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Imaging Moving Targets for a Forward Scanning
SAR without Radar Motion Compensation
Shahzad Gishkori, Liam Daniel, Marina Gashinova and Bernard Mulgrew

Abstract—Forward scanning SAR (FS-SAR) has recently been
presented as a new mode of imaging for automotive radars,
providing enhanced azimuth resolution. FS-SAR has been extended to imaging moving objects. However, it is assumed that
the radar motion has been pre-compensated. Therefore, image
reconstruction and focusing have to deal with the movement of
the target objects only. In practice, it is not easy to compensate
for, especially, complex radar motion, perfectly. Therefore, in
this paper, we modify the erstwhile approach of imaging moving targets with FS-SAR to allow for radar motion without
compensation. Instead of a joint, image reconstruction and
image/matrix decomposition, approach, we first reconstruct the
target image for every aperture position and then apply matrix
decomposition to separate moving targets from clutter/stationary
objects. We show, via two FS-SAR reconstruction algorithms,
namely, the compressed sensing based back-projection and the
modified back-projection, that the proposed approach provides
the benefits of improved imaging without the need for radar
motion compensation. Real-data experiments corroborate the
proposed methodology.
Index Terms—Forward scanning SAR, Imaging moving targets, azimuth resolution, low-rank matrix decomposition.

I. I NTRODUCTION
The role of automotive radars [1]–[3] is increasingly shifting
from detection-only to automotive scene imaging [4], [5] as
well, primarily because of the inability of the optical sensors
to perform in bad weather conditions. However, enhanced
spatial resolution is a big challenge to surmount in order to
bring radar imaging quality at par with the optical imaging
quality. The problem of enhancing the azimuth resolution
becomes even more challenging especially in the forwardlook direction. Recently, in [6] a new mode of SAR imaging,
i.e., forward-scanning SAR (FS-SAR) has been presented to
enhance the azimuth resolution in the forward-look direction
by combining scene scanning with SAR processing. Two
imaging algorithms, namely, modified back-projection (MBP)
algorithm and compressed sensing (CS) [7], [8] based backprojection (CBP) algorithm, have also been proposed in [6] for
this purpose. FS-SAR has been extended to imaging moving
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targets in [9] to circumvent the defocussing/smearing of the
target image caused by target movement [10], via a nonparametric matrix decomposition approach (See the related
references and discussion on differences from previous works
in [9]). The steps involved in this approach comprise of i)
collecting vectorised radar measurements/snapshots, w.r.t. to
each aperture position, as columns of a matrix, ii) decomposing the matrix of measurements into a low-rank matrix
and a sparse matrix where the low-rank matrix consists of the
clutter/stationary part of the target scene and the sparse matrix
consists of the dynamic/moving part of the target scene (more
details on low-rank plus sparse matrix decomposition (LPSD)
can be found in [11]–[16]), and iii) focusing the dynamic part
of the target scene via segmentation (by using a proposed
extended density-based spatial clustering of applications with
noise (EDBSCAN) [17]–[19]) and cross-correlation maximisation. Note, some applications of LPSD for radar have appeared
in [20], [21] as well. The LPSD approach in [9] helps in
separating the dynamic part from the clutter for FS-SAR mode.
However, it assumes that the radar motion has been already
compensated and the only movement in the measurements is
due to the dynamic part of the target scene. In practice, it might
not be possible to compensate for radar motion especially
when complex radar trajectory is involved. Therefore, in this
paper, we modify the approach of [9] to allow for radar motion
without compensation.
The basic approach of [9] is to jointly reconstruct a SAR
image as well as do matrix decomposition. This necessitates
the radar motion pre-compensation so that matrix decomposition is focused on recognising the stationary or moving
objects in the target scene only. The solution to overcome
the above limitation is to essentially decouple the SAR
image reconstruction and matrix decomposition. This would
then allow radar motion in the image reconstruction stage
and the matrix decomposition or LPSD to be performed on
the reconstructed image.This also summarises the proposed
methodology of the present paper. First, we reconstruct the FSSAR images of the target scene via CBP and MBP, for each
aperture position. Secondly, we apply matrix decomposition on
these reconstructed snapshots of the synthetic aperture. Since,
CBP already takes into account the element-wise sparsity and
fusion for the extended targets, matrix decomposition takes the
form of a classical LPSD [11]. However, MBP is devoid of
considerations for element-wise sparsity and fusion. Therefore,
we modify the LPSD to take these into account. Finally, image
focusing can still be done via the proposed method of [9].
Our Contributions. The salient contributions of this paper are
as given below.
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The FS-SAR based imaging of moving targets that allows
for radar motion without pre-compensation.
• SAR image reconstruction and matrix decomposition,
where the former can accommodate radar motion and
the latter can separate the moving objects from the
clutter/stationary objects in the target scene.
• Image reconstruction via CBP follows a classical implementation of LPSD, whereas, image reconstruction via
MBP entails a modified implementation of LPSD.
• Image focusing is still achievable as in [9], i.e., via
object segmentation by EDBSCAN followed by crosscorrelation maximisation.
• We present experimental results with real data to verify
our proposed methodology.
Organisation. Section II provides the signal model, Section
III presents our proposed methodology in terms of CBP with
LPSD and MBP with LPSD, Section IV presents experimental
results and Section V provides the conclusions.
Notations. Matrices are in upper case bold while column
vectors are in lower case bold, [A]i,j is the ijth entry of
the matrix A, IN is the identity matrix of size N × N , (·)T
denotes Transpose, (·)H is Hermitian, (·)−1 denotes inverse,
b·c is the floor function, ⊗ stands for the Kronecker product,
? describes the convolution, â is the estimate of a, Â is the
∆
estimate of A, = defines an entity, ↑κ,κ0 (A) upsamples the
matrix A by an order κ along its rows and by an order κ0
along its columns, the `p -norm of a vector a is denoted as
PN −1
||a||p = ( i=0 |[a]i |p )1/p and `p -norm of an M × N matrix
PM −1 PN −1
p 1/p
is defined as ||A||p = ( i=0
.
i=0 |[A]i,j | )
•

II. S IGNAL M ODEL
The FS-SAR mode has been demonstrated in [6] via lowTHz frequency modulated continuous wave (FMCW) signalling. It’s basic operation combines scene scanning with
SAR processing. At a scan step, l ∈ [1, L], the target scene is
scanned over an angular range, θ ∈ [θmin , θmax ], for a target
range, r ∈ (0, Rmax ], and then, the radar moves on to the next
scan step over the synthetic aperture. Information collected
over all the scan steps is then utilised by the reconstruction
algorithms to obtain a high resolution target image. Figure 1
shows such a schematic of the FS-SAR mode, where each
point in the Cartesian coordinate system is represented as
(xi , yj ) with i, j being indices of coefficients
q along x-axis
∆
x2i + yj2 and
and y-axis, respectively. Similarly, rij =
∆

θij = arctan(yj /xi ) is its equivalent representation in a polar
coordinate system. Note, in this signal model, we assume that
the radar works on a stop-and-go principle. However, in case
this assumption does not hold, there are methods available
in the time-domain, e.g., [22], to correct for the resulting
movement, which can be easily incoporated in our proposed
method. Therefore, for the sake of simplicity, we continue with
the stop-and-go assumption.
Let, the target scene is illuminated with an FMCW signal, of
carrier frequency, f0 , bandwidth, B, pulse repetition interval
∆
(PRI), T and chirp rate, β = B/T , over the fast time, t : 0 ≤
t < T , i.e.,

sTx (t) = exp j2πf0 t + jπβt2 .
(1)

r
rij
θij

θmax
θmin

θ

(xi; yj )
x

Synthetic Aperture (l)

Fig. 1: FS-SAR schematic [6].

Then, the received signal, after deramping, low-pass filtering
and deskewing [23], can be written as
sl,θ (t) =

U
X

αu exp(j2π(f0 τl,θ (u) + βτl,θ (u)t))

(2)

u=1

where αu is the reflectivity coefficient, τl,θ (u) is the two-way
time-delay and U is the total number of scatterers. Taking
a Fourier transform of sl,θ (t) in (2) w.r.t., t, and using the
linear transformation, r = f c/2β, results in the range profile
of the target scene, xl,θ (r), where r is the range variable and
c denotes speed of light. The range resolution can be defined
∆
∆
as, ∆r = c/2B, for Nr = Rmax /∆r range bins. Now, the
target scene reflectivities along azimuth, at range bin r, can
max
be defined as, xl,r (θ) = {xl,θ (r)}θθ=θ
Thus, the measured
min
signal along the azimuth, yl,r (θ), can be written as [24],
yl,r (θ) = h(θ) ? xl,r (θ) + nl,r (θ)

(3)

where h(θ) is the antenna beam-pattern (uniformly sampled
over θ ∈ [−φ, +φ]) and nl,r (θ) is additive white Gaussian
noise. Let the angular measurements are obtained at an angular
interval ∆θ . Then, yl,r (θ) can be represented as an Nθ × 1
vector yl,r , with Nθ = b(θmax − θmin )/∆θ c, and h(θ) can be
represented as an Nh × 1 vector h, with Nh = b2φ/δθ c + 1,
∆
where δθ = ∆θ /ξ is a finer angular resolution and ξ ≥ 1 is a
constant. Similarly, nl,r (θ) can be represented as an Nθ × 1
vector nl,r . Then, xl,r (θ) can be represented as an Nx × 1
vector xl,r , where Nx = ξNθ + Nh − 1 (See [6] for more
details). Thus, (3) can be written as
yl,r = GHxl,r + nl,r

(4)

where H is the (ξNθ − 1) × Nx block-Toeplitz matrix,
representing the convolution between antenna beam-pattern
and the target reflectivities, and G is an Nθ × (ξNθ − 1)
selection matrix, i.e., comprising of the rows of I(ξNθ −1) .
Stacking yl,r for all range bins we can write
Yl = GHXl + Nl

(5)

where Yl , Xl and Nl are Nθ × Nr , Nx × Nr and Nθ × Nr
matrices, respectively.

3

III. P ROPOSED M ETHODOLOGY
In this section, we present the proposed methods for FSSAR image reconstruction and matrix decomposition. We
propose two methods in this regard, i.e., CBP-based image
reconstruction and LPSD, and MBP-based image reconstruction and LPSD.
A. CBP-Based Image Reconstruction & LPSD (CBP-LPSD)

Note, (11) is a (non-smooth) convex optimisation problem and
can be solved by CVX [28]. Augmented Lagrangian multiplier
methods as in [29] can also be used for accurate and stable
results. In this paper, we opt for the latter implementation.
Now, the estimated IJ × L matrices Ĉ and Ŝ represent the
clutter/stationary part and the dynamic part of the target scene,
respectively. Further processing, vis a vis image focusing,
is carried out on Ŝ (as shall be described in this paper
subsequently).

From (5), the following vectorised form can be obtained.
(6)

B. MBP-Based Image Reconstruction & LPSD (MBP-LPSD)

where yl = vec(Yl ), xl = vec(Xl ) and nl = vec(Nl ) are
Nθ Nr × 1, Nx Nr × 1 and Nθ Nr × 1 vectors, respectively, and
∆
Φ = [INr ⊗ (GH)] is an Nθ Nr × Nx Nr measurement matrix.
Note, in the context of azimuth resolution enhancement, Nθ 
Nx . Therefore, (6) is an under-determined system of linear
equations. The CBP algorithm essentially solves the following
(fused LASSO [25]) optimisation problem for each aperture l.

MBP essentially utilises back-projection by coherently processing the target information obtained from every scanning
angle at all scanning steps over the synthetic aperture. The
reconstructed image via MBP can be written as
XX
γij =
[↑κ,κ (Yl )]θ,Irij
(12)

yl = Φxl + nl
∆

∆

∆

2

1

1

x̂l = arg min kyl − Φxl k2 + λe kxl k1 + λf kDxl k1

(7)

xl

where λe > 0 and λf > 0 are element-wise sparsity and fusion
penalty parameters, respectively, and D is the Nx Nr × Nx Nr
fusion matrix, i.e., Dxl is a vector of differences of consecutive elements of xl [25]. The cost function in (7) can be solved
via alternating direction method of multipliers (ADMM) [26],
[27]. Now, by reshaping the estimate x̂l into an Nx ×Nr matrix
X̂l , the CBP-based reconstructed image can be obtained as
X
γij =
[↑1,κ (X̂l )]Iθij ,Irij
(8)
l

where Iθij is the row index and Irij is the column index
in ↑1,κ (X̂l ), corresponding to range rij and angle θij ,
respectively, for all target points (xi , yj ), for i = 1, · · · , I and
j = 1, · · · , J. Each aperture contributes to each target point
in the reconstructed image. Therefore, (8) can be written as
X
l
γi,j =
γi,j
(9)
l
∆

l
where γi,j
= [↑1,κ0 (X̂l )]Iθi,j ,Iri,j . Let, all the target points,
w.r.t. contributions from the lth
aperture position, are collected
T
∆  l
l
l
l
in an IJ × 1 vector γ l = γ1,1
, · · · , γI,1
, γI,2
, · · · , γI,J
.
Then, the reconstructed images for each aperture position can
be collected in an IJ × L composite matrix Γ, i.e.,
∆

Γ = [γ 1 , γ 2 , · · · , γ L ] .

(10)

After reconstructing the aperture-wise images (by taking
into account radar motion) and re-ordering them as in (10),
we use classical LPSD to implement matrix decomposition in
order to separate the dynamic part of the target scene from the
clutter/stationary part. The LPSD optimisation problem can be
formulated as given below.
{Ĉ, Ŝ} = arg min kCk∗ + λe kSk1 , s.t. Γ = C + S

(11)

C,S
∆ P
where kCk∗ = k σk (C) denotes the nuclear norm, i.e, sum
of the singular values, σk , of C and λe is a positive constant.

l

θ

where Irij is the column index in ↑κ,κ (Yl ) corresponding to
range rij , for i = 1, · · · , I and j = 1, · · · , J. Note, in contrast
to CBP in (8), integration for MBP in (12) has to be done over
the angular domain as well, along with the aperture domain.
This is because CBP has already done this integration inherently while solving for (7) (See [6] for more details). Similar to
CBP (as in (9) and (10)), each target point in MBP can also be
represented as
from all aperture positions,
Psuml of contributions
∆ P
l
i.e., γi,j =
γ
,
where
γ
=
i,j
l i,j
θ [↑κ,κ (Yl )]θ,Irij , and
the contributions from each aperture to all targets points can
also be collected in an IJ × 1 vector γ l and all such aperture
snapshots can then be collected in an IJ ×L composite matrix
Γ.
Now, after image reconstruction, matrix decomposition
needs to be applied to separate the dynamic part of the
target scene from the stationary part. Since MBP is devoid
of the sparsity constraint, the classical LPSD can inherently
complement MBP in this regard. However, in order to reconstruct a target scene with extended targets, we also need a
fusion constraint. To this end, we propose to modify LSPD
by including a fusion constraint. Thus, the modified LPSD
optimisation problem can be written as
{Ĉ, Ŝ} = arg min kCk∗ + λe kSk1 + λf kDSk1
C,S

s.t. Γ = C + S

(13)

where D is an IJ × IJ fusion matrix as in (7). Now, solving
(13) via ADMM requires re-writing (13) as the following
optimisation problem.
{Ĉ, Ŝ, Ẑ, Ŵ} = arg min kCk∗ + λe kZk11 + λf kWk11
C,S
Z,W

s.t. Γ = C + S, Z = S, W = DS

(14)

where Z and W is are IJ × L auxiliary matrices. Then,
following the similar steps as in [9], the following iterative
solution can be obtained.



1
1 [n−1]
[n]
[n−1]
[n−1]
K
,
(15)
C =χ
Γ
−S
+
µΓ Γ
µΓ
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TABLE I: Specifications for 300 GHz FMCW Radar
0

Transmit Bandwidh (B)

287 − 293 GHz
6 GHz

Chirp Duration (T )

1 ms

Sampling Frequency

4.096 MHz

Angular Step (∆θ )

0.25◦

Range Resolution (∆r )

0.025 m

3 dB Beamwidth (θ3dB )

1.3◦

-10

-20

Amplitude [dB]

Frequency Range

-30

-40

−1

S[n] = µW DH D + (µZ + µΓ ) I

[n−1]
× µΓ (Γ[n−1] − C[n−1] ) + µZ Z[n−1] + KΓ

[n−1]
[n−1]
+KZ
+ DH KW + µW DH W
(16)



1 [n−1]
λe
Z[n] = η
S[n−1] −
K
,
(17)
µZ Z
µZ



1
λf
[n−1]
W[n] = η
DS[n−1] −
KW
,
(18)
µW
µW

-50

-60
-5

-4

-3

-2

After image reconstruction and matrix decomposition, the
dynamic part of the image is focused. The image focusing process is the same as in [9], i.e., application of EDBSCAN and
cross-correlation maximisation. In the following, we briefly
describe this process for completeness.
The estimates Ŝ and Ĉ (both for CBP and MBP) can be used
to generate composites images γ Ŝ and γ Ĉ , respectively, by
combining their columns and rearranging them as I ×J matrices. EDBSCAN is applied on γ Ŝ . This helps in identifying the
moving targets along with their trajectories as clusters. Doing
intersection of each such cluster with the individual aperture
images provides the contribution of an individual aperture to
these clusters. By collecting all such contributions, the image
of a moving target can be focused on any aperture position (in
our case, the last aperture) via cross-correlation maximisation.
We denote γ̃ Ŝ to be the focused composite image with all
such dynamic/moving targets. Finally, combining γ̃ Ŝ with Ĉ
provides the combined focused image of the target scene, i..e,
γ̃ Γ = γ̃ Ŝ + γ Ĉ . More details can be found in [9].
IV. E XPERIMENTAL V ERIFICATION
In this section, we compare the performance of the two
proposed methods in Section III to generate focused images
of the moving targets for FS-SAR mode. We consider a 300
GHz FMCW radar. Its specifications are given in Table I and
the measured antenna pattern is shown in Figure 2. The target
scene consists of two trolleys (of size 1 × 0.5 × 0.55 (length ×
width × height) m3 ) separated by a distance of 15 cm and six

0

1

2

3

4

5

Angle [deg]

Fig. 2: Measured antenna pattern of the radar.
Reference Reflector

where n is the iteration index, KΓ , KZ and KW are IJ × L
matrices of Lagrange multipliers, µΓ , µZ , µW are positive constants and χ (A, λ) is a thresholding function of the singular
values, i.e., it takes singular value decomposition of A, applies
∆
s
the thresholding function, η (s, λ) = |s|
max (|s| − λ, 0), on
the singular values of A and then, reconstitutes A.
C. Image Focusing

-1

10:5m

Trolleys with
travel directions
and positions

7m
Clutter

15cm
4m
Central Line
θmax
Radar at
different
scanning
positions

θmin

0:5m

Fig. 3: Measurements schematic.

traffic cones as clutter or stationary targets. The radar scans
(angular range θ ∈ [−22◦ , +22◦ ]) over an aperture of length
0.5 m in L = 21 aperture steps of 2.5 cm and the targets cover
a distance 10 cm in the opposite direction. A schematic of the
measurements setup is shown in Figure 3. The radar has been
placed on a rail (to emulate radar motion over the aperture).
The measurements1 setup is shown in Figure 4. Thus, the radar
as well as the targets are on the move.
1 All real-data supporting this work are openly available from The University
of Edinburgh repository (DataShare) at https://doi.org/10.7488/ds/2829
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(a)

(a) Radar on the rail.

(b)

Fig. 6: EDBSCAN on γ Ŝ : (a) CBP-LPSD Clustering (b) MBPLPSD Clustering

(b) Moving targets and clutter.

Fig. 4: Measurements setup

(a)

(b)

Fig. 5: Combined image via: (a) CBP (b) MBP.

The image reconstruction via CBP, i.e., (8) and via MBP,
i.e., (12) is shown in Figure 5. Note, maximum reflectivity
in all the images has been normalised to unity. We can
see that both the images show smearing due to the motion
of the targets, albeit target trajectories are separated in the
azimuth. However, CBP has better imaging performance due to
sparsity constraints. The imaging performance of the proposed
methods, CBP-LPSD and MBP-LPSD is shown in Figures 7
and 8, respectively. We can see that the proposed methods
have been able to separate the dynamic part of the target
scene γ Ŝ from the clutter γ Ĉ and, via image focusing on the
dynamic part, have obtained focused image γ̃ Ŝ . The clustering
performance of the proposed methods can be seen in Figure
6. In terms of clustering, we can see that despite the fact that

the targets are very close, both the methods have obtained
very good results (after EDBSCAN). Both the targets along
with their trajectories have been clearly identified. The CBPLPSD based approach, due to double sparsity constraints (one
in reconstruction and one in LSPD), provides better separation
between the clusters. However, MBP-LPSD based approach
has accumulated more target information. In terms of image
focusing performance, as in Figures 7c and 8c, both methods
provide very good focusing results. However, CBP-LPSD has
sharper results than MBP-LPSD. Also some target spreading
is also noticeable in MBP-LPSD. Labeled images for both the
case have also been shown in Figures 7d and 8d, respectively.
Finally, combined focused images can be seen in Figures 7e
and 8e. Thus, despite radar motion, we have obtained very
good imaging results of the moving targets for FS-SAR mode.
Both of the proposed methods show promising results with
CBP-LPSD having an edge over MBP-LPSD in terms of
performance. However, MBP-LPSD has lower computational
complexity which makes it also a reasonable option.
V. C ONCLUSIONS
In this paper, we have modified the FS-SAR imaging
methodology for moving targets in order to consider radar
motion without compensation. This is particularly useful when
radar motion pre-compensation is not possible. We have
shown, via two FS-SAR reconstruction algorithms, i.e., CBP
and MBP, that by decoupling the reconstruction and matrix
decomposition (in order to separate moving targets from clutter/stationary objects), we can accommodate the radar motion
without the need for pre-compensation, but still obtain very
good imaging results, both in terms of image resolution as
well as in terms of image focusing. We have also provided
real-data experiments to prove the validity of our proposed
methodology.
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(a)

(b)

(a)

(b)

(c)

(d)

(c)

(d)

(e)

(e)

Fig. 7: CBP-LPSD imaging: (a) clutter only, γ Ĉ (b) dynamicpart only, γ Ŝ (c) focused, dynamic-part only, γ̃ Ŝ (d) γ̃ Ŝ with
labels (e) focused, combined, γ̃ X̂ .

Fig. 8: MBP-LPSD imaging: (a) clutter only, γ Ĉ (b) dynamicpart only, γ Ŝ (c) focused, dynamic-part only, γ̃ Ŝ (d) γ̃ Ŝ with
labels (e) focused, combined, γ̃ X̂ .
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