Due to the distributed configuration of the arrays, zero-padding is applied between the
sampled signals from different arrays to enable coherent processing. The interval between
the array samples is D/Va, and the sampling duration for each array is TL. Figure 3b
depicts the azimuth spectrum of the distributed system’s echo signals. The horizontal
axis represents the equivalent azimuth frequency. Given the linear frequency modulation
characteristic of the azimuth signals, there is a certain similarity between the frequency-
domain and time-domain modulations. Gaps are also present between the spectra of
individual arrays, with the frequency spacing between arrays being KaD/Va. These gaps
lead to cross-modulation of the target response after traditional frequency-domain focusing,
as shown in Figure 3c. Specifically, the target response is simultaneously modulated by two
sinc functions. The narrower sinc function “spikes” arise from the target response across
the total aperture length of all arrays. Due to the distributed array structure, these sharp
sinc function spikes are replicated along the azimuth direction, with the envelope formed
by a broader sinc function. This broader envelope modulation is attributed to the aperture
length of a single array’s sampling. Such modulation results in cluttered target responses
in the image. The azimuth resolution enhancement is negligible, nearly equivalent to the
resolution achieved with single-array imaging. Thus, there is a need for an algorithm
that fully leverages the configurational advantages of distributed arrays to focus azimuth
signals effectively.
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(a) (b) (c)

Figure 3. Analysis of the mismatch between traditional algorithms and distributed imaging models.
(a) Azimuth time-domain envelope of echo sampling in distributed arrays. (b) Azimuth spectrum of
echo sampling in distributed arrays. (c) Azimuth focusing results using single-array and distributed
multi-array configurations.

2.4. Range Cell Migration of Distributed Arrays

In addition to the challenges of focusing gapped signals, the range cell migration in a
distributed collaborative array also differs from traditional scenarios. Two cases are used
to analyze the characteristics of range cell migration signals from a distributed system,
as depicted in Figure 4: Figure 4a, the single-array condition, and Figure 4b, the multi-
array condition.

To analyze the echo signals from a distributed array after range compression, we begin
by examining the echoes from a single array. In the range dimension, each target signal
compresses into a sinc peak. In the azimuth dimension, the maximum range cell migration
for a single array is depicted in Figure 4a and can be expressed as follows:

|R2 − R1| =
√

Rp02 +
(

L/2 + yp
)2 −

√
Rp02 +

(
L/2 − yp

)2

=
2ypL√

Rp02 +
(

L/2 + yp
)2

+
√

Rp02 +
(

L/2 − yp
)2

(5)

Given that the imaging angle for forward-looking imaging typically does not exceed
20◦, and considering L ≪ Rp0 and L ≪ yp, we can conclude the following:

|R2 − R1| =
2ypL√

Rp02 +
(

L/2 + yp
)2

+
√

Rp02 +
(

L/2 − yp
)2

≈
ypL√

Rp02 + yp2
≤

Rp0 tan 10◦L√
Rp02(1 + tan 10◦2)

≈ 0.17L
(6)

Due to the aircraft’s payload limitations, the aperture length of a single array is
generally restricted to less than 3 m. Consequently, the maximum range cell migration,
|R2 − R1|, for a single array relative to target points in the imaging area typically does not
exceed 0.5 m. This migration is less than the commonly used range resolution. Therefore,
the target echoes from a single array do not cross range cells, eliminating the occurrence of
range cell migration.
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(a) (b)

Figure 4. Analysis of the system’s range cell migration. (a) Single-array RCM. (b) Inter-array RCM.

In scenarios where multiple arrays are used concurrently to observe an imaging area,
maintaining the host aircraft’s safety is critical. Consequently, the separation distance, D,
between arrays is typically set at a minimum of three times the length, L, of a single array.
For instance, considering the SIREV model that features a single array length of 2.6 m [14],
the inter-array distance in such a configuration would be at least 10 m. Under these
conditions, the range cell migration, denoted as |R3 − R4| and illustrated in Figure 4b, can
be quantified as follows:

|R3 − R4| =
∣∣∣∣√Rp02 + yp2 −

√
Rp02 +

(
D + yp

)2
∣∣∣∣

=

∣∣2ypD + D2
∣∣√

Rp02 + yp2 +
√

Rp02 +
(

D + yp
)2

> 3|R2 − R1|
(7)

According to the formula, it is evident that echoes reflected from targets located at the
edges of the imaging area to different arrays may traverse across range cells in the azimuth
direction, especially when the distributed system has more than two arrays. Consequently,
the range cell migration between arrays becomes significant, necessitating appropriate
corrective measures.

3. Proposed Imaging Algorithm

Building on the analysis of the signal model and imaging challenges discussed in the
previous section, this section will detail the imaging algorithm for the forward-looking
model of distributed arrays, divided into three main parts. First, the signals that have
undergone range compression are processed with reference range cell migration correction
and azimuthal preprocessing to achieve decoupling in both azimuth and range dimen-
sions. Subsequently, using the improved MIAA-AIT algorithm, azimuth signals from the
distributed array are extrapolated and interpolated to fill the gaps. Finally, the continuous
azimuth signals are focused, and the remaining image distortions are corrected to achieve
high-resolution, forward-looking imaging results.

3.1. RCMC and Azimuth Preprocessing

Unlike stripmap mode synthetic aperture radar, where the Doppler histories of echoes
from targets within the same range cell but different azimuth cells are identical, the variation
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in illumination angles and the constraints imposed by the aperture length cause these
histories to differ. Consequently, it is essential in the range-Doppler domain to effectively
separate targets located in different azimuth cells for individual correction.

Employing the principle of stationary phase (POSP), we perform an azimuth fast
Fourier transform(FFT) on the time-domain signal. This process simplifies the formula,
enabling the derivation of the signal form in the range-Doppler domain:

s
(
t̂, fm

)
= ∑

i
σp sinc

(− fm/Ka + tp − tci

TL

)
ρr

(
t̂ − 2Rrd( fm)

c

)
× exp

(
−

j4π fcRp0

c

)
exp

(
jπ

f 2
m

Ka

)
exp

(
−j2π fmtp

) (8)

Analysis of the formula reveals that, in the range-Doppler domain, the spatial separa-
tion of the arrays results in a gap in the signal spectrum of the same target, characterized by
a discontinuity length of Ka(D/Va − TL). It is critical to recognize that, unlike single-array
forward-looking imaging, the distributed forward-looking model cannot employ the same
range cell migration correction as the stripmap mode. Such an approach would lead to
an over-correction of the azimuthal signals of single arrays that do not require correction,
resulting in severe spectral leakage and aliasing upon returning to the time domain.

The aforementioned issues arise primarily from two factors. First, the aperture sam-
pling is extremely short relative to the entire imaging area, which causes significant energy
leakage in the time domain for the gapped azimuth spectrum after traditional RCMC. Sec-
ond, the range-variant Ka induces a fan-shaped scaling of the azimuth spectrum along the
range direction. Consequently, there is a pressing need for a new azimuth signal alignment
algorithm to prevent the failure of coherent synthesis of the final multi-array signals.

To address this issue, this paper introduces a range cell migration correction method
designed specifically for batch processing of distributed forward-looking arrays, termed
“reference RCMC”. This approach is divided into two steps to correct range cell migra-
tion effectively.

In the first step, we build upon the previously analyzed conclusion that echo signals
from each single array are free from range cell migration effects. By applying minimal
range cell migration correction, we align each array’s echo, ensuring that the corrected time-
domain signals are minimally impacted by the truncation effect of discontinuous signals
and the fan-shaped scaling issue in the range-Doppler domain. The specific implementation
method is as follows: we use the range cell migration of the reference array echo in the range-
Doppler domain as a benchmark, maintaining the reference array echo signal unchanged
while adjusting the other array echoes only for their relative differences in range cell
migration. This procedure aligns all array echoes to the same range cell as the reference
array echo. Since each array echo is affected only by inter-array range cell migration,
this step eliminates range and azimuth coupling, while signals from the same target in
different arrays achieve azimuth alignment. The required range cell migration correction
for non-reference arrays is determined by:

∆RCMref _i = RCMi − RCMref =
λ2Rp0( fm − Katci)

2

8V2
a

−
λ2Rp0 f 2

m

8V2
a

(9)

where ∆RCMref _i represents the range cell migration correction for the i-th array required
in this step, RCMi represents the overall range cell migration for the i-th array at each
position within the coordinate system of the reference array, and RCMref represents the
overall range cell migration for the reference array at the corresponding position. The
correction magnitude for the first step of this algorithm, ∆RCMref _i, is determined by
calculating the difference between RCMi and RCMref .

The second step of range cell migration correction is executed subsequent to the com-
pletion of azimuth focusing. Any residual range cell migration is regarded as a component
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of image distortion at this juncture. Traditional range cell migration correction methods can
be employed to address this residual migration within the two-dimensional image domain:

∆RCMrst = RCMref =
λ2Rp0 f 2

m

8V2
a

(10)

Figure 5 contrasts the first step of the proposed range cell migration correction method
with traditional RCMC techniques used in synthetic aperture radar. In Figure 5, a three-
array distributed system serves as an example to illustrate RCMC applied to two target
signals that share the same minimum slant range and are located at the azimuth center
and the edge of the imaging area, respectively. Observations reveal that the traditional
method results in some rotation in the azimuth spectrum of the range-Doppler domain,
indicative of an overcorrection issue. In the two-dimensional time domain, significant
misalignment occurs among target signals from different arrays, with gaps between arrays
featuring aliased signals, complicating the coherent integration across array gaps. Con-
versely, the stepwise RCMC approach utilizes the central array as the reference in the initial
step, aligning azimuth target signals effectively. This alignment mitigates overcorrection
issues in the azimuth spectrum. Additionally, in the time domain, the absence of aliasing
and minimal impact from truncation artifacts are noted in the gaps between arrays. This
precise alignment of each target within the range cells corresponding to the slant range of
the reference array sets the stage for effective coherent synthesis among arrays.

Figure 5. Comparison between the proposed RCMC and traditional RCMC.

3.2. Recovering Missing Azimuth Signals Using Improved MIAA-AIT

Upon completing the first step of range cell migration correction, the signal is trans-
formed back into a two-dimensional time-domain representation through an azimuth
inverse Fourier transform:

s
(
t̂, tm

)
= ∑

i
σp rect

(
tm − tci

TL

)
ρr

(
t̂ −

2Rpre f (tm, i)
c

)
× exp

(
−

j4π fcRp0

c

)
exp

[
−jπKa

(
tm − tp

)2
] (11)
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where Rpre f (tm, i) =
√

R2
p0 + V2

a (tm − tci − tp)2 represents the distance from the reference
array to various targets. This formula indicates that, at this stage, the target echoes from
different arrays are aligned to the same range cells, facilitating the azimuthal focusing of
the signals. It is important to note that, during this phase, each range cell can be isolated
for independent subsequent processing. This capability enables the utilization of parallel
computing resources such as GPUs, significantly enhancing computational speed.

Due to the spatial separation inherent in distributed arrays, there are extended sam-
pling intervals in the azimuthal domain of the signal. Employing stripmap mode synthetic
aperture radar focusing techniques directly on such configurations can induce severe grat-
ing lobes during the imaging of targets. While this approach may marginally improve the
signal-to-noise ratio of the resultant image, it offers minimal enhancement to actual azimuth
resolution, as illustrated in Section 2.3. Consequently, the gaps between array samples are
treated as missing signals, which are then predicted and subsequently recovered using
available data. Inspired by related algorithms in the ScanSAR domain [50,51], we achieve
an azimuth resolution comparable to that of systems with long apertures by integrating
virtual and real apertures.

To further refine this solution, we have introduced the iterative adaptive approach
(IAA) [52], a robust adaptive parameter estimation method that utilizes the iterative
reweighted least squares algorithm to update estimates and filter coefficients continu-
ally. This method, superior to other parameter estimation algorithms such as Capon [53]
and MUSIC [54], can effectively predict parameters even from a single snapshot. When ap-
plied to signals modeled linearly, the IAA can predict and recover missing signals through
the missing-data IAA. Unlike aperture interpolation techniques based on the autoregressive
Linear Prediction Model (LPM), the MIAA achieves superior data restoration, particularly
in conditions where signals are sparse. These capabilities make the MIAA exception-
ally well-suited for azimuthal focusing processing in distributed array forward-looking
imaging systems.

However, the traditional missing-data iterative adaptive approach cannot be directly
applied to forward-looking imaging with distributed arrays without specific modifications
and adjustments to the algorithm. A detailed analysis of these necessary changes is
provided below and the overall process is illustrated in Figure 6.

The efficacy of the MIAA is contingent upon the sparsity of the signal. In distributed
array systems, the azimuth echoes within the Doppler domain often span different sub-
bands for each target, resulting in a relatively dense signal distribution. To address this, it is
essential to perform a dechirp process on the azimuth signals of each range cell within the
distributed array. This process effectively corrects the spectrum broadening effect of chirp
signals, resulting in a more concentrated spectrum, which improves spectral resolution
and simplifies subsequent spectral analysis. Following the dechirp, the time-domain
signal can be approximated as a superposition of monofrequency signals corresponding
to the positions of targets. This approximation facilitates a coarse focusing within the
Doppler domain, thus satisfying the sparsity condition required for the MIAA. The specific
operations involved are detailed as follows:

The filter signals for the dechirp operation can be represented as follows:

hdechirp = exp
(

jπKat2
m

)
(12)

Multiply the azimuth time-domain signals of each range cell by their corresponding
filter signals. The resulting dechirped echo signals can be represented as follows:

s
(
t̂, tm

)
=∑

i
σprect

(
tm − tci

TL

)
ρr

(
t̂ −

2Rpre f (tm, i)
c

)
× exp

(
j2πKatptm

)
exp(−jϕ)

(13)
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where ϕ represents the residual fixed phase, which has minimal impact on the overall imag-
ing quality and can thus be disregarded in subsequent processing steps. At this juncture,
the echoes from different arrays for the same target are effectively equivalent to single-
frequency superimposed signals, albeit with data missing between them. The frequency of
these signals corresponds to the target’s position. With the preprocessing of the sampled
data for the distributed array complete, the relationship between the azimuth signal, y, in
each range cell and the coarse focusing result, r, can be expressed as follows:

y = Fr + n (14)

where n represents the noise introduced during the observation process. The signal y
comprises the sampled signals from distributed arrays, with each array containing M
elements, denoted as yarrayi

∈ CM×1. Additionally, a zero vector, representing the gaps
where signals are missing, is denoted as ygap ∈ CNg×1. Consequently, y can be expressed
as follows:

y =
[
...yarray i−1

, ygap i−1
, yarray i

, ygap i
, yarray i+1

...
]T

(15)

F is the Fourier dictionary matrix, where Fi∈ CM×K corresponding to yarray i
can be

written as:

Fi =


fi(ω0)
fi(ω1)
fi(ω2)

...
fi(ωK−1)



T

=



1 e−j2π
ti
K e−j2π

2ti
K · · · e−j2π

(K−1)ti
K

1 e−j2π
ti+1

K e−j2π
2(ti+1)

K · · · e−j2π
(K−1)(ti+1)

K

1 e−j2π
ti+2

K e−j2π
2(ti+2)

K · · · e−j2π
(K−1)(ti+2)

K

...
...

...
. . .

...

1 e−j2π
ti+TL−1

K e−j2π
2(ti+TL−1)

K · · · e−j2π
(K−1)(ti+TL−1)

K


(16)

where ti = tci − TL/2 and K represents the frequency domain grid. In the MIAA algorithm,
K is typically set to be significantly larger than the number of samples, M, to meet the
prerequisite conditions for sparsity.

Figure 6. Coherent processing of azimuth gapped signals.

Similarly, Fgi∈ CNg×K, serving as the Fourier dictionary for the gapped signal between
array i and array i + 1, can be expressed as:
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Fgi =


fgi (ω0)
fgi (ω1)
fgi (ω2)

...
fgi (ωK−1)



T

=



1 e−j2π
ti+TL

K e−j2π
2(ti+TL)

K · · · e−j2π
(K−1)(ti+TL)

K

1 e−j2π
ti+TL+1

K e−j2π
2(ti+TL+1)

K · · · e−j2π
(K−1)(ti+TL+1)

K

1 e−j2π
ti+TL+2

K e−j2π
2(ti+TL+2)

K · · · e−j2π
(K−1)(ti+TL+2)

K

...
...

...
. . .

...

1 e−j2π
ti+1−1

K e−j2π
2(ti+1−1)

K · · · e−j2π
(K−1)(ti+1−1)

K


(17)

Therefore, our task is to accurately recover the signal r for each range cell from the
known sparse observation samples, y, and the Fourier dictionary, F. Typically, various
compressed sensing algorithms, such as Orthogonal Matching Pursuit (OMP) [55] and
Iterative Shrinkage-Thresholding Algorithm (ISTA) [56], are employed to directly generate
estimates of the target distribution, r, from the distributed array samples, y. This approach
is prevalent in applications such as vehicular forward-looking imaging. However, due
to various errors, such as jitter introduced during airborne operations, using the overall
sampling from distributed arrays to estimate the target distribution can result in significant
instability. To address this issue, we note that each subarray has a fixed configuration,
resulting in high stability in target parameter estimation. Thus, we first perform signal ex-
trapolation on each array using the MIAA algorithm and then apply aperture interpolation
to combine the stable extrapolation results from different arrays.

For the azimuth signal, y, of a specific range cell from signal s
(
t̂, tm

)
, the initial step is

to extract the array signal, yarray i
, from this range cell. Following that, an iterative process

based on the IAA method is utilized to obtain a precise estimation of the target’s position, r.
The following are the key steps involved in the MIAA method:

First, obtain the initial estimate of the target spectrum using the periodogram:

r(0)k =
fH

i (ωk)yarrayi

fH
i (ωk)fi(ωk)

, k = 0, 1, . . . , K − 1 (18)

At the same time, let P be a K × K weight matrix, where the elements pk correspond

to the energy estimates at the frequency grid, ωk, initialized as p(0)k =
∣∣∣r(0)k

∣∣∣2. Based on this

initialization, calculate the covariance matrix R(l+1)
i of the array signal:

R(l+1)
i =

K−1

∑
k=0

p(l)k fi(ωk)f
H
i (ωk) = FiP(l)FH

i (19)

Here, the superscript l represents the l-th iteration. Subsequently, the spectral estimate
of the target, r(l+1)

k , at each frequency grid point, ωk, is updated using the covariance matrix.

r(l+1)
k =

fH
i (ωk)(R

(l+1)
i )−1yarrayi

fH
i (ωk)(R

(l+1)
i )−1fi(ωk)

, k = 0, 1, . . . , K − 1 (20)

Update the diagonal matrix P(l+1) based on the new spectral estimate of the target r
and repeat the above iterative process. Typically, around 15 iterations are needed for the
final result to converge.

Once precise target estimation results are obtained, employ a linear minimum mean
square error (MMSE) estimator to recover the signals in the gaps between yarrayi

:

argminŷgapi
E
{
(ŷgapi

− Tyarrayi
)H(ŷgapi

− Tyarrayi
)
}

(21)

where the matrix T is the linear transformation estimation matrix for ŷgapi
based on yarrayi

.
By minimizing Equation (21), the estimate of ŷgapi

is obtained as:
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ŷgapi
=

K

∑
k=1

Pkfgi (ωk)f
H
i
(ωk)R

−1
i

yarrayi

=
K

∑
k=1

[
PkfH

i
(ωk)R

−1
i yarray i

]
fgi (ωk)

(22)

It is worth noting that gap ŷgapi
can be estimated using forward prediction from

yarrayi−1
and backward prediction from yarrayi

, resulting in different estimates. These
diverse prediction results are then coherently combined using aperture interpolation,
ultimately yielding the final data estimate for ŷgapi

.

ŷgapi
(tm) =

(
tm − ti

TL

)
ŷgapi−1,i

(tm) +

(
TL + ti − tm

TL

)
ŷgapi,i−1

(tm) (23)

Traditional MIAA-AIT algorithms only interpolate between array gaps and discard
the extrapolation of edge arrays, thereby losing some of the potential virtual apertures,
especially when the number of distributed arrays is limited. Therefore, this paper not only
performs aperture interpolation within array gaps but also extrapolates the echoes from
edge arrays to further extend the virtual aperture. To mitigate issues of divergence that
may arise from excessively long extrapolated apertures, the extrapolation length for edge
arrays in this study is limited to half of the array gap.

After performing the above operations for all gaps, the array data are restored to
a continuous, long-aperture sampled format. The algorithmic flow is summarized in
Algorithm 1.

Algorithm 1: Implementation of improved MIAA-AIT

Range cycle: Traverse all range bin;
Input:The azimuthal signal y ;
for each yarray i

in y:
Initialization:

Target spectrum result vector r(0)∈ C1×K with periodogram to yarray i
:

r(0)k =
fH

i (ωk)yarrayi
fH

i (ωk)fi(ωk)
, k = 0, 1, . . . , K − 1

Weight diagonal matrix P(0) ∈ CK×K with the diagonal elements of the r(0):

p(0)k =
∣∣∣r(0)k

∣∣∣2
repeat:

Covariance matrix R(l+1) update:

R(l+1)
i =

K−1
∑

k=0
p(l)k fi(ωk)fH

i (ωk) = FiP(l)FH
i

Target spectrum r(l+1)
k Update:

r(l+1)
k =

fH
i (ωk)(R

(l+1)
i )−1yarrayi

fH
i (ωk)(R

(l+1)
i )−1fi(ωk)

, k = 0, 1, . . . , K − 1

Weight Vector p(l+1) Update: p(l+1)
k =

∣∣∣r(l+1)
k

∣∣∣2
until: convergence or the maximum iterations are reached
Recover the Gapped Vector Utilizing yarray i

ygap i
=

K
∑

k=1

[
pkfH

i (ωk)R
−1
i yarray i

]
fgi (ωk)

end for
Aperture Interpolation and Extrapolation: Perform weighted average of all ygap

Return: Non-gapped full-aperture data

3.3. Azimuth Focusing and Distortion Correction

The recovered gap-free, long-aperture sampled signal can be collectively represented as:
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s
(
t̂, tm

)
= ∑

p
σp rect

(
tm

TLtotal

)
ρr

(
t̂ −

2Rpre f (tm)

c

)
× exp

(
−j2πKatptm

)
exp(−jΦ)

(24)

where TLtotal denotes the total azimuth time span of the entire virtual long aperture. If the
aperture signal is directly transformed to the range-Doppler domain for imaging at this
stage, the imaging result will exhibit distortions, including fan-shaped distortion and
residual range cell migration distortion. Therefore, corresponding corrections are neces-
sary. By performing inverse dechirp operation and zero-padding operations, the signal
is restored to the form of the original azimuth chirp signal. At this stage, the signal can
be considered equivalent to a long-aperture sampled signal that has undergone range
compression and partial range cell migration correction:

sorigin
(
t̂, tm

)
= s
(
t̂, tm

)
× exp

(
−jπKat2

m

)
(25)

The traditional range-Doppler imaging algorithm’s azimuth compression operation is
then applied to the signal to achieve azimuth focusing.

simage
(
t̂, tm

)
= IFFTtm

[
FFTtm

(
sorigin

(
t̂, tm

))
× exp

(
−jπ

f 2
m

Ka

)]
(26)

At this stage, the image is focused; however, distortions due to residual range cell
migration still require correction. Since the initial step of range cell migration correction
involves aligning the azimuth signals of all arrays based on the reference array, the correc-
tion for residual range cell migration directly corresponds to the range cell migration of the
reference array, as discussed in Section 3.1.

Upon completing the above operations, this method ultimately achieves high-resolution,
distortion-free, forward-looking imaging. The overall workflow of the distributed col-
laborative, forward-looking imaging algorithm proposed in this paper is illustrated in
Figure 7. The algorithm process is mainly divided into three parts: range compression
and reference RCMC, azimuth gapped data recovery, and azimuth focusing and distortion
correction. Taking the example of three arrays, each array first performs independent range
compressions. On this basis, the central array is chosen as the reference array, and each
array is zero-padded according to its spatial relative position with respect to the reference
array, forming a unified coherent coordinate system. Then, the first step of reference range
cell migration correction is applied. After this correction, the range-azimuth coupling
between arrays is eliminated, allowing for parallel coherent processing of each range cell
in the azimuth direction. To begin with, a dechirp preprocessing is conducted, which
converts the azimuth signals into a linear superposition of gapped single-frequency signals.
Subsequently, the gaps in the signals between arrays are extrapolated and filled using
the MIAA algorithm, and the gapped signals are weighted and averaged through aper-
ture interpolation techniques. Afterward, the formed virtual continuous long-aperture
signals are restored to their original azimuth signal form via inverse dechirp. At this stage,
traditional azimuth focusing can be performed. Once azimuth focusing is completed, the re-
maining range migration is corrected, ultimately yielding a high-resolution cooperative
forward-looking imaging result.

Assume that the distributed array system consists of M arrays, with each array con-
taining L elements. The number of range cells is Nr, and the number of azimuth cells
is Na. In the MIAA-AIT algorithm, the frequency grid size is denoted as K, and the
number of iterations is I. The following section presents the complexity analysis of the
proposed algorithm.
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Figure 7. Overall workflow of the distributed array collaborative, forward-looking imaging.

For the range compression stage, the distributed system requires M × L fast Fourier
transforms and inverse FFTs of vector size Nr, resulting in a complexity of O(M · L ·Nr · log Nr).
In the range cell migration correction step, the distributed system requires M × Nr FFTs and
inverse FFTs of vector size Na for azimuth processing. Additionally, the complexity of the first
step of range migration interpolation is O((M − 1) · Nr · Na), while the second step, residual
range migration correction, has a complexity of O(Nr · Na). Therefore, the overall complexity
of the range migration process is O(M · Nr · Na) +O(Nr · Na · M · log Na), which simplifies to
O(Nr · Na · M · log Na).

For azimuth dechirping and inverse dechirping, processes have a complexity of
M · Nr · Na. In the MIAA-AIT algorithm, gap-filling prediction is required for each range
cell and for each array. When the frequency grid size, K, is significantly larger than
L, the complexity of the distributed system’s MIAA algorithm is O(Nr · M · I · K · L2).
The subsequent azimuth focusing step requires Nr FFTs and inverse FFTs of vector size Na,
resulting in a complexity of O(Nr · Na · log Na).

Therefore, the overall complexity of the proposed forward-looking imaging algorithm
is: O

(
M · Nr

(
L · log Nr + Na · log Na + I · K · L2)).

4. Results and Discussion

This section validates the effectiveness of the proposed distributed array collaborative
forward-looking imaging algorithm, including the reference RCMC technique and the
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azimuth signal coherent processing method based on the MIAA-AIT algorithm. The valida-
tion is carried out through a series of simulations and experiments, including point target
simulations, surface target simulations, and real-world experimental tests, highlighting the
algorithm’s strong performance in forward-looking imaging.

4.1. Point Target Simulation

This paper first conducts point target simulations and progressively validates the
performance of the proposed algorithm in three subsections. Initially, the effectiveness of
the newly proposed range cell migration correction algorithm is verified. Next, the validity
of the distributed array signal coherent processing based on the MIAA-AIT algorithm is
assessed. Building on these results, the imaging performance of distributed coherent array
signals processed by various algorithms is compared through simulations.

4.1.1. RCMC Techniques Simulation

To verify the effectiveness of the proposed range cell migration correction method and
evaluate its imaging performance across the entire imaging region, 21 point targets were
uniformly distributed within the area. The targets were spaced 60 m apart in the range
direction and 100 m apart in the azimuth direction, as illustrated in Figure 8.

Figure 8. Original reference image.

Collaborative imaging was conducted for the designated target area using the dis-
tributed imaging model described in this study. The parameters for this imaging model are
listed in Table 1.

Table 1. Simulation parameters.

Parameter Value Parameter Value

Center frequency 9.5 GHz Element spacing (m) 0.0471
Bandwidth 100 MHz Number of elements 56

Azimuth beamwidth 20° Single aperture length 2.6387 m
Nadir angle 40° Array spacing 10 m

Platform height 1000 m Number of arrays 3

For the range cell migration correction step, the proposed reference RCMC method
and the traditional RCMC method used in conventional SAR were applied separately.
After performing range migration correction with each method, coherent processing was
carried out using the improved MIAA-AIT algorithm proposed in this paper, leading to the
final imaging results. The imaging outcomes were then compared to assess performance.
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Figure 9a,b depict the azimuth frequency-domain and time-domain signals of the dis-
tributed array after range compression but prior to range migration correction. Figure 9c,d
illustrate the azimuth frequency-domain and time-domain signals following traditional
SAR RCMC. Figure 9e,f showcase the frequency-domain and time-domain signals after the
initial correction step using the proposed reference RCMC. Finally, Figure 9g presents the
final imaging results after traditional SAR RCMC, and Figure 9h shows the imaging results
from the proposed correction method.

(a) (b)

(c) (d)

(e) (f)

Figure 9. Cont.
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(g) (h)

Figure 9. Comparative analysis of RCMC algorithms. (a) Target signals in the range−Doppler domain
before RCMC. (b) Target signals in the time domain before RCMC. (c) Target signals in the range-
Doppler domain after traditional RCMC. (d) Target signals in the time domain after traditional RCMC.
(e) Target signals in the range−Doppler domain after proposed RCMC. (f) Target signals in the time
domain after proposed RCMC. (g) Imaging results using traditional RCMC. (h) Imaging results using
proposed RCMC.

Experimental results, as shown in the enlarged section of Figure 9a, indicate that,
before range correction via RCMC, the azimuth signal spectrum of a single array remains
parallel to the azimuth axis and requires no correction. In contrast, the spectra of different
arrays span multiple range cells and necessitate corresponding adjustments to align az-
imuth signals between arrays. Additionally, before any range correction, the time-domain
signals of each array remain stable with no energy leakage at the discontinuities between
array signals, as depicted in Figure 9b. In an effort to batch-correct range cell migration
across arrays, when traditional SAR RCMC methods are employed, the originally parallel
target azimuth spectra experience significant rotational skewing, as shown in the enlarged
part of Figure 9c. Once reverted to the azimuth time domain, this overcorrection results
in displacement and severe truncation effects in the azimuth sampling signals of different
arrays, as illustrated in Figure 9d. Such effects lead to a notable widening of the array
sampling signals due to the aforementioned overlay, with various extents of target signal
shifts across different azimuth positions and even more pronounced signal shifts at the
edges of the imaging area. Consequently, this leads to poor recovery of gapped signals in
subsequent steps, resulting in suboptimal imaging outcomes, particularly in non-central
imaging areas, as can be seen in the magnified diagram of the target at −200 m azimuth
distance in Figure 9g, where azimuth resolution deteriorates severely.

In contrast, the stepwise reference RCMC proposed in this paper adjusts only the
range cell migration differences relative to the reference array in its first step, thus avoiding
the overcorrection issues associated with traditional RCMC, as demonstrated in Figure 9e.
Due to the smaller amount of correction, this method minimally disturbs signal amplitude
and location, thereby perfectly aligning the target’s azimuth signals. When these signals are
reverted to the time domain, there are no apparent aliasing or truncation effects, as shown
in Figure 9f. This allows for straightforward subsequent operations in gap prediction,
achieving excellent overall area imaging results, as shown in Figure 9h. At an azimuth
distance of −200 m, the same target, corrected using the proposed reference RCMC method,
achieves an enhancement in azimuth resolution comparable to that of the central imaging
area targets.



Remote Sens. 2024, 16, 3991 20 of 33

4.1.2. Simulation of the MIAA-AIT-Based Imaging Algorithm for Distributed
Array Signals

After applying the reference RCMC, the coupling between the azimuth and range
directions of the signal is eliminated, enabling coherent processing of the distributed array’s
gapped signals. In this section, three point targets, spaced 2.5 m apart along the azimuth
direction at the center of the imaging region, are used to compare the resolution perfor-
mance of the traditional azimuth focusing method with the proposed MIAA-AIT-based
discontinuous azimuth signal processing method. Based on this, the imaging performance
of the MIAA-AIT algorithm is further evaluated by adjusting the array spacing and signal-
to-noise ratio in the distributed array imaging model.

Figure 10a shows the original reference image used for simulations in this section.
To clearly compare the imaging performance of different algorithms, a one-dimensional
azimuth envelope diagram is used to present the target imaging results, with the actual
target positions marked. Figure 10b shows the azimuth envelope of the forward-looking
imaging for a single array based on the extended chirp scaling algorithm. Figure 10c
presents the target imaging results using the full-aperture processing algorithm based on
ECS with three distributed arrays spaced 10 m apart.

Figure 10d shows the time-domain sampled signal of the distributed array, with an
array spacing of 10 m and an SNR of 25 dB, after range compression and the first step
of reference RCMC. Figure 10e displays the equivalent virtual long-aperture sampled
signal formed by applying the MIAA-AIT algorithm, which predicts and fills the gaps
in the discontinuous signals and extrapolates the aperture, resulting in a virtual aperture
length of approximately 32 m. Figure 10f shows the final coherent imaging results of the
distributed array after azimuth focusing. Figure 10g shows the time-domain sampled signal
of the distributed array, with an array spacing of 20 m and an SNR of 25 dB, after range
compression and reference RCMC. Figure 10h shows the long-aperture signal formed after
processing with the MIAA-AIT algorithm, with a virtual aperture length of approximately
52 m. Figure 10i presents the azimuth envelope after subsequent azimuth focusing of the
virtual aperture sampled signal. Figure 10j shows the time-domain sampled signal with
an array spacing of 10 m and an SNR of 10 dB. Figure 10k shows the long-aperture signal
formed after processing with the MIAA-AIT algorithm under these low signal-to-noise
ratio conditions, with a virtual aperture length of approximately 32 m. Finally, Figure 10l
shows the final target azimuth envelope after further processing of the virtual aperture
under low SNR conditions.

In Figure 10b, due to the limited aperture length, the resolution capability of the
single-array forward-looking imaging is insufficient, failing to effectively resolve the point
targets. In Figure 10c, although three arrays are used for collaborative imaging, the gaps
between arrays result in severe sampling modulation. While the signal-to-noise ratio
improves under this algorithm, the resolution enhancement is marginal, leaving the targets
indistinguishable. In contrast, as shown in Figure 10d–l, the coherent processing of the
distributed array using the improved MIAA-AIT algorithm forms a much longer virtual
aperture, successfully resolving the targets. By comparing Figure 10f,i, it can be observed
that, under high signal-to-noise ratio (SNR) conditions, increasing the array spacing within
a certain range leads to an extended virtual aperture length. This results in a narrower
target response envelope, thereby improving the resolution performance. Additionally,
from the comparison between Figure 10f,l, it is evident that the signal-to-noise ratio has a
significant impact on imaging performance; however, even under lower SNR conditions,
the distributed array coherent processing based on the MIAA-AIT algorithm can still
reliably achieve high-resolution imaging with relative stability.

In the next section, we compared the imaging performance and conducted a statisti-
cal analysis of various coherent processing algorithms for discontinuous signals, further
validating the superiority of the proposed algorithm.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)
Figure 10. Forward−looking imaging performance analysis of the proposed distributed array coherent
processing algorithm.(a) Original reference image. (b) Target envelope formed by ECS using single
array. (c) Target envelope formed by ECS−based full aperture algorithm. (d) Distributed array signals
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with an inter−array spacing of 10 m and an SNR of 25 dB. (e) Azimuth virtual long−aperture signal
formed by the proposed algorithm under the corresponding conditions.(f) Target envelope formed
by the proposed algorithm under the corresponding conditions. (g) Distributed array signals with
an inter−array spacing of 20 m and an SNR of 25 dB. (h) Azimuth virtual long−aperture signal
formed by the proposed algorithm under the corresponding conditions. (i) Target envelope formed
by the proposed algorithm under the corresponding conditions. (j) Distributed array signals with an
inter−array spacing of 10 m and an SNR of 10 dB. (k) Azimuth virtual long−aperture signal formed
by the proposed algorithm under the corresponding conditions. (l) Target envelope formed by the
proposed algorithm under the corresponding conditions.

4.1.3. Simulation of Various Imaging Algorithms for Distributed Array Signals

Various methods exist for high-resolution imaging of discontinuously sampled signals,
which can primarily be categorized into compressive sensing approaches and missing
signal prediction recovery methods. This section compares how the imaging performance
of different algorithms is affected by aperture sparsity and signal-to-noise ratio variations.

First, we analyze the impact of aperture sparsity on imaging performance across
different algorithms, with the SNR set to 25 dB in the following simulations. Since the
target amplitudes of the imaging results were normalized in advance, the envelope ampli-
tudes of all targets under each algorithm do not exceed 1. Figure 11a,g show the azimuth
envelope of target imaging results using the Linear Prediction Model-AIT algorithm, based
on an autoregressive model, with array spacings of 10 m and 20 m, respectively. It can be
observed that this signal prediction method struggles to effectively resolve the three targets.
In Figure 11g, although three target peaks appear, the two edge targets suffer from severe
grating lobes, and their imaging positions are significantly offset from the actual target
locations. Figure 11b,h present the azimuth envelope of target imaging results using the
GAPES missing signal filling algorithm, based on APES, with array spacings of 10 m and
20 m, respectively. At a spacing of 10 m, this algorithm can clearly resolve the three targets.
However, when the array spacing increases to 20 m, resulting in an 82% signal sample miss-
ing rate, although three distinct target peaks are still observed, the side targets experience
positional shifts, resulting in imaging distortion. Figure 11c,i show the azimuth envelope of
target imaging results using the classical Orthogonal Matching Pursuit (OMP) compressive
sensing algorithm with array spacings of 10 m and 20 m, respectively. In Figure 11c, while
the three targets are resolved, the relative amplitude of the edge targets is low, making
them appear as sidelobes of the central target. When aperture sparsity increases further,
the OMP algorithm completely fails to resolve the targets. Figure 11d,j show the azimuth
envelope of target imaging results using the Iterative Shrinkage Thresholding Algorithm
(ISTA) with array spacings of 10 m and 20 m, respectively. At a spacing of 10 m, the targets
are clearly resolved. However, when the array spacing increases to 20 m, severe grating
lobes appear between the targets, negatively affecting the resolution. Figure 11e,k show the
azimuth envelope of target imaging results for single-array forward-looking imaging with
real aperture lengths of 20 m and 40 m. The three central targets are distinctly resolved.
However, implementing a 20-m-long or even longer airborne array is practically infeasible,
as typical forward-looking arrays are no longer than 3 m. In contrast, Figure 11f,l show
the azimuth envelope of target imaging results using the proposed improved MIAA-AIT
algorithm for forward-looking imaging. The method proposed in this paper achieves
imaging quality comparable to that of long-aperture arrays using just three 2.6-m arrays. It
successfully resolves the three targets with superior imaging quality and practical feasibility,
outperforming other gapped signal processing algorithms. This forward-looking imaging
algorithm is particularly effective when the targets are sparsely distributed.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 11. Comparative analysis of RCMC algorithms. (a) The target envelope based on LPM−AIT
with 10 m array spacing. (b) The target envelope based on GAPES with 10 m array spacing. (c) The
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target envelope based on OMP with 10 m array spacing. (d) The target envelope based on ISTA with
10 m array spacing. (e) Target envelope from ECS algorithm with a 20 m real aperture. (f) The target
envelope based on improved MIAA−AIT with 20 m array spacing. (g) The target envelope based
on LPM−AIT with 20 m array spacing. (h) The target envelope based on GAPES with 20 m array
spacing. (i) The target envelope based on OMP with 20 m array spacing. (j) The target envelope
based on ISTA with 20 m array spacing. (k) Target envelope from ECS algorithm with a 40 m real
aperture. (l) The target envelope based on improved MIAA−AIT with 20 m array spacing.

This paper presents an analysis of the relevant metrics for the point target at the center
of the imaging area for each forward-looking imaging model and algorithm, as detailed in
Table 2.

To further compare the signal recovery capabilities of different algorithms as aperture
sparsity and signal-to-noise ratio vary, we conducted 500 Monte Carlo experiments with different
signal missing ratios. The SNRs for these experiments were set to 30 dB, 20 dB, and 10 dB,
respectively. The error between the predicted signal and the actual signal was measured using
the average mean square error (AMSE), defined as AMSE(Ng) = (1/Ng)E

{∥∥yg − ŷg
∥∥2
}

[43].
Figure 12 shows the results. It can be observed that all algorithms experience some

impact on their ability to recover missing signals as the SNR decreases. However, in com-
parison, the MIAA-AIT algorithm demonstrates superior performance in both missing
signal recovery and noise resistance compared with other algorithms. Additionally, analy-
sis shows that, for high SNR conditions, the signal missing ratio should be kept below 85%
when using the proposed algorithm, while, for lower SNR conditions, the signal missing
ratio should be kept below 75%.

Figure 12. Comparison of gapped signal recovery capabilities between different algorithms.

Table 2. Point target analysis for each algorithm.

Imaging
Model

Aperture
Length/m

Array
Spacing/m

Imaging
Algorithm Resolvable Azimuth

Resolution/m PSLR/dB ISLR/dB

Single array 2.6 - ECS 7.2054 −13.0125 −9.9788
Single array 20 - ECS 0.8047 −13.2821 −9.8183
Single array 40 - ECS 0.4775 −13.2613 −9.8593
Distributed
three arrays 2.6 × 3 10 Full aperture

ECS - - -
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Table 2. Cont.

Imaging
Model

Aperture
Length/m

Array
Spacing/m

Imaging
Algorithm Resolvable Azimuth

Resolution/m PSLR/dB ISLR/dB

Distributed
three arrays 2.6 × 3 10 LPM-AIT - – –

Distributed
three arrays 2.6 × 3 20 LPM-AIT - - -

Distributed
three arrays 2.6 × 3 10 GAPES 0.8408 −13.0125 −9.9404

Distributed
three arrays 2.6 × 3 20 GAPES - - -

Distributed
three arrays 2.6 × 3 10 OMP 0.4315 −33.2821 −30.8183

Distributed
three arrays 2.6 × 3 20 OMP - - -

Distributed
three arrays 2.6 × 3 10 ISTA 0.3518 −27.1988 −23.2873

Distributed
three arrays 2.6 × 3 20 ISTA - - -

Distributed
three arrays 2.6 × 3 10 MIAA-AIT 0.5908 −12.8999 −9.6135

Distributed
three arrays 2.6 × 3 20 MIAA-AIT 0.3620 −12.2282 −8.7768

: The three targets are indistinguishable, or the position is significantly offset. : The
three targets are clearly distinguishable, with no position offset.

4.2. Surface Target Simulation

To validate the performance of the proposed algorithm in practical environments,
this paper presents the simulation results of a distributed forward-looking array targeting
surface objects. In all simulations in this section, the signal-to-noise ratio is set to 25 dB.
The simulation parameters are detailed in Table 1. The real surface target image used
for generating surface target echoes is displayed in Figure 13a. Based on this image,
the simulation results are as follows.

The area forward-looking imaging simulation result using a 20 m gapless long-aperture
array based on the traditional ECS algorithm is shown in Figure 13b. This result demon-
strates effective imaging of the target area, although the image exhibits some scalloping
effects that can be corrected in post-processing [57,58]. However, as previously analyzed,
achieving such a long aperture length with airborne radar is practically challenging. When
using a shorter, more feasible aperture for forward-looking imaging, the azimuth resolution
is extremely low, as shown in Figure 13c, making it difficult to resolve the forward-looking
area effectively.

On this basis, using a distributed array system significantly improves the forward-
looking imaging results compared with a single aperture array. Nevertheless, the results
vary with different algorithms. As shown in Figure 13d, the compressed sensing imag-
ing result based on the OMP algorithm compresses each ship target into sparse pixels,
leaving only a few strong scatter points on the land, which complicates effective imaging.
In contrast, aperture interpolation methods that utilize echo prediction and recovery yield
better results.
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(a) (b)

(c) (d)

(e) (f)

Figure 13. Simulation results of surface targets using various algorithms. (a) Original image of surface
target. (b) Imaging results of surface targets using 20 m aperture radar based on ECS algorithm.
(c) Imaging results of surface targets using single−array radar based on ECS algorithm. (d) Imaging
results of surface targets using distributed array based on OMP algorithm. (e) Imaging results of
surface targets using distributed array based on LPM−AIT algorithm. (f) Imaging results of surface
targets using distributed array based on MIAA−AIT algorithm.

By comparing the imaging results of the ship targets at the bottom of the images and
land areas, it can be seen that the imaging result based on the LPM-AIT algorithm, as de-
picted in Figure 13e, which uses an autoregressive model, exhibits significant disturbances,



Remote Sens. 2024, 16, 3991 27 of 33

with noticeable flickering and jittering of strong scatter points. Conversely, the proposed
MIAA-AIT algorithm achieves excellent recovery of the ship targets, and the land targets
are clearly distinguishable, realizing a forward-looking imaging performance close to that
of the 20 m gapless long-aperture array, as shown in Figure 13f.

4.3. Experimental Results with Measured Millimeter-Wave Data

To assess the performance of the proposed model and its associated algorithm, we
conducted forward-looking imaging experiments using a distributed array system based
on the AWR2243 cascade radar from Texas Instruments (TI) [59]. The AWR2243 cascade
radar supports MIMO mode, enhancing the angular resolution for both medium-range
radar (MRR) and short-range radar (SRR) imaging.

When operating in MIMO radar mode, the cascade radar consists of 12 transmit
antenna elements and 16 receive antenna elements. According to the principle of equivalent
phase centers, the MIMO radar can be equivalently transformed into a SISO mode for each
element, resulting in a total of 86 equivalent SISO antenna elements in the azimuth direction,
with an equivalent array length of approximately 0.08 m. In this experiment, the AWR2243
cascade radar was used in short-range radar imaging mode, with key parameters listed in
Table 3.

Table 3. Millimeter-Wave experiment parameters.

Parameter Value

Center frequency 78.2 GHz
Bandwidth 2528 MHz

Equivalent element spacing 0.98 mm
Number of elements 86

Equivalent single array aperture length 8.4 cm
Radar-to-target distance 7.1 m

Rail length 0.5 m

The experimental setup is illustrated in Figure 14a,b. To achieve distributed imaging,
a high-precision rail with a length of 0.5 m was used to move the AWR2243 cascade radar
to different positions for sampling. This setup effectively simulates a distributed array
forward-looking imaging model. The primary setup in this experiment confirmed the
imaging efficacy with an array spacing quintuple that of the aperture length, approximately
0.42 m, and a signal missing rate exceeding 65%. The imaging targets consisted of four
corner reflectors positioned at 7.1 m and 8.7 m, with a 0.1-m separation between reflectors 1
and 3.

The experimental results are as follows. Figure 14c,d shows the imaging result
generated by sampling each position along the rail, creating a 0.5-m-long array signal.
The zoomed-in image of Figure 14c and the three target envelopes in Figure 14d reveal
that each corner reflector at 7.1 m can be clearly resolved, with a resolution of 0.0314 m for
reflector 2, as detailed in Table 4. Conversely, employing a single array for forward-looking
imaging, as illustrated in Figure 14e,f, results in indistinguishable and overlapping targets,
rendering their resolution unfeasible.

To address this, we applied an equivalent distributed array model, utilizing rail
movements to image the target area using various algorithms, as depicted in Figure 14g–p.
All gapped signal recovery algorithms successfully resolved the three corner reflectors.
However, due to the sensitivity of the compressed sensing algorithm to noise, the imaging
results of the OMP- and ISTA-based algorithms exhibit sidelobes, making it difficult to
clearly distinguish the three targets, as shown in Figure 14g–i.

In the imaging experiment using the LPM-AIT algorithm (Figure 14k,l), although the
corner reflectors were discernible, signal recovery was compromised by gaps exceeding
65%, leading to a reduced azimuth resolution of approximately 0.0925 m. The target
imaging performance based on GAPES was superior to that of LPM-AIT, as shown in
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Figure 14m,n. Its resolution was better, about 0.0671 m, but the envelope of the reflector
target located at the center was still relatively wide compared with the full aperture. In
contrast, the proposed MIAA-AIT algorithm achieved clear and distinguishable imaging of
the three targets, with an azimuth resolution of 0.0328 m and no grating lobe interference,
as shown in Figure 14o,p and Table 4. The imaging result was comparable to that of
full-aperture imaging and superior to the other methods.

(a) (b)

(c) (d)

(e) (f)
Figure 14. Cont.
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(g) (h)

(i) (j)

(k) (l)
Figure 14. Cont.
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(m) (n)

(o) (p)
Figure 14. Comparison of algorithms with measured data (a) Overall experimental setup photo1.
(b) Overall experimental setup photo2. (c) Imaging results with 0.5 m synthetic array. (d) Target
azimuth envelope imaging results with 0.5 m synthetic array. (e) Imaging results with single cascade
radar. (f) Target azimuth envelope imaging results with single cascade radar. (g) Imaging results
using distributed array based on OMP algorithm. (h) Target azimuth envelope imaging results using
distributed array based on OMP algorithm. (i) Imaging results using distributed array based on
ISTA algorithm. (j) Target azimuth envelope imaging results using distributed array based on ISTA
algorithm. (k) Imaging results using distributed array based on LPM−AIT algorithm. (l) Target
azimuth envelope imaging results using distributed array based on LPM−AIT algorithm. (m) Imaging
results using distributed array based on GAPES algorithm. (n) Target azimuth envelope imaging
results using distributed array based on GAPES algorithm. (o) Imaging results using distributed
array based on MIAA−AIT algorithm. (p) Target azimuth envelope imaging results using distributed
array based on MIAA−AIT algorithm.

Table 4. Reflector target analysis for each algorithm.

Imaging Model Aperture
Length/m

Imaging
Algorithm Resolvable Azimuth

Resolution/m PSLR/dB ISLR/dB

Single array 0.084 Beamforming ≥0.10 - -
Synthetic array 0.42 Beamforming 0.0314 −13.4881 −13.4632

Distributed two arrays 0.084 × 2 OMP - - -
Distributed two arrays 0.084 × 2 ISTA - - -
Distributed two arrays 0.084 × 2 LPM-AIT 0.0925 −13.2821 −9.8183
Distributed two arrays 0.084 × 2 GAPES 0.0671 −11.7116 −8.2385
Distributed two arrays 0.084 × 2 MIAA-AIT 0.0328 −10.6285 −9.5112

: The three targets are indistinguishable. : The three targets are clearly distinguishable.
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5. Conclusions

Aperture length significantly impacts the performance of airborne forward-looking
imaging. However, platform payload constraints make achieving a sufficiently long az-
imuth aperture with a single airborne platform challenging. To overcome this limitation, we
introduce a novel distributed MIMO radar forward-looking imaging method, employing
multiple aircraft equipped with linear arrays for coherent imaging. In the corresponding
forward-looking algorithm, the distributed array sampling signals are treated as a signal
missing model. Utilizing the improved MIAA-AIT algorithm, the discontinuous radar array
signals are reconstructed into a virtual gapless long array signal. Furthermore, the proposed
reference RCMC method, through step-by-step correction, achieves two-dimensional de-
coupling of radar signals and effectively reduces signal aliasing compared with traditional
RCMC techniques. Extensive simulation and experimental data have substantiated that
this method can stably and effectively realize high-resolution forward-looking imaging
with a single snapshot, achieving imaging performance comparable to that of a long ar-
ray. The research demonstrates notable advantages, considerably broadening the research
horizons in the field of airborne radar forward-looking imaging. For future research, we
will focus on the motion compensation algorithms for spatially distributed arrays, as well
as time, frequency, and phase synchronization compensation between arrays, in order to
achieve stable, high-resolution forward-looking imaging.
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