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Abstract

In this work, a novel hybrid algorithm is introduced that combines the range migration algo-
rithm (RMA) and the back projection algorithm (BPA). The traditional image reconstruction
algorithms used for synthetic aperture radar each have trade-offs between computational
efficiency and imaging accuracy. The proposed hybrid RMA-BPA approach leverages the
computational efficiency of RMA for the initial image reconstruction and object detection,
followed by BPA for the refined, high resolution of the cropped region of data. The method
of focusing computational resources on the smaller cropped datasets that contain the objects
significantly reduces the processing time compared to that of traditional standalone BPA. The
hybrid approach’s performance was evaluated over three different scenarios, providing a reduc-
tion in computation time for each scenario. Due to the algorithm’s approach to crop the dataset
for the specific object, the increased efficiency varied. The different scenarios each produced
different times to compute; however, the most impressive result delivered a 75.2% reduction in
computation time compared to traditional BPA, without sacrificing the accuracy of the image.
The hybrid approach is especially suited for applications that require precise object detection
in healthcare, oil and gas, security, and industrial inspections.

Introduction

Synthetic aperture radar (SAR) imaging has become a crucial technique in remote sensing
and short-range millimeter-wave (mmWave) applications, providing high-resolution images
for domains such as healthcare, security, non-destructive testing, and environmental monitor-
ing [1-4]. Unlike optical systems, SAR operates with radio frequencies capable of penetrat-
ing certain materials, enabling through-wall monitoring, vegetation analysis, and subsurface
imaging of glaciers [5, 6]. SAR has also demonstrated significant utility in disaster manage-
ment by enabling structural-damage detection and flood mapping even under poor visibility
conditions [7, 8].

Despite these advantages, one of the central challenges in SAR imaging lies in balancing
computational efficiency with spatial accuracy. Traditional reconstruction algorithms - such as
the back projection algorithm (BPA) and the range migration algorithm (RMA) - each offer
benefits but also critical limitations. BPA, a spatial-domain method, is widely regarded as the
“gold standard” for near-field SAR due to its ability to model wavefront curvature and achieve
high-fidelity reconstructions [9, 10]. However, this accuracy comes at the cost of extremely high
computational complexity, making BPA impractical for large datasets or real-time applications.
Conversely, RMA operates in the frequency domain, leveraging Fast Fourier Transform (FFT)-
based processing and Stolt interpolation for substantial speed improvements [11, 12]. While
efficient, RMA may suffer from resolution degradation and position offsets in near-field sce-
narios due to interpolation errors [13]. Prior comparative studies confirm that RMA excels in
cross-range resolution and rapid processing, whereas BPA outperforms in range resolution and
object localization accuracy [12].

The trade-off between these two methods motivates the development of hybrid strategies. In
this work, we propose a novel hybrid algorithm that combines the computational efficiency of
RMA with the imaging accuracy of BPA. The key innovation lies in using RMA to perform initial
reconstruction and adaptive thresholding for object localization, followed by cropping the raw
SAR data cube to the identified region of interest. BPA is then applied exclusively to this reduced
dataset, achieving near-BPA image fidelity with significantly lower processing time. Unlike prior
work, which often applied full-scene BPA or relied solely on frequency-domain approximations,
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the proposed approach validates this hybrid framework exper-
imentally by quantifying both computation-time reduction and
image-quality preservation [12, 14-17].

Materials and methods
Data acquisition

The SAR dataset used in this study is obtained through the
University of Texas at Dallas [18]. Their work highlights a two-
dimensional near-field imaging system based on SAR techniques
and low-cost system-on-chip mmWave frequency-modulated
continuous-wave radars. Their system uses a Texas Instruments
IWR1443 77-GHz radar sensor that is integrated with a two-axis
automatic rail system to collect data. The collection of the data
relies on moving the radar on a trajectory in the plane to form
a rectangular grid of measurement points. After the recording of
the data, it is organized into a three-dimensional cube consist-
ing of samples in the time domain, vertical points, and horizontal
points [5]. Parameters for the Flat 2-D Target scenario scan are
summarized as follows:

o Number of samples in time domain: 512

« Horizontal aperture size: 407 mm

o Vertical aperture size: 100 mm

« Horizontal sampling distance (dx): 200/406 mm
o Vertical sampling distance (dy): 2 mm

Target range (z): 280 mm.

The dataset is used to evaluate the performance of the algorithms
in reconstructing SAR images.

Hybrid RMA-BPA algorithm

The hybrid algorithm allows for the accuracy of the BPA image
reconstruction but leverages the RMA to improve the computation
speed. This algorithm accomplished this by utilizing RMA for ini-
tial processing to detect and crop the region of interest around the
object, and then applying the BPA to focus on the cropped data for
enhanced detail in the final image. The steps are:

(i) The raw SAR data is first processed using the RMA to create
an initial SAR image. The RMA process is shown in “Range
migration algorithm (RMA)” subsection.

(if) The RMA-reconstructed image is used with a threshold value
that allows the region containing the object of interest to be
identified. An expansion parameter is also applied to enlarge
the bounding box. This thresholding method is shown in
“Thresholding and cropping” subsection.

The raw SAR data is cropped according to the bounding box
that is determined by the threshold and expansion parame-
ters. This cropping of the data based on object detection is
shown in “Thresholding and cropping” subsection.

The cropped SAR data is then passed to the BPA for the final
image reconstruction. The BPA process is shown in “Back
projection algorithm (BPA)” subsection.

(iii)

(iv)

Range migration algorithm (RMA)

The RMA reconstructs SAR images by processing radar echoes in
the spatial frequency domain. The steps to reconstruct the image
using RMA are as follows:
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(i) Transform the SAR data into the spatial frequency domain
using a 2-D FFT.
(ii) Apply a phase correction filter to align the data to the desired
target range z;.
(iii) Transform the processed data back into the spatial domain
using an inverse 2-D Fast Fourier Transform (IFFT).

The SAR data that is collected over the spatial coordinates (x’, y”) is
transformed into the spatial frequency domain using the 2-D FFT:

SARFFT(kkay) = FFTZD{SAR(xay)} (1)

where SAR(x, y) represents the SAR raw data in the spatial domain,
and k, and k,, are the spatial frequency components in the horizon-
tal and vertical axes, respectively.

These spatial frequency components k, and k, are calculated
using the following formulas:

N. 2
x:(n——x).—ﬂ n=0,1,...N,—1 (2)

2 x-xstep’

N, 2
k:(m——y>- , m=0,1,....N,—1 (3)
4 2 Nyystep 4

where xy., and y., are the sampling intervals in the x and y axes,
and N, and N, are the number of sample points in each direction.
The spatial frequency vectors k, and k, are constructed to be sym-

metric about zero, centering the frequzncy range and ensuring the
zero-frequency component lies in the center of the spectrum for
correct Fourier domain processing.

To account for the target range z;, a phase correction filter is
applied in the spatial frequency domain:

SARCorrected (kx ’ ky) = SARgpr (kx ’ ky) - €Xp ( —iK.z) (4)

where the corrected wavenumber K, in the range direction is
calculated as:
2m
K, = /4> —ki— k5, withk = —Cf" (5)
Here, k, and k, are the spatial frequency components, z is the
fixed range to the target, c is the speed of light (3 x 10® m/s), and
fo is the center frequency of the radar signal.

After applying the phase correction, the corrected data is trans-
formed back into the spatial domain using an inverse 2-D FFT:

SARImage (xv J’) = ’IFFTZD{SARCOrreCted (kx7 ky) } | (6)

The absolute value denotes taking the magnitude of the complex
result to compute the intensity of the image.

In summary, RMA reconstructs the SAR image by utilizing the
spatial frequency domain and applying phase corrections to align
the data with the desired target range z,. The algorithm’s use of
Fourier transforms makes it computationally efficient and well-
suited for rapid, high-resolution imaging. These derivations follow
standard frequency-domain formulations presented in prior SAR
literature, including Soumekh [7], Gough and Hawkins [11], and
Richards [8].

Thresholding and cropping

After the RMA is performed (shown in “Range migration algo-
rithm (RMA)” section), the goal is to set a threshold and identify
the object. To do this, a binary mask is created by applying the
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threshold T to the RMA-reconstructed image:

1 if |SARpua(x, )| > T

0 otherwise

Mask(x, y) = { (7)

The raw SAR data is then cropped to the dimensions of the
bounding box, which also considers the expansion parameter to
ensure the object is fully captured. The bounding box is calculated
as:

Bounding Box Expanded = [ min —e, max +e,
X X

min —e, max +e| (8)
y y
where e is the expansion margin defined by the user. The original
SAR raw data is cropped according to this bounding box, resulting
in the following cropped dataset:

Cropped Raw Data = Raw Data| X, © Xmaxs
Ymin * Y max] (9)

The cropped data is then passed to the BPA, and the recon-
struction process described in “Back projection algorithm (BPA)”
section takes place. Since BPA is applied only to the smaller dataset,
the algorithm reconstructs a high-resolution image of the target
with improved computational efficiency.

Back projection algorithm (BPA)

The BPA reconstructs SAR images in the spatial domain by inte-
grating contributions from radar echoes for every pixel in the
image. BPA operates by:

(i) Calculating the round-trip distance R between the radar and
each pixel in the image.
(ii) Determining the corresponding time delay for radar returns.
(iii) Correcting for phase shifts introduced by propagation.
(iv) Summing all contributions for each pixel, while accounting
for geometric weights and optional windowing functions to
reduce artifacts.

The round-trip distance R is calculated from the radar position
(x,y",z = 0) to a target point (x, y,z = z;) as:

RGxy.x'y) =/ k=% P+ -y +ad  (10)
where (x, y) is the target point in the image plane, (x,y’) is the
radar position during the measurement, and z; is the fixed range
of the target.

The time delay for the radar signal is given by:

2R
tR:_

(11)
c
where ¢ is the speed of light (3 x 108 m/s).

Since the radar returns are sampled at discrete time intervals,
the exact time delay ¢ typically falls between two sampled points.
Linear interpolation is used to approximate the signal value S(#):

S(tR) = (thigh - tR) ' Slow + (tR - tlow) ' Shigh (12)
where Sy, and Syg, are the signal values at the nearest sampled
times #y,,, and f;g,, respectively.
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Figure 1. Photograph of “Flat 2-D Target”.

To account for the phase shifts introduced by round-trip prop-
agation, a phase correction factor is applied:

Phase Factor = exp(—i - k - 2R) (13)

where k is the wavenumber, defined as k = 2777, and the wavelength
is given by A = f, with f; being the center frequency of the radar
signal. '

The pixel accumulation is computed as the complex reflectiv-
ity of a pixel at (x,y) by summing the contributions from all

measurement points:
I(x,y) = Y Sltg) - exp (—i-k-2R(x,y,x,y"))
X/ ,/V/
Finally, the SAR image intensity is obtained by taking the mag-
nitude of the complex result:
I(x,y) = [1(x,)] (15)

These BPA equations are well established in SAR imaging the-
ory and can be found in standard references such as Soumekh [7],
Richards [8], and Yanik and Torlak’s SAR tutorial [14].

(14)

Results

This section presents the reconstructed SAR images for the BPA,
RMA, and the hybrid RMA-BPA algorithms. The computational
times for each algorithm are analyzed and summarized in a com-
prehensive table.

SAR image reconstruction results

There are three different datasets of raw SAR. These include
three different scenarios: Flat 2-D Target, Two Flat 2-D Targets
Concealed in Box, and Cascaded Concealed Targets.

The scenario titled Flat 2-D Target is a simple 2-D flat metal
object with different shape cutouts, as shown in Figure 1.

The scenario titled Two Flat 2-D Targets Concealed in Box con-
tains the same object from the Flat 2-D Target, along with a second
object. Both are placed inside a box — one taped to the front interior
and the other on the back interior of the box — as shown in Figure 2.

The final scenario, titled Cascaded Concealed Targets, involves
two stacked boxes, each containing different real-world objects.
Figure 3 shows the setup for this scenario.
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Figure 2. Photograph of “Two Flat 2-D Targets Concealed

Back projection algorithm (BPA)

The reconstructed images using the BPA are shown in Figure 4.
Figure 4 demonstrates that the BPA algorithm is capable of pro-
ducing high-resolution images with detailed focus on the target
object; however, this comes at the cost of computational efficiency.
The computation time for the reconstructed image of the Flat 2-D
Target scenario (Figure 4(a)) is 445.458 seconds. This time is sig-
nificantly higher than that required by other algorithms that will
be compared later in this paper.

Range migration algorithm (RMA)

The reconstructed image using the RMA is shown in Figure 5.
The RMA uses Fast Fourier domain processing to generate a SAR
image efficiently. Overall, the images produced by the RMA are
relatively similar to those of BPA, but with significantly lower
computational cost. The computation time for the reconstruc-
tion of the Flat 2-D Target scenario, shown in Figure 5(a), is
1.7 seconds.

Hybrid RMA-BPA algorithm

The reconstructed image using the hybrid RMA-BPA algorithm
is shown in Figure 6. The hybrid RMA-BPA algorithm combines
the efficiency of RMA with the accuracy of BPA. The RMA is first
used to create an initial SAR image and identify the object. The
data is then cropped to a region around the detected object, and
BPA is applied to this cropped data. This method allows BPA to
be run for reconstructing an image of the object with significantly
reduced computation time compared to the full BPA. The compu-
tation time for the reconstruction of the Flat 2-D Target scenario,
shown in Figure 6(a), is 110.59 seconds.
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in Box”.

Figure 3. Photograph of “Cascaded Concealed Targets”.

Computational time comparison

The computation times for the BPA, RMA, and the hybrid
RMA-BPA algorithm are shown in Table 1.

In order to quantify the image quality, commonly used met-
rics, including the structural similarity index (SSIM), peak signal-
to-noise ratio (PSNR), and target peak localization error, were
computed. All of these metrics were computed using the BPA
reconstruction as the reference image [17]. These metrics were
evaluated using the Flat 2-D Target scenario by comparing the
RMA reconstruction against that of BPA.

In this case, RMA achieved an SSIM of 0.7958 and a PSNR
of 22.04 dB relative to BPA. This indicates a moderate structural
similarity. A peak localization error of 19.42 pixels (9.54 mm)
was observed. This reflects a measurable spatial offset between
the reconstructed target locations. The quantitative results provide
support for the visual results that RMA does provide substan-
tial computational efficiency; however, it introduces localization
inaccuracies in near-field scenarios.

The image-quality metrics are not directly reported for that of
the hybrid RMA-BPA method because the final hybrid reconstruc-
tion is performed on a cropped region of interest rather than that
of the full scene. Pixel-wise comparisons such as SSIM and PSNR
are not meaningful because of the mismatch in the spatial support.
The hybrid method applies BPA to the cropped data cube with-
out modifying the BPA formulation, meaning the resulting image
fidelity within the region of interest is the same as that of full-scene
BPA image reconstruction. The most important contribution of
the hybrid approach is the ability to reduce the computational cost
while also maintaining the BPA-level resolution and accuracy.

Image-quality metrics are reported only for the RMA recon-
struction relative to BPA, as the hybrid RMA-BPA method applies
BPA to a cropped region of interest, making pixel-wise metrics
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Figure 4. SAR images reconstructed using the BPA. (a) Flat 2-D Target scenario. (b) Two Flat 2-D Targets Concealed in Box (front side of box). (c) Two Flat 2-D Targets
Concealed in Box (back side of box). (d) Cascaded Concealed Targets (first target). (e) Cascaded Concealed Targets (second target).

such as SSIM and PSNR ill-defined due to the mismatch in spatial
support.

Comparison with other studies

SAR image reconstruction has been thoroughly researched, with
multiple algorithms introduced in order to balance computational
efficiency and spatial resolution. The BPA and RMA are two of the
most commonly used techniques. Each of these algorithms has its
own advantages and limitations. Recent literature has introduced
variations of these algorithms to address the trade-offs between
speed, accuracy, and implementation complexity.

In a terahertz (THz) SAR study, Wang et al. systematically com-
pared BPA and RMA in both 2-D and 3-D imaging tasks [12]. Their
results showed that RMA offered improved cross-range resolution
and better suppression of out-of-focus objects in 2-D imaging,

https://doi.org/10.1017/51759078726103031 Published online by Cambridge University Press

whereas BPA excelled in range resolution for 3-D reconstruc-
tions, particularly in resolving fine structural details. This work
emphasized that the choice between BPA and RMA depends on
the application’s priorities: spatial accuracy versus computational
speed.

Other studies have explored simplified or hardware-adapted
implementations of SAR imaging. For example, Yanik and
Torlak demonstrated simplified 2-D FFT-based imaging meth-
ods for mmWave near-field measurements using low-cost Texas
Instruments radar sensors [14]. Their tutorial system favored com-
putational simplicity and accessibility over maximizing resolution,
underscoring the ongoing trade-off between efficiency and accu-
racy in applied SAR systems.

Recent research has also introduced optimization techniques to
accelerate RMA implementations, such as GPU-based acceleration
achieving more than an order of magnitude speedup compared to
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Figure 5. SAR images reconstructed using the RMA. (a) Flat 2-D Target scenario. (b) Two Flat 2-D Targets Concealed in Box (front side). (c) Two Flat 2-D Targets Concealed in
Box (back side). (d) Cascaded Concealed Targets (first object). (e) Cascaded Concealed Targets (second object).

CPU versions [19]. In parallel, sparse reconstruction methods have
been applied to SAR imaging, reducing the number of required
measurements but introducing added algorithmic complexity and
reliance on sparsity assumptions [20].

As summarized in Table 3, representative SAR reconstruction
methods span a range of time/accuracy trade-offs. The region of
interest or ROI refers to the cropped spatial area that is localized
from the initial RMA reconstruction and then used for the final
BPA refinement.

In our hybrid framework, the final reconstruction stage is per-
formed with the BPA, but restricted to a smaller cropped data cube
around the detected region of interest. This ensures that the res-
olution and accuracy achieved are equivalent to full-scene BPA
reconstructions, since the underlying physics and mathematical
operations of BPA remain unchanged. Prior studies consistently
demonstrate that BPA yields the highest fidelity and resolution

https://doi.org/10.1017/51759078726103031 Published online by Cambridge University Press

among classical SAR reconstruction algorithms, albeit with a sig-
nificantly higher computational burden. For example, Wang et al.
report that BPA provides superior image sharpness and localiza-
tion accuracy compared to RMA, especially in near-field scenarios
where Stolt interpolation can introduce distortions [12]. Similarly,
Li et al. emphasize that BPA is often considered the “gold stan-
dard” for high-precision SAR imaging due to its exact handling of
wavefront curvature [13]. By confining BPA to a cropped subset
of the raw data, our method preserves this gold-standard reso-
lution while simultaneously reducing computation time by up to
75.2%. This combination of BPA-level precision with RMA-driven
efficiency distinguishes the hybrid algorithm from conventional
single-method approaches.

In summary, BPA remains the benchmark for image fidelity but is
computationally prohibitive in time-sensitive or large-scale imag-
ing. RMA and its optimized variants achieve substantial speedups
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Figure 6. SAR images reconstructed using the hybrid RMA-BPA algorithm. (a) Flat 2-D Target scenario. (b) Two Flat 2-D Targets Concealed in Box (front side of box). (c) Two
Flat 2-D Targets Concealed in Box (back side of box). (d) Cascaded Concealed Targets (first target). (e) Cascaded Concealed Targets (second target).

but may incur accuracy trade-offs in near-field applications. Sparse
imaging and simplified methods further reduce acquisition or pro-
cessing cost but add complexity or sacrifice detail. In contrast,
the proposed hybrid RMA-BPA method combines the strengths
of both algorithms: RMA efficiently identifies the region of inter-
est, and BPA refines reconstruction within that region. This yields
near-BPA resolution at significantly reduced computational cost,
making it particularly suited for scenarios such as security screen-
ing, non-destructive evaluation, and industrial inspection.

https://doi.org/10.1017/51759078726103031 Published online by Cambridge University Press

Discussion
Algorithm comparisons

The BPA, RMA, and proposed hybrid RMA-BPA algorithm
were evaluated for SAR image reconstruction through different
scenarios. The results shown in “Results” section provide insightful
information that can be used to compare the three algorithms with
each other.
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Table 1. Computation times for SAR reconstruction algorithms

Algorithm Computation time
BPA 445.458 seconds
RMA 1.7 seconds

Hybrid RMA-BPA 110.59 seconds

Table 2. Quantitative image quality metrics for the Flat 2-D Target scenario
(reference = BPA)

Algorithm SSIM PSNR (dB) Peak error (mm)

RMA (vs. BPA) 0.7958 22.04 9.54

The BPA serves as the gold standard for image quality; however,
it is computationally complex. In this study, when reconstruct-
ing the “Flat 2-D Target” scenario using BPA, the total run time
was 445.458 seconds. This reinforces other studies that suggest
BPA is extremely accurate, but it is impractically computationally
extensive for time-sensitive or large-scale applications [12, 13].

The RMA uses frequency-domain processing, allowing it to
achieve a dramatic reduction in time to compute. The RMA was
able to reconstruct the same image in just 2.7 seconds. This sup-
ports the efficiency that is displayed in other literature [12]. This
efficiency does cause the resolution of the result to be slightly less
than that of BPA. This makes RMA less suitable for applications
that might require sub-millimeter precision [20].

The hybrid RMA-BPA algorithm helps to bridge the gap
between efficiency and accuracy. Using RMA to detect the object
of interest before applying the BPA, the hybrid algorithm reduced
the computational time to 110.59 seconds for the same scenario.
This change in computational time is a 75.2% reduction compared
to traditional BPA and can maintain a similar level of image resolu-
tion. Various hybrid approaches have been explored conceptually
in previous studies [19, 20]; however, this study demonstrates a
unique implementation where RMA is used for object detection,
cropping is performed on the data, and lastly a localized recon-
struction for enhanced resolution. This implementation offers a
new contribution to SAR image reconstruction technology.

Each of the algorithms exhibits different strengths and weak-
nesses that make possible applications specified to the type of algo-
rithm. BPA provides high accuracy and resolution that the other
algorithms lack. This makes BPA ideal for applications that require
detailed precision, such as in defense or healthcare applications.
The issue is that the high computational cost makes BPA almost

Table 3. Representative SAR reconstruction methods and trade-offs

Gannon et al.

impossible to implement in large-scale scenarios or real-time appli-
cations.

RMA provides the shortest computational time as it excels
in rapid imaging. RMA utilizes the Fourier domain operations
to reconstruct the images. The low computational cost of RMA
makes it well suited for large-scale and speed-constrained appli-
cations. Terrain mapping, industrial inspections, and concealed
object detection are all applications where RMA would perform
well [12, 20]. RMA does lack detail for applications that might
require more precision.

The hybrid RMA-BPA approach provides an algorithm that
utilizes the strengths of both RMA and BPA. Hybrid RMA-BPA
implements RMA as a pre-processor of the data to reduce the
size of the data and focus on the object that is detected within
the dataset. The cropped object-focused data is then reconstructed
using BPA, which makes it more feasible for time-sensitive appli-
cations. The algorithm is suitable for applications like security
screenings, where a concealed object can be identified and then
cropped and inspected deeper using the BPA.

The hybrid RMA-BPA algorithm offers a lot of useful advan-
tages when compared to other reconstruction algorithms; however,
the algorithm is not without its weaknesses. Cropping the SAR
data introduces its own risks, such as possible artifacts and blurry
edges around the object. Artifacts appear more commonly when
the bounding box is too small or misaligned. These issues arise as
the reduction in the dataset during cropping can exclude periph-
eral data that can cause the higher signals to be dampened when
plotting, as the low signals away from the object are discounted.

The algorithm’s performance depends on the chosen threshold
for object detection. A higher threshold risks part of the object
being excluded from the final image; however, a low threshold
might include too much of the data and not be focused on the
object. The biggest issue with the low threshold is that it allows
more data to be passed to BPA, which makes the computational
time higher.

Advantages and limitations

The proposed method offers the following advantages and limita-
tions:
Advantages:

« Significant computation-time savings when compared to full-
image BPA [12].

Algorithm Time cost Resolution Notes/Key points

BPA [12, 13] High High (range and cross- Accurate localization and fine detail; computa-
range) tionally expensive.

RMA [12] Low Strong cross-range; FFT/Stolt-based; possible near-field position
slightly weaker range offsets.

Simplified FFT-based SAR [14] Moderate Limited Practical for mmWave demos; trades resolution

for simplicity.
GPU-accelerated RMA [19] Very low (up to 15x Near-BPA Suitable for large-scale/real-time; requires GPU
faster than CPU) expertise.
Sparse near-field SAR [20] Moderate BPA-like Fewer samples; higher algorithmic complexity

and reliance on sparsity assumptions.

Hybrid RMA-BPA (this work) Up to 75.2% faster vs.

BPA

BPA-level in ROI

RMA for rapid ROI localization; BPA for refined
reconstruction on cropped data.
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o Preservation of BPA-level resolution within the region of inter-
est [12, 14]

« Applicability to time-sensitive, high-resolution inspection
tasks [16].

Limitations:

o Sensitivity to threshold selection, which might possibly omit
low-intensity targets if set too high [15].

« Potential cropping artifacts or partial object loss if bounding
boxes are undersized or misaligned, which are limitations con-
sistent with observations in previous SAR literature [12].

Conclusions

This work has introduced a hybrid RMA-BPA algorithm that intel-
ligently combines the efficiency of the RMA with the accuracy
of the BPA. The novelty of the work lies in using RMA for ini-
tial reconstruction, utilizing bounding-box detection of the region
of interest around the object, followed by BPA applied only to
the cropped raw data. This approach reduces computation time
by up to 75.2% compared to traditional full-data BPA, while still
achieving comparable image resolution in the region of interest.

The proposed method offers several advantages: (i) reduction
in computation time without sacrificing reconstruction accuracy,
(ii) ability to scale to larger datasets or real-time scenarios, and
(iii) improved use in practical applications such as security screen-
ing, non-destructive evaluation, healthcare imaging, and industrial
inspection. The hybrid algorithm does have its own limitations,
which should be acknowledged. The performance of the hybrid
approach is sensitive to the threshold selection and bounding-box
expansion parameters, which may require tuning across different
imaging environments and different applications. Additionally, the
method has so far been validated on controlled datasets; robust-
ness against multi-path effects, clutter, and strong noise remains to
be fully evaluated.

Future development will focus on addressing these limitations.
Adaptive or machine-learning-based thresholding strategies could
improve robustness across diverse scenarios. Hardware accelera-
tion, such as GPU or FPGA implementations, could further reduce
computation time and enable deployment in real-time imaging
systems. Extension to fully three-dimensional imaging and inte-
gration with deep learning classifiers are also promising improve-
ments that would broaden the range of applications.

In summary, the hybrid RMA-BPA algorithm represents a
novel contribution to SAR image reconstruction, offering a practi-
cal trade-off between efficiency and accuracy. The hybrid method
demonstrates strong potential for time-sensitive, high-resolution
imaging tasks, while leaving open important avenues for further
optimization and application in real-world environments.
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