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Abstract—Nowadays, radar image reconstruction is becoming
important in the context of advanced driver assistance systems
especially for all weather conditions. In this paper, we present
image reconstruction with deep learning based methods on
forward looking multiple-input multiple-output array synthetic
aperture radar (FL-MIMO SAR). We present deep basis pursuit
(DBP) method to solve for convolutional neural network (CNN)
weights with unsupervised learning (i.e. without ground-truth)
and present modified back projection (MBP) algorithm to recon-
struct SAR image with enhanced angular resolution. We present
experimental results to verify our proposed methodology on both
simulation and real data.

Index Terms—Forward looking MIMO SAR, deep basis pur-
suit (DBP), convolutional neural network (CNN), modified back
projection (MBP).

I. INTRODUCTION

Over the past few years, improving automated driving and
advanced driver assistance is becoming a major trend in tech-
nology. Automotive radar has received considerable attention
over other sensors (e.g., LIDAR and camera) due to improved
sensing capabilities in harsh weather conditions (e.g., fog,
snow, and rain, etc.), target detection capability, and motion
prediction capability. One major challenge for radars is the
range and angular resolution. For applications, e.g., separation
of close vehicles, enhanced object recognition, and detection
of the spatial extension of traffic, a high-resolution radar image
is required. Range resolution depends on transmitted signal
bandwidth, which can be changed according to the desired
value. However, the angular resolution depends on the physical
aperture size of the radar antenna, which can be improved
by two main approaches. The first approach is multiple-input
multiple-output (MIMO) processing where the system trans-
mits the same signal over multiple transmit antennas in time
division multiplexing mode (or transmits orthogonal signals

over multiple transmit antennas), followed by extracting the
target information by combining all the return signals from
all receive antennas [1]–[4]. The second approach is synthetic
aperture radar (SAR), i.e., radar illuminates a target scene at
multiple locations and reflections are combined coherently to
create a long synthetic aperture [5], [7], [16]. Driver assistance
systems functionality is more similar to forward looking SAR
(FL-SAR) therefore, it is more challenging to achieve high
angular resolution. For the forward looking SAR, a lot of
work has been done to improve the angular resolution with a
single antenna [6]–[9]. However, the mechanical (or electrical)
scanning suffers from a slow speed problem, incurs a high cost
and is too complex to achieve enhanced spatial resolution.
In this paper, we present FL-MIMO-SAR to extract high
spatial resolution and to achieve computationally efficient SAR
imaging.

As described in detail in Section II, we pose the problem
of radar image reconstruction as a linear inverse problem.
Incidentally, this is an underdetermined problem obviously
with an infinite number of feasible solutions. To get to the true
solution, the inverse problem needs to be regularized with the
help of some signal priors [10]–[15]. However, it is impossible
to come up with priors that make the solution invincible.
Therefore, there is a need to look for other possibly better
approaches. Recently, deep learning, more specifically deep
convolutional neural networks (CNN), have been extensively
used to solve a number of inverse problems related to the fields
of image processing [17]–[19], natural language processing
[20], and direction-of-arrival estimation [21], [22], etc.

Radar signal processing shares a lot of similarities with
these problems and the use of deep learning is relevant due to
the necessity of depicting the received radar echoes as mean-
ingful information. Unlike conventional algorithms, CNN-



based methods employ hierarchical architectures to extract
feature representations of raw data in order to solve the inverse
problem [6]. However, for such an approach to be successful,
a huge amount of data is required. The idea of training a CNN
for solving radar imaging problems is attractive. However,
unlike computer vision, acquiring a huge set of labeled training
data in a radar imaging setup is generally impractical.

Therefore, to strike a balance, we need an approach that
utilizes the power of CNN and yet is not data hungry.
Instead of training a CNN to learn the mapping between the
measurements and the true solution (i.e., inversion), it will
be used as a denoiser. Specifically, the inverse problem will
be solved in an iterative manner, alternating between data-
consistency enforcement and the use of CNN denoiser with
the help of the forward model. The use of forward model
on intermediate solutions (at every iteration) are helpful for
scenarios where ground truth is not available. Specifically, In
this work, we used unsupervised deep basis pursuit learning
algorithm without access to ground-truth data [26]–[28].

II. SIGNAL MODEL

Consider, time division multiple access (i.e., alternately
transmitting the same frequency-modulated continuous wave
(FMCW) waveform from each transmit antenna) based MIMO
consisting of NT transmitters and NR receivers. By transmit-
ting NT waveforms in Tx switching scheme will receive NR

reflected signals in each Rx slot which generates a size NTNR

virtual array.
FMCW-chirp signal is transmitted from each Tx array

elements. The chirp signal transmitted on transmit elements
is expressed as:

sTx(t) = exp
(
j2πfct+ jπkt2

)
(1)

where fc is carrier frequency, chirp rate (k) is defined as ratio
of transmitted bandwidth B and pulse repetition interval (PRI)
T , and t is fast time index within the PRI, (0 < t < T ). The
received signal at virtual array element vj for L scatterers is
expressed as

sRx
j (t) =

L∑
l=1

sTx(t− τj(l)) (2)

where τj(l) =
2Rl

c +
vjsinθl

c , Rl and θl corresponds to return
delay, range and angle for lth scatterer, respectively.

The received signal (2) is multiplied with the transmitted
signal, which is defined as deramping, followed by low-
pass filtering which generates the intermediate frequency cor-
responding to different targets. After deskewing (removing
unwanted phase term), the processed signal at vj can be
modelled as

sj(t) =

L∑
l=1

αl exp(j2πkτj(l)t+ j2πfcτj(l)) (3)

where αl is the reflectivity coefficient. Applying Fourier
transform to sj(t) followed by linear transformation in the
range profile results

yj(r) = F{sj(t)}|r= fc
2k

(4)

where F(.) is Fourier transform operator and r is range
variable with r = fc

2k . The received signal at range r across
all virtual antennas can be written as

y =
[
y1(r) y2(r) · · · yNTNR

(r)
]T

(5)

Neglecting the Doppler effect, in the presence of noise, the
MIMO signal model for the rth range bin can be written as

y = Ax+ n (6)

where A ∈ CNTNR×nθ is steering matrix, x ∈ Cnθ×1 target
scene reflection matrix, n ∼ Nc(0, σ

2I) is complex-valued
Gaussian noise and nθ is number of angle bins.

Fig. 1: FL-MIMOSAR schematic.

The FL-MIMO-SAR, collects the information from equidis-
tant aperture positions and processes the received information
to reconstruct high resolution target scene. FL-MIMO-SAR
schematic is shown in Fig. 1. From (6), Signal model for ith

aperture step/position is

y(i) = Ax(i) + n(i) (7)

In this scenario, as MIMO radar is moving along the x-axis,
steering matrix (A) does not change for aperture steps. Since
forward model operator A is a wide matrix (NTNR << nθ),
recovering x(i) from the observations y(i) is an ill-posed
inverse problem. The solution for the inverse problem is
discussed in Section III.

Fig. 2: Proposed Structure



III. PROPOSED METHOD

In this paper, we use deep basis pursuit network (i.e.
unrolled network based on basis pursuit denoising) for solving
the ill-posed inverse problem followed by modified back
projection (MBP) to reconstruct the radar image [6]. Structure
of the proposed method is shown in Fig. 2. To recover x from
y deep basis pursuit (DBP) is used [23]. We assume the noise
statistics (ϵ) of measurements are known to self regularize the
solution. DBP optimization for ill-posed problem is given by

argmin
x

1

2
∥Nw(x)∥22

subject to ∥y −Ax∥2 ≤ ϵ (8)

where Nw(x) ≡ x−Dw(x) estimates noise and aliasing [24],
[25], ϵ is a function of noise variance (σ2), and Dw(x) is
denoised version of x. Eq. (8) can be approximately solved
by alternating over the following iteratively [25].

rn = Dw(xn−1), (9a)

xn = argmin
x

1

2
∥x− rn∥22 s.t ∥y −Ax∥2 ≤ ϵ (9b)

where n is iterarion index. Convex problem (9b) can be solved
with ADMM [29]. Overall, DBP is an unrolled network which
alternates between CNN layers (9a) and data consistency (DC)
layers (9b). The DBP architecture is shown for the ith aperture
in Fig. 3. The CNN network weights are shared and trained in
an unsupervised fashion in measurement domain as ground-
truth data is not available.

Fig. 3: DBP Architecture

The MBP upsamples the outputs of DBP (i.e., x̂(i)) and
projects them back to the target location. Thus, estimates
corresponding to the target location are combined coherently
to reconstruct final estimate of enhanced FL-MIMO-SAR
image.

IV. RESULT AND ANALYSIS

In this section, we present verification of the proposed
algorithm on simulated data as well as experimental real data.
In this work, we considered extended targets instead of just
point targets. We have used a ResNet architecture for the
CNN (real and imaginary parts are considered as separate
input channels). The proposed ResNet architecture consists of
two layers with convolution, batch normalization followed by
ReLU activation function, and a final layer with convolution

block (mapped back to two channels). The proposed DBP
architecture learns the CNN weights from unrolled iterations
alternating between CNN layers and data consistency layers.

(a)

(b)

(c)

Fig. 4: (a) Target Scene (b) MF based FL-MIMO-SAR Imag-
ing (c) Deep Learning based FL-MIMO-SAR Imaging

A. Simulation

We considered FMCW-MIMO radar (77 GHz) with two
transmit antennas and 4 receive antennas with a bandwidth



of 2 GHz. We placed 4 target objects at a distance of 10m
with 0.375m apart, along the y-axis and 0.9m along the x-
axis (shown in Fig. 4a). We considered angular coverage
of 50◦ with angular resolution 0.5◦. We generated the FL-
MIMO measurements for each aperture step till 8m (moving
towards target along x-direction in steps of range resolution =
7.5cm). Fig. 4b shows the results of matched filtering (MF)-
based reconstruction (AHy) with MBP. From observation, the
targets along the x-axis (range domain) are distinguishable but
not along the azimuth direction. The proposed deep learning-
based algorithm (Fig. 4c) shows better results than MF-based
MBP and targets are clearly distinguishable both in range
domain and azimuth domain (reflectivities in Fig. 4 are in
dB).

(a)

(b)

(c)

Fig. 5: (a) Two targets (b) 77 GHz MIMO radarbook (c) FL-
MIMO-SAR experimental setup

B. Real Data

We used Inras 77 GHz FMCW-MIMO radarbook with two
transmit (Tx) and 16 receive (Rx) antennas to collect the radar
echo signals which is shown in Fig. 5b [30], [31]. The Tx
antennas can be activated employing digital signals in order
to generate a virtual array. Table I shows the specifications of
FMCW-MIMO radar. Fig. 5c shows the image of FL-MIMO-
SAR experiment setup for data collection. Two rectangular
metal boxes (shown in Fig. 5a) are considered as our stationary
targets which are placed 10m away from MIMO radar along
the x-axis and 0.4m along the y-axis. We collected the FL-
MIMO measurements for each aperture step till 8m (moving
towards target along x-direction in steps of 2.5cm). Fig. 6a
and Fig. 6b show the results (reflectivities are in dB) of match
filtering-based reconstruction with MBP and proposed Deep
learning-based algorithm respectively. From the results, a deep
learning-based algorithm improves the azimuth resolution as it
can separate the targets along the y-axis clearly. As we do not
have target noise statics (ϵ), we used histogram based noise
floor estimation.

(a)

(b)

Fig. 6: (a) MF based FL-MIMO-SAR Imaging (b) Deep
Learning based FL-MIMO radar Imaging



TABLE I: Specification of MIMO Radar

Parameter Value

Carrier frequency 77 GHz
Frequency range 76 - 78 GHz

Transmit bandwidth 2 GHz
Tx activation sequence [1 2]

Ramp duration 200 µs
Sampling rate 10 MHz

Number of samples 2000
Horizontal 3 dB beamwidth (TX) 51◦

Horizontal 3 dB beamwidth (RX) 76.5◦

V. CONCLUSION

In this paper, we have proposed the deep learning based FL-
MIMO-SAR methodology in order to reconstruct images of
close targets in automotive scenarios. Unlike the traditional an-
alytical methods, convolution neural network (CNN) weights
were learned to achieve the optimal deep learning network. In
this paper, we rely on an end-to-end approach to train the CNN
weights to improve the performance, unlike the approaches
that rely on pre-trained networks. Performance results show
that the deep basis pursuit network plays a positive role in
reconstructing enhanced target scene by estimating its de-
noised version without access to ground-truth images.
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