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Abstract
Multiple-input multiple-output (MIMO) arrays en- able high-resolution radar imaging by syn-
thesizing large effective apertures using spatially distributed transmit and receive anten- nas.
In near-field imaging applications, the resulting multistatic geometry leads to high computa-
tional complexity. Consequently, reducing this complexity is of significant interest. To this
end, most existing fast near-field MIMO imaging approaches trade reconstruction accuracy
for faster runtimes by using lower- complexity approximations of the imaging operator. In
this paper, we develop an efficient direct reconstruction approach that achieves the same ac-
curacy as backprojection while prioritizing the early reconstruction of high-energy regions of
the scene. Our method is based on partitioning the channels of the MIMO array to concentric
apertures with equal resolution improvements. This enables reordering of the backprojection
summation for multiresolution image refinement. By storing the backprojected pixel values
in a multiresolution tree, we sequentially estimate the energy distribution of the scene and
decide on the region to reconstruct next. Simulations show that, compared with standard
raster scanning, the proposed approach converges faster to the final backprojection image,
allowing earlier recovery of the scene content.
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Abstract—Multiple-input multiple-output (MIMO) arrays en-
able high-resolution radar imaging by synthesizing large effective
apertures using spatially distributed transmit and receive anten-
nas. In near-field imaging applications, the resulting multistatic
geometry leads to high computational complexity. Consequently,
reducing this complexity is of significant interest. To this end,
most existing fast near-field MIMO imaging approaches trade
reconstruction accuracy for faster runtimes by using lower-
complexity approximations of the imaging operator. In this
paper, we develop an efficient direct reconstruction approach that
achieves the same accuracy as backprojection while prioritizing
the early reconstruction of high-energy regions of the scene. Our
method is based on partitioning the channels of the MIMO array
to concentric apertures with equal resolution improvements.
This enables reordering of the backprojection summation for
multiresolution image refinement. By storing the backprojected
pixel values in a multiresolution tree, we sequentially estimate
the energy distribution of the scene and decide on the region to
reconstruct next. Simulations show that, compared with standard
raster scanning, the proposed approach converges faster to the
final backprojection image, allowing earlier recovery of the scene
content.

Index Terms—Near-field, MIMO, image reconstruction, mul-
tiresolution processing.

I. INTRODUCTION

Near-field radar imaging with multiple-input multiple-
output (MIMO) arrays involves a multistatic measurement
model. As a result, even direct reconstruction methods, such
as backprojection, can become prohibitively expensive to
compute for high-resolution, large-scale image formation [1]–
[8]. Consequently, many works in the literature focus on
improving the computational complexity of near-field MIMO
radar imaging [1]–[8].

A common strategy to reduce the computational complexity
is to relate the spectral content of the scene to the acquired
MIMO measurements [2]–[4]. This enables the use of Fast
Fourier Transform (FFT) algorithms to reconstruct the image
once its spectrum is formed by available measurements. How-
ever, these algorithms commonly require high-dimensional
interpolations, and the chosen interpolation scheme determines
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both the quality of the reconstructions and computational effi-
ciency [2]–[4]. Furthermore, methods that use approximated
measurement models to achieve lower-complexity imaging
operators [5], [6] often suffer from induced phase errors,
constraining the imaging region for which their reconstruction
quality is acceptable [9]. Another fast reconstruction strategy
is to use hierarchical processing with time-domain methods
by exploiting the resolution limits of MIMO subapertures [7],
[8]. However, to hierarchically combine low-resolution images
for high-resolution reconstruction, such methods also require
carefully designed interpolation schemes [7], [8], and their
effectiveness is prone to the choice of image sampling grids
[8] and array partitioning [7].

In this work, we develop a novel near-field MIMO radar
imaging method that achieves efficient reconstruction by re-
ordering the backprojection summation. Akin to the adaptive
sampling strategies developed for near-field applications to
effectively collect measurements [10], [11], our main idea is to
prioritize the reconstruction and refinement of salient regions
of the scene. To avoid spending compute on empty regions of
the scene, we define salient regions as those with high energy.
This allows us to terminate the summation iterations earlier
based on recovered energy, while guaranteeing that the final
backprojection image can be reached at the refinement limit.

The developed method starts from an initial low-resolution
reconstruction and sequentially determines the pixels to refine.
For this, we partition the MIMO channels to concentric
apertures with resolution improvements, which enable the
image to be reconstructed at different resolution levels and
its refinement without any interpolation steps. This naturally
leads to operating on a multiresolution pixel tree, where each
node is the reconstructed pixel value at a particular resolu-
tion. Consequently, the refinement steps become equivalent
to expanding the frontier nodes. Importantly, when the image
size and the number of channels are sufficiently large, the
developed method retains the same order of computational
complexity as the standard backprojection summation.

We demonstrate the effectiveness of our method using
simulations and compare it with depth-first and breadth-first
summation orders. Our results show that the developed method
allows faster convergence to the final backprojection output,
enabling higher reconstruction accuracy within the early sum-
mation iterations.



II. MULTISTATIC IMAGING

A. Measurement Model

Consider a general near-field MIMO imaging setting where
Mt transmit antennas sequentially illuminate the scene to im-
age a target in the near-field of the MIMO array. The reflected
echoes are then captured using Mr receive antennas for Mk

number of operating frequencies, totaling M = MtMrMk

number of measurements.
Assuming that the scene consists of N point scatterers,

we can express the corresponding frequency domain mea-
surements as the superpositions of echoes for each scatterer.
This corresponds to a linear measurement model which can
be expressed as a matrix-vector product as follows,

s = Φσ. (1)

Here s ∈ CM denotes the measurement vector in the frequency
domain, Φ ∈ CM×N denotes the measurement matrix, and
σ ∈ CN denotes the ground truth reflectivity vector. By
denoting the frequency domain measurement for the t-th
transmit antenna at position p

(t)
T ∈ R3 and r-th receive antenna

at position p
(r)
R ∈ R3 for the k-th operating frequency, fk,

as s
(t,r)
k ∈ C, we can express the measurement vector as

s = vec(s
(t,r)
k ) where vec(·) is the vectorization operator over

measurement indices (k, t, and r). Then the n-th column of
the measurement matrix, which represents the contribution of
the n-th scatterer at position pn ∈ R3, can be constructed
as Φ:,n ≜ vec

(
exp{−j2πfkτ

(t,r)
n }

)
using the corresponding

round trip delay τ
(t,r)
n ≜ 1

c (∥p
(t)
T −pn∥2+∥p(r)

R −pn∥2) with
c denoting the speed of light.

B. Backprojection Reconstruction

To detect the presence of a target at candidate positions, the
backprojection algorithm [8], [12] applies the adjoint of the
measurement model in (1). Assuming that the associated main-
lobe width and the side-lobe levels of the MIMO array are
negligible, the corresponding matrix-vector product with the
adjoint matrix yields a scaled version of the scene reflectivity
where the processing gain becomes proportional to the number
of measurements, i.e. ΦHΦ ≈ MI. Accordingly, the back-
projection result can be used to approximate the reflectivity
content as follows,

b = ΦHs = ΦHΦσ ≈ Mσ =⇒ σ̂ =
1

M
b. (2)

where b is the backprojection image and σ̂ corresponds to the
reflectivity estimate.

To form the backprojection image, we sample the scene
coordinates within a region of interest based on the resolution
offered by the MIMO array [2]. As a result, the number of
scatterers, N , is assumed to equal the number of voxels/pixels
in the image. We set the sampling periods in the cross-range by
computing the resolutions at the closest voxel/pixel coordinate.
For an imaging plane at range z = z0 away from the MIMO

array, we approximate the cross-range resolutions along x and
y dimensions as [2],

δc,x ≈ z0
LT,x + LR,x

λmin and δc,y ≈ z0
LT,y + LR,y

λmin. (3)

Here, LT,x, LT,y and LR,x, LR,y denote the lengths of
transmit and receive antenna arrays along x and y dimensions,
respectively, and λmin is the minimum operating wavelength.

The backprojection summation in (2) is commonly imple-
mented in an operator form for efficient computation without
forming the adjoint of the measurement matrix [12]. For
this, the collected frequency-domain measurements are first
converted to range-domain via an FFT, and then an interpo-
lation scheme is used to compute the summation using the
range-domain data. The resulting computational complexity
is of the order O(MtMrMk logMk + αNMtMr) floating
point operations, where the coefficient α is determined by
the interpolation scheme. As a result, the computational cost
of the backprojection operator scales with the product of the
number of pixels, N , and the number of channels, MtMr,
which becomes prohibitively large for high-resolution imaging
using MIMO arrays with hundreds/thousands of channels [1],
[7], [8].

III. PROPOSED METHOD

We now present the developed multiresolution image sup-
port refinement method for efficient direct near-field MIMO
radar imaging. We first provide the details on partitioning
the MIMO channels to enable the use of a multiresolution
tree structure for backprojection reconstruction. Then, we
explain the developed image-refinement strategy for the early
recovery of high-energy regions of the scene, along with
a natural termination criterion. Throughout the section, we
calculate the additional computational complexity required to
employ the refinement strategy and show that the computa-
tional cost will be dominated by backprojection summation
for large NMtMr.

A. Partitioning Channels Based on Cross-Range Resolution

Here, our goal is to associate the transmit-receive antenna
pairs (channels) with a certain resolution. For this, we use
an approximate monostatic antenna array equivalent to the
MIMO array. Accordingly, a channel can be associated with
a certain resolution by the distance of the corresponding
approximate transceiver at p

(t,r)
c ≜ 1

2 (p
(t)
T + p

(r)
R ) to the

aperture center. This allows us to use monostatic cross-range
resolution formulas [12] given by δc,x ≈ λminz0/(2Lx) and
δc,y ≈ λminz0/(2Ly), where Lx and Ly denote the aperture
sizes of the equivalent monostatic array along the x- and y-
dimensions. Although the validity of this monostatic array
approximation degrades at short ranges, it still remains a useful
approximation to determine the MIMO channels’ contribution
to the cross-range resolution.

Based on this assumption, we partition the channels of the
MIMO array to yield resolution improvements as illustrated
in Fig. 1. As seen from the figure, the monostatic equivalent
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Fig. 1: Schematic diagram of partitioning MIMO channels
based on cross-range resolution.

array is partitioned into three concentric apertures, A1, A2,
and A3, with increasing widths L1, L2, and L3. As a result,
the channels, (t, r), assigned to the apertures A1, A2, and A3,
respectively, correspond to the low, medium, and high cross-
range resolutions.

B. Multiresolution Tree

The image can now be reconstructed starting from the chan-
nels corresponding to the innermost virtual sub-aperture and
refined by the inclusion of channels from outer apertures. This
corresponds to reconstruction by different resolution levels,
where the number of resolution levels, lmax, is determined
by the number of concentric sub-apertures. As a result, the
reconstructed image can be stored and iteratively refined using
a multiresolution tree.

Each level (or depth) of the multiresolution tree, indexed
by l, corresponds to a different resolution, and each node at a
particular level, indexed by n, corresponds to an image pixel
at that resolution. The backprojection reconstruction at level
l and node n is then found by computing the backprojection
summation using all measurements corresponding to subaper-
tures Al′ for l′ ∈ {1, . . . , l}, and is denoted by b

(i)
l,n for the

i-th refinement iteration. Then, for the reconstructed value of
a node at level l and index n at iteration i to be reused without
any need for interpolation at next iteration i+ 1 for the child
nodes at l + 1, we constrain the tree structure such that the
sampled coordinates are decimated for each parent node by
odd numbers. This makes sure that there is a center child
node that shares the same coordinate as the low-resolution
pixel. Consequently, the value stored at the parent node can
be used for the center node to avoid additional processing for
that node. As a result, the number of coherent summations
required to reach the finest resolution is the same as that of
standard backprojection summation.

C. Heuristics for Multiresolution Refinement

1) Node Scoring: To decide which region of the coarse
image to refine at the next iteration, we score the nodes at
the frontier of the tree based on their energy. This energy
score allows us to prioritize the reconstruction of high-energy
regions in the image first.

Analogous to the reflectivity estimate for the reflectivity
image at the finest resolution in (2), we can define the
multiresolution reflectivity estimate at (l, n)-th node at i-th
iteration as,

σ̂
(i)
l,n ≜

b
(i)
l,n∑lmax

l′=1 |Al′ |
(4)

where |Al| denotes the number of measurements associated
with the l-th sub-aperture with

∑lmax

l′=1 |Al′ | = M .
We define the score of a frontier node as the energy

associated with it on the final image. Accordingly, when
computing the score, we account for the total number of pixels
it covers on the finest-resolution image. For a frontier node at
level l, the corresponding number of pixels on a d-dimensional
image is equal to 3d(lmax−l). Then the score for a frontier node
can be computed as,

E
(i)
l,n ≜

{
|σ̂(i)

l,n|2 3d(lmax−l) , l < lmax

0 , l = lmax

, (5)

where we set the score of the nodes at the final level to zero
to limit the tree depth to the resolution of the full aperture.
This computation adds only O(1) floating point operations per
frontier node. By computing the number of nodes from bottom
up using decimations of three for each level, we can bound
the total number of nodes as,

Nnode =

lmax−1∑
l=0

N3−dl = N

(
1− 3−lmax

1− 3−d

)
< 3dN. (6)

Therefore, computing the frontier scores adds O(N) compu-
tation cost, which will be negligible for large N and MtMr.

2) Maximum-Score Search: Since the scores are computed
and stored for frontier nodes on the multiresolution tree, we
use a max-heap to efficiently find the frontier node with the
maximum score. At each refinement iteration, this requires 3d

comparisons for each level to determine the maximum score.
While constructing the heap, we also propagate the branch
indices corresponding to the frontier node with the maximum
score. As a result, the cost to locate the frontier node to refine
can be assumed to be zero.

The additional computation cost can then be found by
multiplying the max-heap cost per iteration by the number of
iterations. By using the upper bound for the number of nodes
in (6) and the number of child nodes per refinement (3d), the
iteration count can be bounded by,

Niter =
Nnode

3d
<

N3d

3d
= N. (7)

Accordingly, the additional computation cost summed over all
iterations is proportional to the multiplication of the number
of comparisons for each level 3d, the total number of levels
lmax, and the total number of iterations Niter, and is bounded
by < 3dlmaxN . At the end, using a max-heap to decide where
to refine at each iteration adds an additional computation cost
on the order of O(N), which again will be negligible for a
large image size and a high number of MIMO channels.
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Fig. 2: Simulated MIMO array and the scene.

3) Termination Criteria: A natural criterion to terminate
the iterations is to check if the maximum energy score of the
frontier nodes decreases below a certain fraction of the total
image energy. However, since the image is not known a priori,
we use an estimate of the total image energy using the energy
of the measurements. We establish this using the matrix norm
and the Cauchy-Schwarz inequality as,

∥s∥22 = ∥Φσ∥22 ≤ ∥Φ∥22∥σ∥22 =⇒ ∥s∥22
∥Φ∥22

≤ ∥σ∥22, (8)

where ∥Φ∥2 denotes the spectral norm of Φ. Using the
assumption in (2), the square of the spectral norm can be
approximated as, ∥Φ∥22 ≈ M . As a result, we can terminate
the refinement iterations using,

max
(l,n)

E
(i)
l,n ≤ η

∥s∥22
M

≤ η∥σ∥22. (9)

for some η ∈ (0, 1). The computation cost of this energy
bound is O(M) floating point operations and becomes negli-
gible compared to the cost of backprojection summation for
large N and MtMr.

IV. RESULTS

We investigate the performance of the developed method by
simulating a near-field millimeter-wave MIMO radar imaging
scenario similar to [11]. The simulated MIMO array is shown
in Fig. 2a and is based on the QAR50 submodule from Rohde
& Schwarz [13]. The MIMO array consists of 94 transmit and
94 receive antennas and has an aperture width of 15 cm in
both the x and y dimensions. The magnitude of the reflectivity
values of the simulated two-dimensional scene is shown in
Fig. 2b, which lies in the near-field of the MIMO array at the
z0 = 30 cm plane. The associated measurements are simulated
for 128 linearly spaced frequencies from the 72−82 GHz band
using equation (1).

We partition the channels of the MIMO array into 4 con-
centric sub-apertures, which results in a multiresolution tree of
depth 4. The scene is then sampled at the z0 = 30 cm plane
with a ∼ 2 mm sampling period, which corresponds to the
cross-range resolution computed using (3). Given the sampling
period and the multiresolution tree structure, the number of
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Fig. 3: PSNR with respect to runtime.
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Fig. 4: Recovered energy with respect to runtime.

pixels in the image is set to the smallest integer that covers
the 30 cm sidelength of the region of interest, resulting in an
image of size 162× 162.

A. Effect of Backprojection Summation Order

We compare the convergence speed of the developed back-
projection summation method with respect to depth-first and
breadth-first summation orders. Specifically, we define depth-
first on pixels as computing a single pixel using all mea-
surements, and depth-first on measurements as iterating over
measurements to accumulate contributions across all image
pixels. On the other hand, breadth-first refers to processing on
the multiresolution tree level by level.

To quantitatively evaluate the performance at any summa-
tion iteration, we convert the frontier nodes of the multiresolu-
tion tree to the equivalent raster image on a full-resolution grid.
Denoting the corresponding raster image for the i-th iteration
as b(i), we record the recovered image energy with respect
to iterations as ∥b(i)∥22/∥b∥22. Similarly, we compute the peak
signal-to-noise ratio (PSNR) [14] using the oracle, b, and b(i)

at any given iteration. The PSNR and recovered energy with
respect to the runtimes of different backprojection summations
are shown in Fig. 3 and Fig. 4, respectively. All results are
computed on an AMD Ryzen 7 7840HS CPU using Python.
To terminate the iterations of the developed method, we use
η = 10−6 in (9).

As seen from the iterations, the developed method con-
verges to the final backprojection result faster than the other
summation orders. In particular, while the summations with
depth-first ordering take around 13 seconds, the developed
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Fig. 5: The reconstructions at the termination point are shown in (a)-(d) while the oracle reconstruction is shown in (e). The
PSNR and the recovered energy (in parentheses) are indicated below each reconstruction.

method terminates about 2.5 times earlier at 4.86 seconds.
As a result, it achieves a high PSNR of 29.4 dB, which is
more than 9 dB higher than the reconstructions from the other
summation orders at the same runtime. Similarly, while the
recovered energy percentages with other summation orders are
all below 50%, the developed method recovers 95.2% of the
oracle image’s energy at the termination point.

The oracle backprojection image and the reconstructions
terminated within the same time budget as the developed
method are shown in Fig. 5. As seen, the medium-sized disk
at the bottom-right of the scene is recovered only by the
developed method within the time budget. Nevertheless, we
also see that the small disk at the top-right is still missing, as
expected, since the frontier nodes associated with that region
will have a low energy throughout the iterations. Importantly,
while the other methods take a longer time to recover the
three shapes in the middle of the scene due to their orientation
and/or position, all three shapes are clearly identifiable with
the developed method.

These results demonstrate that the developed multiresolution
support-refinement strategy, combined with the energy-based
termination criterion, enables early termination and reduced
computation while recovering most of the scene’s high-energy
content, leading to accurate early reconstructions.

V. CONCLUSION

In this paper, we developed a novel near-field MIMO
radar imaging method that prioritizes the early reconstruction
of high-energy regions of the scene. This is achieved by
partitioning the MIMO channels to concentric apertures with
resolution improvements, which allows image refinement on
a multiresolution tree based on pixel energy. The developed
method guarantees refinement steps to convergence to the
backprojection output while retaining the same order of com-
putational complexity for a high number of channels and large
image sizes. The simulations demonstrate the effectiveness
of the developed method, in which the summation iterations
converge faster to the final backprojection image than with
depth-first or breadth-first summation orders.
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