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Abstract: Multi-baseline circular synthetic aperture radar (MB CSAR) can be applied to obtain a
three-dimensional (3D) image of the observation scene. However, the phase error caused by radar
platform motion or atmospheric propagation delay restricts its 3D imaging capabilities. The phase
error calibration of MB CSAR data is an essential step in the 3D imaging procedure due to the limited
accuracy of positioning sensors. Phase gradient autofocus (PGA) is widely utilized to estimate the
phase errors but is subject to shifts in the direction perpendicular to the line of sight and long iteration
time in some sub-apertures. In this paper, an improved PGA method for MB CSAR 3D imaging is
proposed, which can suppress the shifts and reduce computation time. This method is based on phase
gradient estimation, but the prominent units are selected with an energy criterion. Then, weighted
phase gradient estimation is presented to suppress the influence of prominent units with poor quality.
Finally, a contrast criterion is adopted to reach faster convergence. The experimental results based
on the measured MB CSAR data (Gotcha dataset) demonstrate the validity and feasibility of the
proposed phase error calibration method for MB CSAR 3D imaging.

Keywords: multi-baseline circular synthetic aperture radar (MB CSAR); phase error calibration;
three-dimensional (3D) imaging; weighted phase gradient autofocus (WPGA)

1. Introduction

Synthetic aperture radar (SAR) technology is one of many radar technologies [1–3] and
has great capabilities in imaging, target detection and terrain information extraction [4–7].
Thus, SAR has been widely applied in civilian and military fields, such as enemy reconnais-
sance, urban area imaging and farmland monitoring, showing huge potential for remote
sensing application. Unlike optical sensors, SAR can achieve effective detection under
poor-visibility conditions, like cloudy weather or nighttime [8], making it unique in its ap-
plication scenarios. According to different requirements, SAR has derived various working
modes, and multi-baseline circular SAR (MB CSAR) [9,10] is one of them. In this mode,
airborne radar flies around the scene of interest with a 360-degree circular motion and flies
along the same circular trajectory at different altitudes, forming multi-pass observations.
MB CSAR can obtain the information of the scene from various directions and then form
three-dimensional (3D) images.

In the field of MB CSAR 3D imaging technology, existing imaging methods are mainly
divided into two categories, which are direct 3D imaging methods, such as 3D back-
projection (3DBP) [11], and methods based on the principle of SAR tomography (To-
moSAR) [12,13]. TomoSAR methods first perform two-dimensional (2D) imaging for each
pass and then apply spectrum estimation methods such as Capon [14], multiple signal clas-
sification (MUSIC) [15] and compressed sensing (CS) [16] along the direction perpendicular
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to the line of sight (LOS⊥) for each pixel stack to achieve 3D images. A pixel stack refers
to a set of complex pixel values located at the same position of 2D images but collected
in different flying passes. TomoSAR methods are widely studied, since they are more
time-efficient than directly projecting radar echo signals onto a 3D grid in the 3DBP method
and also have the potential to achieve super-resolution in the LOS⊥ direction. In ideal
cases, the above imaging process can achieve good imaging results. However, in actual
measurements, it is difficult for the radar platform to follow the ideal circular trajectory,
and atmospheric propagation delay between trajectories often occurs. Such factors might
cause phase errors along the LOS⊥ direction. These phase errors can lead to a decrease in
the main lobe, an increase in side lobes and even strong blur in the image. Furthermore,
the accuracy of the positioning sensor is usually insufficient. Therefore, it is necessary to
address phase error calibration before 3D imaging in the imaging process.

Scholars have conducted extensive research studies on the phase error calibration
problem. The classical method refers data to a selected permanent scatterer (PS) or dis-
tributed (surface) scatterers (DSs) [17] and calibrates the phase error by measuring their
phase information. However, this method assumes that the phase error is space-invariant
or slowly changes in the scene of interest, so the calibration performance decreases when
the points to be calibrated are far away from the PS. In 2006, Reigber et al. [18] estimated
the phase error by modeling the baseline error from the interference result of two complex
images. However, due to the assumption that the baseline error on the entire distance
line is constant, phase errors may remain when the radar platform’s motion state changes
along the azimuth direction. In 2011, Gatti et al. [19] proposed algebraic altitude estimation
(ALGAE), which can separate the surface reflection from other surface reflections. This
method was verified on P-band SAR data obtained by the German Aerospace Center (DLR).
However, this method requires full polarization multi-baseline SAR data and 2D phase
unwrapping, resulting in a large computational burden. In 2016, the phase center double
localization (PCDL) method was proposed [20]. This method can complete the calibration
with only single-polarization data with lower computational complexity. However, its
performance may be affected when the correlation between two images is low.

Autofocus is a kind of calibration method which can be mainly divided into two
categories, criterion optimization and directly estimating the phase error. Criterion opti-
mization autofocus methods allow the phase error within each pixel stack to be calibrated
independently. In 2012, M. Pardini [21] used the minimum entropy criterion, with the
entropy as the function to be optimized, and searched for the phase error that minimizes the
entropy. However, in this method, shifts still exist in the LOS⊥ direction. In [22], the cyclic
coordinate descent approach was used to search for the phase error under the minimum en-
tropy criterion. In [17], the phase derivative constrained optimization (PDCO) method was
proposed, which provides and compares contrast and entropy as the optimization criteria.
In the PDCO method, the second derivative of the phase error is searched instead of the
phase error itself, solving the position shift problem by constraining the phase derivative.
Sharpness optimization autofocus (SOA) [23,24] is an algorithm where estimation is based
on coordinate descent but without the need to search. Since sharpness is defined by the
square of the intensity, which is rather uncomplicated, an analytical solution is derived,
saving the time cost caused by searching.

Autofocus methods of another kind estimate the phase error from the echo data
or image data directly. Unlike the criterion-based methods, the phase error cannot be
calculated pixel by pixel with such methods, since it is assumed that the phase error is
space-invariant. Therefore, they are generally more suitable for smaller scenes. Phase
gradient autofocus (PGA) was first applied in 2D imaging in [25,26]. This algorithm does
not require a metric for optimization, but directly estimates the phase gradient from the
echo data and can theoretically estimate phase error of any order. In 2D autofocus, the
PGA process includes windowing, shifting and phase gradient estimation. Subsequently,
some improved algorithms have also been proposed. In [27], quality PGA (QPGA) was
proposed, which improves the reliability and efficiency of PGA by selecting prominent



Remote Sens. 2024, 16, 4242 3 of 21

units. In [28], weighted phase curvature autofocus (WPCA) was introduced to process
repeat-pass SAR data. In [29], PGA was applied to TomoSAR imaging, and least squares
estimation was used in the calculation of the phase gradient. Feng et al. employed PGA
to solve the phase error calibration problem in MB CSAR imaging in 2019 [30]. Lu et al.
proposed the network construction PGA (NC-PGA) method in 2021 [31], which constructs
a Delaunay triangulation network using selected prominent units to estimate the initial
height of the scatterers in the prominent units, thereby eliminating the need to estimate
the shifts in the LOS⊥ direction. It also effectively addresses the issue of phase errors at
the edge of the aperture by dividing the imaging area into blocks for PGA processing. In
2024, Huang et al. [32] combined PGA with cumulative intensity projection registration
(CIPR) to solve the vertical shift problem and enhanced the robustness of the LOS⊥ position
estimation of the strongest scatterer by performing multi-look processing on 2D images.

Based on the existing research studies, an improved PGA method for MB CSAR 3D
imaging is proposed in this paper. This method is based on the idea of phase gradient
estimation and improves the computational efficiency and the quality of phase error
calibration by adopting a weighted PGA (WPGA) method and a new convergence condition
for iterative phase error calibration. Firstly, this algorithm basically follows the principle of
PGA, but the weights are calculated and applied to maximum likelihood (ML) estimation
for phase error gradients to suppress prominent units with bad quality. Secondly, prominent
units are selected with a new criterion based on the energy of the pixel stacks to achieve
better estimation performance and lower computational cost. The amplitude dispersion
index (ADI) criterion is not used due to the introduction of weights. Thirdly, the rate
of change for the contrast is used as the convergence condition for iterative phase error
calibration, which can effectively avoid the problem of slow convergence in some sub-
apertures and shifts in the LOS⊥ direction while ensuring the quality of autofocus.

The rest of this paper is organized as follows: Section 2 introduces the 3D imaging
model and phase error model of the MB CSAR system. Section 3 describes the principles and
processing procedures of the proposed autofocus method. In Section 4, the autofocus and
time efficiency performance of the proposed method is verified by using a real, measured
dataset compared with two other methods. Section 5 provides a conclusion of this paper.

2. MB CSAR Model
2.1. Three-Dimensional Imaging Model

The imaging geometry of the MB CSAR system is shown in Figure 1. An airborne
radar flies around the scene of interest along circular tracks and repeats P passes at different
altitudes. The azimuth angle of the radar is θ, and the elevation angle of the p-th pass
is φp (p = 1, 2, . . . , P). Achieving a 3D image requires four steps, including aperture
dividing, sub-aperture 2D imaging, sub-aperture 3D imaging and sub-aperture 3D image
accumulation.

Firstly, the whole circular aperture is divided into M non-overlapping sub-apertures,
each of which has a width of ∆θ = 2π/M in the azimuth and contains the echo data
collected from P passes.

Secondly, a sub-aperture image stack of P single-look complex (SLC) 2D images is
formed within each sub-aperture. Since ideal circular tracks are difficult to obtain in practice
and the back-projection algorithm (BPA) is applicable for any irregular flying tracks [33],
the BPA is adopted in this process. The 2D image value at (x′, y′) of the 2D ground plane
image grid of the p-th pass is denoted by gp(x′, y′).
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Figure 1. Imaging geometry of MB CSAR system.

Thirdly, the 3D image for each sub-aperture is generated based on the image stack.
Under ideal conditions, gp(x′, y′) is added up by scatterers at different locations in the
LOS⊥ direction; thus, it can be expressed as follows:

gp(x′, y′) = ∑
s

γ(x′, y′, s)ej2πσps, (1)

where σp = 2 cos2 φ tan φp/λ denotes the spatial frequency for the p-th pass of the current
sub-aperture, λ is the wavelength and φ is the average elevation. γ(x′, y′, s) denotes the
scattering coefficient distribution in the LOS⊥ direction. It should be noted that the LOS⊥
direction changes over sub-apertures.

For each pixel stack at (x′, y′), N points are sampled along the LOS⊥ direction from the
range [s1, sN ]. Let the steering vector be denoted by a(sn) = [ej2πσ1sn , ej2πσ2sn , . . . , ej2πσPsn ]T .
Steering vectors at different LOS⊥ locations form P × N matrix A, defined as
A = [a(s1), a(s2), . . . , a(sN)]. Let γ = [γ(s1), γ(s2), . . . , γ(sN)]

T be the scattering coeffi-
cient distribution. With P observations in one pixel stack, a vector g = [g1, g2, . . . , gP]

T can
be built. Then, Equation (1) can be expressed in the following matrix form:

g = Aγ + n, (2)

where n denotes the P × 1 noise vector. The 3D imaging problem is to obtain the scattering
coefficient distribution γ from the observation g. TomoSAR 3D imaging methods can be
applied to acquire γ, such as conventional beamforming (CBF), the iterative adaptive ap-
proach (IAA) and CS. Subsequently, a coordinate transformation from the local coordinate
system x′ − y′ − s to the global coordinate system x − y − z is operated as follows:

z = s cos φ

x = x′ − z tan φ cos θm

y = y′ − z tan φ sin θm,

(3)

where θm is the azimuth angle at the center of the m-th sub-aperture.
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Finally, the full aperture 3D image I(x, y, z) is acquired by accumulating all sub-
aperture 3D images Im(x, y, z), m = 1, 2, . . . , M. Since targets in the urban area are usually
anisotropic, incoherent superposition is performed here, which is given by

I(x, y, z) =
M

∑
m=1

|Im(x, y, z)|. (4)

2.2. Phase Calibration Model

The ideal imaging model is discussed in Section 2.1. However, since position error
during the movement of the radar platform and phase error between different passes exist
and the measurement accuracy of the global positioning system (GPS) or other positioning
sensors is insufficient, the imaging results are blurred, and further calibration is required
before applying 3D imaging methods.

For a 2D SLC image stack, the phase error for the p-th pass at (x′, y′) can be represented
as ϕp; let p = [ejϕ1 , ejϕ2 , . . . , ejϕP ]T . The relationship between the phase error and 2D SLC
images is expressed as follows:

g = p ⊙ Aγ + n. (5)

The goal of phase error calibration is to estimate the phase ϕp in p. In the case of a
small scene, the phase error can usually be considered space-invariant, that is, the phase
error does not change with the pixel position within the scene of interest. Under this
assumption, the phase error can be estimated by combining different pixel stacks.

3. Proposed Autofocus Method

Phase error calibration is performed before 3D imaging in each sub-aperture. PGA is
based on the assumption that the phase error is space-invariant within the scene of interest.
The fundamental idea of PGA is to select prominent units from 2D SLC images and use
them to estimate the phase error gradient along the LOS⊥ direction. The phase error is
then calculated with phase error gradient estimation. In this section, a new WPGA method
is introduced to estimate the phase error with a new prominent unit selection criterion and
a new convergence condition.

3.1. Weighted Phase Gradient Estimation

Let us suppose that K prominent units are selected for estimation. The estimation
model of the pixel stack gk at the k-th prominent unit is discussed as follows: The pixel value
at the p-th pass is composed of the strongest scatterer and clutter, where the clutter includes
other weak scatterers and noise. Let the clutter at the p-th pass of the k-th prominent unit
be denoted by cp,k. The pixel value obtained from the p-th pass can be expressed as follows:

gp,k = γkej(2πσpsk+ϕp) + cp,k, (6)

where γk is the scattering coefficient of the strongest scatterer and sk is the location of the
strongest scatterer in the LOS⊥ direction in the k-th prominent unit. The linear phase term
2πσpsk is dominated by the strongest scatterer and can be removed by estimating the position
of the strongest scatterer along the LOS⊥ direction. The removal of this term is given by

g′p,k = gp,ke−j2πσpsk

= γkejϕp + c′p,k,
(7)

where c′p,k = cp,ke−j2πσpsk . After this processing is completed, only the phase error con-
tributes to the phase term. Let bp be the vector that contains all pixel value samples
collected from K prominent units at the p-th pass, which is shown as follows:

bp = [g′p,1, g′p,2, . . . , g′p,K]
T . (8)
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PGA estimates the phase error gradient between each two adjacent passes by using
all chosen prominent units, thereby obtaining the phase error vector. Let the phase error
gradient be denoted by ̂̇ϕp, which is given by [25,30]

̂̇ϕp = arg (bH
p bp+1)

= arg [
K

∑
k=1

(g′p,k)
∗g′p+1,k],

(9)

where arg(·) is the phase extraction operator, (·)∗ is the conjugate operator and
p = 1, 2, . . . , P − 1. All prominent units share the same weight in this estimation. However,
the clutter in different prominent units varies. Consequently, the quality of the selected
prominent units also varies. It is hoped that high-quality prominent units will give a greater
contribution to the estimation result, whereas those of low quality will be suppressed.
Therefore, WPGA is introduced to enhance the reliability of the estimation by giving differ-
ent weights to different prominent units. Equation (9) is modified into weighted maximum
likelihood (WML) estimation [34], which is shown as follows:

̂̇ϕp = arg [
K

∑
k=1

wk(g′p,k)
∗g′p+1,k], (10)

where wk is the weight given to the k-th prominent unit. The key of WPGA is to obtain a
proper weight for each prominent unit. The weight is assigned with the signal-to-clutter
ratio (SCR) in each prominent unit. Prominent units with a lower SCR are assigned lower
weights, whereas those with a higher SCR are assigned higher weights. Before calculating
the weights, several definitions need to be made. The SCR within the k-th prominent unit
is denoted by wk. Let us suppose that the amplitude of gp,k is Ak(p), where p = 1, 2, . . . , P.
Let bk and dk be defined as follows:

bk = E[Ak(p)] =
1
P

P

∑
p=1

Ak(p), (11)

dk = E[A2
k(p)] =

1
P

P

∑
p=1

A2
k(p). (12)

Then, the weights can be estimated according to Equation (13), the detailed derivation
of which can be found in [35].

wk ≈
dk

4(2b2
k − dk)− 4bk

√
4b2

k − 3dk

. (13)

This definition of weights can suppress those units with higher clutter power.
With the obtained phase error gradients, the phase error can be acquired by accumu-

lating phase gradients, which is given by [30]

ϕ̂p =

{
0, p = 1
∑

p
t=2

̂̇ϕt, p = 2, 3, . . . P.
(14)

3.2. Autofocus Algorithm Realization

In the process of algorithm implementation, several important steps also need to be
discussed, which are setting rules for choosing prominent units, eliminating the linear
phase term caused by the strongest scatterer and iteratively performing autofocus. In the
following analysis, a new criterion for prominent unit selection and a new convergence
condition are proposed, and linear phase term elimination is also clarified.
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3.2.1. Prominent Unit Selection

Prominent unit selection in PGA usually adopts the ADI criterion, the purpose of
which is to select the points with better stability [32]. In WPGA, this selection process can
be omitted because the points with strong clutter power are suppressed during estimation.
However, it causes too large a computational burden if all pixels are utilized. With the
aim of better estimating performance and faster computation, a new selection criterion is
designed for the process of WPGA.

Considering the signal model in Equation (6), each chosen prominent unit is expected
to include a strong scatterer instead of only clutter. Strong scatterers are generally located
in pixel stacks that have strong energy; hence, strong pixels can be simply reserved for
phase error gradient estimation. The energy of each pixel stack is calculated as the sum of
the square to the amplitude of p pixels. An energy threshold Eth is established to filter the
pixels, and the reserved units meet the following condition:

Ek =
P

∑
p=1

|gp,k|2 > Eth. (15)

Additionally, prominent units can also be selected by reserving a certain number of the
largest points in terms of energy Ek. It is noted that the threshold Eth changes in different
sub-apertures since the energy distribution in each sub-aperture varies.

3.2.2. Linear Phase Term Elimination

The key to removing the linear phase term 2πσpsk in Equation (7) is to obtain the
location of the strongest scatterer in the LOS⊥ direction. The method in TomoSAR is
utilized to obtain the image along the LOS⊥ direction, and the highest peak in the image
γk is taken as the estimated location of the strongest scatterer. CBF is adopted here, which
can be expressed as follows:

γk(sn) =
aH

k (sn)gk

aH
k (sn)ak(sn)

, (16)

where γk(sn) is the scattering coefficient estimated at sn in the LOS⊥ direction in the
k-th prominent unit and ak(sn) is the steering vector at sn in the LOS⊥ direction in the
k-th prominent unit. This estimation method only requires a single snapshot and has
high speed.

3.2.3. Convergence Condition

Generally, the PGA method reaches the convergence of iterations based on the root
mean square (RMS) of the phase error difference between two adjacent iterations [30].
However, in some sub-apertures, it takes a few iterations to reach convergence, and the
image quality is not improved in the latter iterations, only shifting along the LOS⊥ direction.
Inspired by optimization autofocus algorithms based on a certain criterion, a practical
convergence condition is presented here, which is based on the contrast of γ generated by
the selected pixel stack. The definition of the contrast is given as [36]

C =

√
1
N ∑N

n=1( fn − 1
N ∑N

n=1 fn)2

1
N ∑N

n=1 fn
, (17)

where fn = |γ(sn)|2 is the intensity. When the contrast of a selected prominent unit no
longer increases, the iteration stops. The rate of change for the contrast dCi is defined as the
proportion of the standard deviation and the mean of γ along the LOS⊥ direction. Then,
a threshold cth is applied. When dCi is lower than this threshold, it is considered that the
iteration can be terminated. The stopping condition is given by

dCi =
Ci − Ci−1

Ci
< cth. (18)
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Using this stopping condition can improve the image quality while effectively reducing
the number of iterations, thereby reducing the overall processing computational burden. In
addition, it can also suppress the shift along the LOS⊥ direction. Convergence under this
condition can be seen in Figure 2, which was obtained from the Gotcha dataset mentioned
in Section 4.1. It can be seen that the iteration reaches fast convergence in Figure 2a and
that the iteration times are not more than three in Figure 2b.
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4. Experimental Results and Discussion

In this section, the performance and feasibility of the proposed autofocus method are
proved with real, measured MB CSAR data (Gotcha dataset) provided by the Air Force
Research Lab (AFRL) [37], compared with the weighted least square (WLS) method and
the PGA method. The experiments consisted of imaging results at four selected points in
four different sub-apertures, contrast and entropy analysis for these four points, projections
of 3D images and 3D images. The above-mentioned experiments were conducted in two
areas of the scene. The time efficiency of the proposed autofocus method is also compared
and analyzed.

4.1. Dataset Overview

The proposed autofocus algorithm was applied to process the real, measured MB
CSAR data “Gotcha Volumetric SAR Data Set, Version 1.0”, which are the radar observation
data of a real scene consisting of numerous civilian vehicles and calibration targets. The
data were collected in the X-band with a bandwidth of 640 MHz and covered HH, HV,
VH and VV polarizations. The flying tracks covered full 360◦ azimuth at eight different
elevation angles, which are shown in Figure 4.

Figure 4. Radar tracks in the Gotcha dataset.

It can be found that the tracks are not regular circles.
The data collected from each flying pass contain 42,208∼43,068 samples in the cross

range direction and 424∼434 samples in the range direction for each polarization. In our
experiments, all of the samples in the HH polarization were used to form eight SLC images
and to validate the performance of the proposed method.

The BPA was applied to process the data from the first pass in the HH polarization
and form a 2D image to obtain a whole picture of the scene, as shown in Figure 5. It can be
seen that it was an urban area of a parking lot with various vehicles.
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Figure 5. Two-dimensional image of the whole scene in HH polarization, obtained at the first pass.

4.2. Autofocus Results

The CSAR data from all of eight passes in the HH polarization were processed. Firstly,
the full 360◦ aperture was divided into 120 sub-apertures evenly, each of which had a
sub-aperture of 3◦, and the range of the elevation was [43.7◦, 45◦]. Then, in the processing
of each sub-aperture, the BPA was utilized to form eight sub-aperture 2D SLC images,
the resolution of which was 0.1 m in both directions. Autofocus was performed after 2D
imaging and was followed by 3D imaging with CBF. Finally, the sub-aperture 3D images
were incoherently accumulated to acquire the final 3D CSAR image. Two areas of the scene
were selected for concrete analysis. The first area contained a Ford Taurus, and the second
area contained a Toyota Camry. The optical images of these two cars are shown in Figure 6.Remote Sens. 2024, 16, x FOR PEER REVIEW 20 of 20 
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First, the calibration results of different calibration methods along the LOS⊥ direction
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from 120 sub-apertures, as shown in Figure 7. Point A at (13.5 m, −16.5 m) was selected
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For point A, the strongest scattering point was at the bottom of the car. According
to Figure 8a, all three methods achieved good calibration results. The main lobe was
increased, with the increases in the main lobe by the PGA method and the proposed
method being similar and better than that by the WLS method. Most of the side lobes were
also suppressed, with the suppression of the first side lobe by the PGA method and the
proposed method being similar and better than that by the WLS method. A false target
could be observed at −2.8 m on the left, caused by the ambiguity in the LOS⊥ direction.
The suppression of this false target by the PGA method was slightly better compared with
the proposed method, while the WLS method showed poorer performance. The strongest
scattering point for point B was on the roof of the car. For point B, the proposed method
showed the best performance. Both the proposed method and the WLS method did not
cause any shifts in the LOS⊥ direction, while the result of the PGA method had a noticeable
shift. In terms of the performance in main-lobe increase and side-lobe suppression, the
proposed method and the PGA method were better than the WLS method. The strongest
scattering point for point C was also on the roof of the car. For this point, the proposed
method and PGA method performed well, while the WLS method had a lower main lobe
and a significant shift. The strongest scattering point for point D was located at the top
of the front of the car. For this point, the three methods showed similar performance in
terms of main-lobe increase and side-lobe suppression, but the WLS method had a slightly
lower main lobe, and the PGA method caused a slight shift. From the analysis of these
selected points, the preliminary conclusion that can be drawn is that the proposed method
has better and more stable calibration performance in different sub-apertures, followed by
the PGA method. The WLS method has the poorest performance among these methods.

Contrast and entropy were calculated to better evaluate the performance of the three
methods. The contrasts before and after the calibration were calculated according to
Equation (17), while the entropy E was calculated as follows:

E = −
N

∑
n=1

| fn|2

∑N
n=1| fn|2

ln
| fn|2

∑N
n=1| fn|2

. (19)

The comparison of contrast and entropy is reported in Table 1. It can be seen that
after calibration by the three methods, contrast was improved to varying degrees. The
improvement of the WLS method was relatively smaller than that of the other two methods
in points A, B and D. Although the WLS method showed the best contrast in point C, a
noticeable shift could be observed. The contrast of the proposed method in points B and
D was better than that of the PGA method, while in points A and C, it was slightly lower
than that of the PGA method. The comparison of entropy shows similar results.

Table 1. Contrast and entropy comparison for the Ford Taurus after calibration with WLS, PGA and
the proposed method.

Methods
Point A Point B Point C Point D

Contrast Entropy Contrast Entropy Contrast Entropy Contrast Entropy

No calibration 2.7144 3.1704 2.1876 3.4985 1.6845 3.8251 2.0516 3.6227
WLS method 3.3208 2.8297 2.6516 3.2217 2.9569 2.9044 2.1448 3.5428
PGA method 3.5203 2.7080 3.0063 2.9720 2.8729 2.9871 2.2360 3.4989

Proposed method 3.4971 2.7239 3.1571 2.8787 2.8692 2.9936 2.2701 3.4722

The comparison of the projection of 3D images can further confirm the above conclu-
sion. Projections on the x − y, x − z and y − z planes of the 3D images with three autofocus
methods are shown in Figure 9.
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Firstly, projections on the x − y plane are analyzed. Prior to calibration, there were
noticeable false targets caused by the side lobes outside the car’s contour during imaging.
However, after utilizing three calibration methods, these false targets were suppressed
to various degrees. Among these methods, the suppression capabilities of both the PGA
method and the proposed method outperformed those of WLS method, likely due to
comparatively weaker ability of the WLS method to enhance the main lobe and suppress
the side lobes. Within the car’s contour, false targets could be observed before calibration.
Of the three methods, the proposed method demonstrated the most effective suppression,
forming the cleanest image. The PGA method followed as the second most effective, while
the WLS method was the least efficient, even amplifying the energy of some false targets.
Similar phenomena could be observed in the x − z plane and y − z plane projections.
Within the car’s contour, the proposed method provided superior false-target suppression.
Regarding the car’s upper contour, highlighted by the blue box, both WLS and the proposed
method enhanced the signal strength of this region, whereas the PGA method showed
minimal enhancement. Additionally, the red box in the X-Y and Y-Z projections indicates a
false target, where the proposed method also achieved superior suppression.

Next, 3D images with calibration were obtained by accumulating the sub-aperture
3D images from all the sub-apertures. Figure 10 shows 3D images without calibration,
with WLS, PGA and the proposed method. From Figure 10a, it can be seen that before
calibration, there were false targets in the areas in the red boxes, which was caused by high
side lobes. The WLS method eliminated most false targets in this area, while PGA and
the proposed method removed all the false targets. The area in the purple boxes is part of
the bottom of the car, which was invisible before calibration. The WLS method failed to
address this problem well, while PGA and the proposed method better reconstructed the
bottom of the car. By observing the area in the green boxes, it can be seen that the proposed
method produced a clearer image and performed better suppression of the false targets.
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Figure 10. Three-dimensional images of Ford Taurus formed by different methods. (a) No calibration.
(b) WLS method. (c) PGA method. (d) Proposed method.
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Another area of 9.2 m × 7.6 m, which contained the Toyota Camry, in this scene
was also used in experiments to prove the applicability of the proposed method. Four
points, points E, F, G and H, were selected from 120 sub-apertures, where point E at
(21.6 m,−16.7 m) was selected from the sub-aperture of 36◦∼39◦, point F at (19.2 m,−20.3 m)
was selected from the sub-aperture of 183◦∼186◦, point G at (20.1 m,−20.7 m) was selected
from the sub-aperture of 207◦∼210◦ and point H at (21.6 m,−20.3 m) was selected from the
sub-aperture of 342◦∼345◦. The locations of the four selected points are shown in Figure 11.
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Figure 11. Locations of points E, F, G and H in the 2D SAR image of the Toyota Camry.

The calibration results of different calibration methods along the LOS⊥ direction
within the pixel stacks are shown in Figure 12. It can be seen from the results that the
proposed method showed the best performance among the three calibration methods. The
WLS method successfully calibrated the phase error in point H, had poor calibration in
point E, caused a manifest shift in the LOS⊥ direction in point G and failed to calibrate the
phase error with a lower main lobe and a slight shift in point F. The PGA method effectively
calibrated the phase error in points E, F and H. However, a manifest shift in the LOS⊥
direction could be seen in point G. The proposed method successfully calibrated the phase
error without shifts in all of the four points.
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In order to verify the performance quantitatively, contrast and entropy were also
calculated and are reported in Table 2. The proposed method showed the best contrast
increase and entropy decrease in points F, G and H, while in point E, the performance of
the PGA method was slightly better than that of the proposed method. The WLS method
demonstrated poorer performance than the PGA method and the proposed method.

Table 2. Contrast and entropy comparison for the Toyota Camry after calibration with WLS, PGA
and the proposed method.

Methods Point E Point F Point G Point H
Contrast Entropy Contrast Entropy Contrast Entropy Contrast Entropy

No calibration 2.2758 3.3514 1.8996 3.6316 2.1949 3.4857 1.9020 3.6294
WLS method 2.3622 3.3563 1.7986 3.7130 2.3105 3.3290 2.5698 3.1309
PGA method 3.1402 2.9668 2.1437 3.5241 2.3701 3.2963 2.7867 3.0583

Proposed method 3.1327 2.9771 2.1514 3.5187 2.5369 3.2250 2.7904 3.0532

Three-dimensional images of the Toyota Camry with calibration were obtained by
using all the sub-apertures. Figure 13 shows the 3D images without calibration, with WLS,
PGA and the proposed method, and Figure 14 shows the projections of the 3D images.
Similarly, the proposed method showed superior performance compared with the two
other methods in the experiments on the second area.

Based on the above experiments and analyses on the two areas of the scene, it can
be concluded that the proposed method has better calibration results among the three
mentioned methods.

The time efficiency of the three autofocus methods was also compared. The computer’s
processor was an Intel Core i5-11400F, running at 2.60 GHz. WLS, PGA and the proposed
method were executed on the Ford Taurus region in the same computing environment. It took
an average computing time of 0.5188 s per sub-aperture to calibrate the phase error among
120 sub-apertures with the WLS method, 2.8701 s with PGA method, and only 0.0423 s with
the proposed method. The time efficiency of the proposed method stems from the following
factors: Firstly, the proposed method uses the energy criterion for selecting prominent units,
i.e., Equation (15), whereas the PGA method uses the ADI criterion, according to [38], and
in combination with the experimental scenario, the threshold of the ADI criterion here was
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set to 0.2, which requires 3817∼5128 prominent units per sub-aperture on average in the
image area of the Ford Taurus. In contrast, the energy criterion can achieve effective results
when the number of prominent units is in the range of 300∼400. The reduction in the number
of prominent units reduces the computational burden. In addition, the proposed method
requires fewer iterations, not more than three in this area. Therefore, the proposed method
has an advantage over the other two methods in terms of time efficiency.

Remote Sens. 2024, 16, x FOR PEER REVIEW 16 of 16 
 

 

  

(a) (b) 

  

(c) (d) 

 267 

 

   

 

  
  

 

     

  

 

     

   
  

 

   

 

  
  

 

     

  

 

     

   
  

   

 

     

 

  
  

 

  

     

   

   

 

     

 

  
  

 

  

     

   

Figure 13. Three-dimensional images of the Toyota Camry formed by different methods. (a) No
calibration. (b) WLS method. (c) PGA method. (d) Proposed method.
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Figure 14. The projection of 3D images of the Toyota Camry. The left, middle and right columns
are on the x − y, x − z and y − z planes, respectively. (a) No calibration. (b) WLS method. (c) PGA
method. (d) Proposed method.

5. Conclusions

In this paper, an improved phase error calibration method for MB CSAR 3D imaging
is proposed and discussed. Based on the ideas of the PGA method, the proposed method
made some improvements, including a new method for the selection of prominent units,
weighted phase gradient estimation and iteration controlled by a contrast criterion. Firstly,
in prominent unit selection, prominent units with stronger energy are retained because
they are more likely to contain strong scatterers. Additionally, in phase gradient estimation,
a weight is calculated for each prominent unit to suppress those units that are strongly
affected by clutter, where weight calculation is based on the estimation of the SCR in each
unit. Finally, contrast is adopted as a practical condition for convergence to avoid shifts in
the LOS⊥ direction.

Several experiments were conducted to validate the performance of the proposed
method based on real, measured CSAR data (Gotcha dataset) provided by the AFRL. A
Ford Taurus car from a parking lot scene was selected to verify the effectiveness and
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feasibility of the proposed method. It was proved that the proposed method can conduct
valid phase calibration and has better performance compared with the WLS and PGA
methods according to the calibration results of four pixel stacks from four sub-apertures,
the projections of 3D images and 3D images of the Ford Taurus. Experimental results of a
Toyota Camry car also proved that the proposed method has better performance. These
phenomena indicate that the proposed method can be applied to acquire better phase
error calibration results, hence acquiring better 3D SAR images. The proposed phase
calibration method, as a part of MB CSAR 3D imaging technology, can be utilized in the 3D
measurement and reconstruction of urban areas; thus, it can provide information support
for road planning, urban construction, etc. In future work, we will focus on the application
of the proposed method to other datasets and comparative experiments with other methods
of the same category.
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