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Abstract

In recent years, the through-wall imaging (TWI) systems have garnered tremendous inter-
est due to their potential applications in surveillance, search-rescue operations, and security
monitoring, enabling the detection and visualization of objects behind opaque obstacles such
as walls. The multiple-input multiple-output (MIMO) TWI system has been developed to
detect hidden targets behind walls. MIMO-based TWI considerably reduces the time it takes to
scan the walls. This study presents an experimental evaluation of a MIMO-based TWI system
using a dataset of targets with varying dielectric properties placed at uniform and nonuni-
form distances behind a wall. The B-scan data are collected for different types of targets for
contrast target detection. To effectively suppress clutter and enhance target detectability, we
employed a range of advanced signal processing techniques, including singular value decom-
position (SVD), SVD-based noise subspace exploitation, the optimum shrinkage algorithm,
and background subtraction using data-driven thresholding. The target-to-clutter ratio of the
final image was computed to evaluate the effectiveness of each clutter removal technique and to
facilitate a comparative analysis of the results. The imaging results demonstrated that the system
could detect single and multiple targets, including those composed of different materials.

Introduction

Through-wall imaging (TWI) using radar systems has gained prominence and significant atten-
tion in recent years due to its potential applications in military surveillance, search-rescue
operations, and security systems [1, 2]. These systems enable the detection and localization
of obscured objects or individuals behind visually opaque structures, such as walls made of
dielectric materials [3, 4]. Using microwave-frequency electromagnetic radiation, TWI may
detect objects concealed behind walls. Recent works [5, 6] have investigated the potential use of
multiple-input multiple-output (MIMO) setups. However, TWI poses several challenges due to
signal attenuation, wall-induced clutter, multipath propagation, and variability in wall and tar-
get properties. MIMO-based through-wall radar imaging has emerged as a promising solution
among the various radar technologies. Using spatial diversity and virtual aperture expansion in
the MIMO system led to reduced scan and acquisition times, improved image resolution, and
an enhanced signal-to-noise ratio. In the TWI system, complexities arise due to variations in
signal reception at virtual nodes, clutter suppression difficulties, and deviations from ideal prop-
agation models, which affect image formation and accurate target estimation. This study fills
such gaps by looking at how to optimize and build TWI systems that use MIMO. The reliability
and accuracy of through-wall target identification and imaging are examined in the research by
examining the effects of several MIMO array designs, clutter mitigation approaches, and signal
processing algorithms.

Various research studies have investigated hardware architectures for microwave imaging
systems, including synthetic aperture radar (SAR), phased array radar, and MIMO radar sys-
tems. Phased array-based systems offer high precision and rapid data acquisition but come with
the drawback of complex hardware designs [7, 8, 9]. In contrast, SAR systems require less hard-
ware but operate at a slower pace due to extended data acquisition times. The advantage of
MIMO-based systems is that they provide an optimal balance between reduced acquisition time
and hardware complexity. The integration of MIMO antennas has significantly enhanced radar
performance by improving angular resolution, aspect angle coverage, system gain, and beam
steering [10].
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Table 1. System parameters for the MIMO TWI system

Parameters Specifications
Radar type SFCW
MIMO element 4 x 4 Tx/Rx
Operational frequency 1.5-3.5 GHz
Antenna type Vivaldi
Antenna element gain 6-7 dBi
Transceiver dynamic range 100 dB
Transmitted power +5 dBm
Wall distance from the MIMO systems 50 cm

Despite these advancements, the application of MIMO technol-
ogy in TWI remains relatively underexplored, resulting in a limited
body of literature. Frequency-diversified arrays, as discussed in
[11, 12], require careful optimization in terms of frequency incre-
ments and statistical methods. Notably, a study conducted on
comparing singular value decomposition (SVD), principal com-
ponent analysis (PCA), independent component analysis (ICA),
and factor analysis determined that ICA achieved optimal perfor-
mance in detecting low dielectric materials located behind walls. In
this work, we propose a wideband MIMO-inspired imaging system
that addresses the limitations of existing approaches by employing
a time-division multiplexing strategy. The proposed system fea-
tures a 4 x 4 planar MIMO array and its system parameters are
listed in Table 1. Its performance is evaluated through simulations,
experimental validation, and signal processing techniques applied
to the collected data. When utilizing the MIMO array for faster data
acquisition, the channel formed by its virtual nodes influences the
aspect angle from which the scenario is observed. This results in
variations in the received signal at the virtual nodes compared to
the signal strength recorded at the same positions while using a sin-
gle scanning antenna. These deviations in signal strength impede
the generation of B-scan images, ultimately affecting the accurate
estimation of target size in the C-scan representation of the scene.

This paper is structured with the second section, which outlines
the experimental setup and signal model employed for TWI. The
third section outlines the methodology for image reconstruction;
the fourth section discusses various techniques for clutter reduc-
tion to enhance image contrast, along with the results and their
analysis; and the fifth section summarizes the paper’s findings.

Experimental setup and signal model

The system comprises a 4 x 4 MIMO planar array, Radio Frequency
(RF) transceiver, a system processor, a MIMO antenna selector, a
display, and memory. The MIMO antenna array consists of four
horizontal rows, each containing four vertically arranged anten-
nas, forming a 4 x 4 planar configuration. The system operates
in the 1.5-3.5 GHz frequency range, selected to achieve a bal-
ance between penetration depth and resolution for TWI. The
attenuation of electromagnetic waves in lossy media (e.g., brick
or concrete) increases with frequency and can be expressed as
aoof /u € also at higher frequencies (above ~6 GHz); attenua-
tion becomes significant, resulting in poor penetration through
the wall. Although the proposed methodology can be extended
to mmWave frequencies, severe attenuation limits its applicability
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for TWIL The designed imaging system consists of three main
parts: transceiver, control unit, and MIMO array. The RF signal is
generated inside the transceiver and goes to the MIMO antenna
array; however, the control unit is responsible for the time syn-
chronization between the correct elements selection and triggering
the frequency sweeps of the transceiver. This arrangement enables
efficient data acquisition for TWTI applications.

The schematic diagram of the MIMO TWI system is shown in
Figure 1. A graphical user interface (GUI) is integrated into the
system to facilitate data analysis and visualization. The GUI pro-
vides options for applying post-processing algorithms and enables
real-time display of imaging results. The system is designed with
a MIMO configuration, incorporating a 4 x 4 array of trans-
mitters and receivers (Tx/Rx). This arrangement enhances signal
processing capabilities, allowing for improved imaging and tar-
get detection operating within a frequency range of 1.5-3.5 GHz;
the system ensures effective penetration and resolution for TWI
applications. This frequency band is suitable for detecting and
identifying objects behind obstacles while maintaining a balance
between penetration depth and image clarity. A Vivaldi antenna
is employed due to its broadband characteristics and high direc-
tivity, making it an ideal choice for microwave imaging applica-
tions. The antenna elements provide a gain ranging from 6 to 7
dBi in the passband, contributing to efficient signal transmission
and reception. The transceiver dynamic range of 100 dB ensures
a high sensitivity to weak signals, allowing for better differen-
tiation between targets and background noise. Additionally, the
system operates with a transmitted power of +5 dBm, ensur-
ing optimal performance while minimizing interference. The sys-
tem is positioned at 50 cm from the wall for effective imaging.
This setup allows for accurate data acquisition and processing,
enabling reliable detection and identification of objects behind the
wall.

Methods and methodology
Data collection

In TWI systems, data acquisition commonly utilizes three scan-
ning modalities: A-scan, B-scan, and C-scan. Our experimen-
tal setup generates B-scan data by stacking sequential A-scans
acquired at uniformly spaced positions along the cross-range axis.
The step size between these acquisition points is determined by the
antenna’s aperture, which defines the cross-range resolution of the
system.

Each A-scan represents the received radar signal (echo) as a
function of time (or range) at a specific antenna position.

Figures 2-5 show raw B-scan images obtained when targets
were placed behind the wall at varying distances. This figure sets
the raw data quality before applying any clutter removal methods,
justifying the need for further signal processing.

As the MIMO-based TWI system translates linearly across the
scene, a 2D B-scan image is constructed by concatenating these
A-scans. The resulting B-scan represents the cross-range vs down-
range profile of the scene, effectively mapping the location and
relative dielectric contrast of objects behind the wall. In our exper-
iments, various dielectric materials, including metal, wood, and
Teflon, are placed behind the wall at either distinct or identical
distances. The variations in dielectric properties and placement
enable the assessment of the system’s capability to detect, dis-
tinguish, and localize different materials through the wall. This
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Figure 1. Schematic diagram for MIMO TWI system.
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Figure 2. Raw B-scan images for different datasets consisting of metallic targets (Ref. Table 3. Target IDs: 01, 04, 07, 10, 13, and 15).
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Figure 3. Raw B-scan images for different datasets consisting of wood targets (Ref. Table 3. Target IDs: 02, 05, and 12).
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Figure 4. Raw B-scan images for different datasets consisting of two different target combinations (Ref. Table 3. Target IDs: 16, 17, and 18).
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Figure 5. Raw B-scan images for different datasets consisting of three target combinations (Ref. Table 3. Target IDs: 28, 29, and 31).
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Figure 6. (a) Echo data after fast time compression S (to, 7). (b) Grid of imaging areas with the same time delay.

linear scanning approach, in combination with MIMO radar  Reconstruction of images using the back projection algorithm
architecture, enhances spatial resolution and target detection per-
formance, making it suitable for reliable through-wall surveillance
applications.

The image reconstruction algorithms are the fundamental compo-
nent of a microwave imaging system. In this work, we have used
the back projection algorithm to reconstruct the image behind the
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Figure 7. Pre-processing steps of the collected data.
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Figure 8. Developed a MIMO-based TWI system.

wall scenario. Figure 6 illustrates the image reconstruction meth-
ods for TWI scenario. The data for each received signal represents
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aset of signal intensity values as a function of time delay. The signal
received in a given bin at the given instant is from all pixel locations
where the total flight time equals this specific time bin. The back
projection technique consists of recording the amplitude of each
time bin on a spatial time grid. Each channel’s recorded amplitudes
are then added together on the spatial grid. Mathematically, in free
space, the back-projected signal at pixel (x;,;) in the scanning area
image plane is given by

I(x;,y:) = ZE[ti (n),n] (1)

where
t; = (Rpy + Rpyi (n))/c (2)

Ry = \/(xi *xT)Z + (0, *)’T)z (©)

2

Rusl) = ) (1,5 0) + 0, — )’ @

where each symbol has the usual meaning as

c: speed of light
I: pixel amplitude
t: time
x and y: pixel coordinate in m
n: receiver number.

The pre-processing steps for the collected data are given in
Figure 7.

The developed MIMO-based TWI system is shown in Figure 8.
The collected data is passed through a Hamming window, which
results in an improved spectral response in the stored data. The
step involves the conversion of frequency domain data into time
domain data, which can be obtained using the following equation.

N—-1
D(z) = Z D (f) eli2mh(22/2) (5)
n=0

where D(f) is the raw data in the frequency domain, f, is the
operating frequency, N is the number of frequency points, z is
the downrange distance in cm, and D(z) is the data in the spa-
tial domain. This spatial domain conversion gives the range profile
corresponding to a single A-scan data captured from a single point
of the scanning plane. Now, the RF section of the design, through
which the high-frequency signal passes, encounters impedance
mismatches in the different circuit components, leading to reflec-
tions at multiple distances in the range profile. Once the RF circuit
is fixed, these reflections are constant and can be omitted using spa-
tial domain gating. Once the data is spatially gated, it is ready for
the imaging algorithm application.

Post-processing techniques

TWI using radar systems captures raw data that is often degraded
due to wall-induced distortions, multipath propagation, and envi-
ronmental noise. To address these challenges, post-processing
techniques play a vital role in suppressing wall clutter, enhanc-
ing the signal-to-clutter ratio, accurately localizing targets, and
improving overall image resolution. In recent years, subspace-
based methods have emerged as prominent clutter removal
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Table 2. Time and space complexity for different algorithms

Anand et al.

Algorithm Dominant operation Time complexity Space complexity
SVD Full matrix decomposition (O(N3)) (O(N?))
SVD noise subspace SVD + projection (O(N3)) (O(N?))
Optimal shrinkage SVD + shrinkage (O(N3)) (O(N?))
Background subtraction Mean and threshold ops (O(N?)) (O(N?))

Note: Where O(N") represents a proportional increase in complexity with the input size of the matrix N.

approaches. Techniques such as SVD, PCA, ICA, and background
subtraction have been widely adopted to effectively isolate and
eliminate wall reflections and background interference from the
radar data.

Singular value decomposition (SVD)
This powerful linear algebra technique analyses and reconstructs
images, reduces noise, compresses data, or extracts essential fea-
tures. It is the most efficient technique from linear algebra for
clutter reduction. SVD of the B-scan matrix (S) of dimension
M x N is given by:

S = UDV" (6)

where U = [U}, U,, ..., Uyl and V = [V, V,, ..., V] are
the left and right singular matrices whose columns are eigen-
vectors. The D matrix is the diagonal matrix for which singular
values are arranged in decreasing order. Basically, U and V are the
eigenvectors of { SS” } and {S”S}.

SVD noise-space exploitation

SVD noise-space exploitation techniques are widely employed in
TWI and array signal processing to distinguish the target (sig-
nal) subspace from the clutter or noise subspace. These methods
leverage the mathematical properties of SVD to separate sig-
nal and noise components based on singular value or eigenvalue
thresholding. Unlike conventional SVD-based filtering, which typ-
ically reconstructs the signal using dominant singular compo-
nents, noise-space exploitation selectively reconstructs the image
using higher-order singular components. This approach suppresses
strong background signals, such as wall echoes, and enhances
weaker signal returns that may correspond to concealed targets. By
focusing on the so-called “noise subspace,” this technique enables
improved detection of low-reflectivity or deeply embedded targets
that might be obscured in traditional processing frameworks.

Data-driven thresholding background subtraction methods
Data-driven thresholding background subtraction effectively sup-
presses strong static components, such as wall echoes, in radar-
based TWI. This technique enhances the visibility of dynamic or
concealed targets by adaptively identifying and removing back-
ground clutter. Unlike fixed-threshold methods, it employs a
dynamic threshold derived from image statistics such as mean,
standard deviation, or percentile values to differentiate between
background and potential target reflections. The method enables
improved target isolation by zeroing out components below the
threshold and preserving only significant deviations, particularly
in complex and cluttered environments.

OptShrink algorithms

OptShrink is a sophisticated method for cleaning up noisy matrix
data, mainly when the data is known to have a low-rank struc-
ture [13, 14]. It has applications in various fields, including signal
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processing, image processing, and functional MRI reconstruction.

OptShrink algorithm re-weights the singular value of the measure-

ment matrix buried in the noise optimally. The principle used in

[13] is from random matrix theory, consider a signal plus noise or

clutter matrix X = S, + X,,, where X is the received signal, S, is

the transmitted signal, and X,, is the random noise or clutter. After
r

implementingSVD S,, = >~ 6,u;v;/, where u; and v; are the left and
=1

right unitary matrices; ; are the singular values of the matrix S,,. In

the Eckart-Young-Mirsky (EYM) estimator, the objective is to find

an estimate of the low-rank signal matrix if the rank r is known. The

solution for the optimization problem for Frobenius norm |.|_F is

the constrained optimization problem such that = i;ikngéy;:, X Sups

and S, = > ouv is the SVD of the X, and it is also max-
I

imum likelihoold estimation. If X, is assumed to be independent
and identically distributed (IID) Gaussian, a natural extension for
this is available when §,, is the low rank and has some exploitable
structure, such as low rank and sparse [15]. This estimation in EYM
can be improved when an exploitable structure other than a low
rank is considered. Let us consider that S, and X,, are indepen-
dent, and X,, is a random matrix that is bi-orthogonally invariant,
i.e., its distribution is invariant when the right (or left) singular
vectors are multiplied. If S, is isotopically random, then X, need
not be random. Hence, the OptShrink algorithm is applicable to
Gaussian and non-Gaussian cases. D-transform, i.e., the analog
form of the Fourier transform, is used to find the optimum rank
r in the following manner. The effective rank for the SVD matrix is
estimated

i=1
1) Compute SVD for Rby R = > Gu;vf
q

2) Compute 3 = diag(c;, 1, ..., o,) € R(#=7)x(m=7)
3) Compute D-transform for D (&,—, i);) and D' (&, >)

D(z,x) = 1/nTr (z (22 — xx")) - 1/mTr <z(221 —xHx)_1>

Table 2 compares computational complexity estimated for dif-
ferent clutter reduction methods described above

Results and discussion

Table 3 presents a structured dataset compiled from an exten-
sive experimental study conducted to assess the performance of a
MIMO-based TWI system under diverse operational conditions.
The experiments involve targets composed of three representative
materials - metal, wood, and Teflon chosen for their distinct dielec-
tric properties. This selection enables evaluation of the system’s
sensitivity to varying electromagnetic characteristics. The study
systematically progresses from single-target to two- and three-
target configurations, thereby facilitating performance assessment
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Distance(s) of the targets

Target ID No of targets Target type from the wall (cm) Target description

01 01 Metal 20 30 cm x 30 cm

02 01 Wood 20 50 cm x 50 cm

03 01 Teflon 20 Circular Teflon of radius 15 cm

04 01 Metal 50 30 cm x 30 cm

05 01 Wood 50 50 cm x 50 cm

06 01 Teflon 50 Circular Teflon of radius 15 cm

07 01 Metal 85 30 cm x 30 cm

08 01 Wood 85 50 cm x 50 cm

09 01 Teflon 85 Circular Teflon of radius 15 cm

10 01 Metal 100 30 cm x 30 cm

11 01 Teflon 100 Circular Teflon of radius 15 cm

12 01 Wood 100 50 cm x 50 cm

13 01 Metal 150 30 cm x 30 cm

14 01 Metal 200 30 cm x 30 cm

15 01 Wood 150 50 cm x 50 cm

16 02 Metal-wood 50 and 50 30 ¢cm x 30 cm and 50 cm x 50 cm

17 02 Metal-Teflon 50 and 50 30 cm x 30 cm and circular Teflon of radius 15 cm

18 02 Wood-Teflon 50 cm and 50 cm 50 cm x 50 cm and circular Teflon of radius 15 cm

19 02 Metal-wood 100 cm and 100 cm 30 ¢cm x 30 cm and 50 cm x 50 cm

20 02 Metal-Teflon 75 cm and 75 cm 30 cm x 30 cm and circular Teflon of radius 15 cm

21 02 Wood-Teflon 50 cm and 75 cm 50 cm x 50 cm and circular Teflon of radius 15 cm

22 02 Metal-wood 75 ¢cm and 50 cm 30 ¢cm x 30 cm and 50 cm x 50 cm

23 02 Metal-Teflon 100 cm and 50 cm 30 cm x 30 cm and circular Teflon of radius 15 cm

24 02 Wood-Teflon 100 cm and 50 cm 50 cm x 50 cm and circular Teflon of radius 15 cm

25 02 Metal-wood 30 ¢cm and 50 cm 30 ¢cm x 30 cm and 50 cm x 50 cm

26 02 Metal-Teflon 75 ¢cm and 50 cm 30 cm x 30 cm and circular Teflon of radius 15 cm

27 02 Wood-Teflon 30 cm and 50 cm 50 cm x 50 cm and circular Teflon of radius 15 cm

28 03 Metal-wood-Teflon 100-50-30 30 cm x 30 cm, 50 cm x 50 cm, and circular Teflon of radius 15 cm
29 03 Metal-wood-Teflon 150-100-30 30 cm x 30 cm, 50 cm x 50 cm, and circular Teflon of radius 15 cm
30 03 Metal-wood-Teflon 150-75-85 30 cm x 30 ¢cm, 50 cm x 50 ¢cm, and circular Teflon of radius 15 cm
31 03 Metal-wood-Teflon 50-50-50 30 cm x 30 cm, 50 cm x 50cm, and circular Teflon of radius 15 cm

Figure 9. Contrast targets placed behind the wall.

https://doi.org/10.1017/51759078726103468 Published online by Cambridge University Press



https://doi.org/10.1017/S1759078726103468

654

Downrange in meters
o

[ Target ID 01

Target ID 01 ]

SVD Noise Space Exploitation

[ Target ID 01 J

‘ Target ID 01 |

Subtraction

»

Downrange in meters
° =
o m 4N o

0.5
Crossrange in meters

[ Target ID 04 ‘

Crossrange in meters

l Target ID 04 J

3 3
g 2
£25 °%  S2s
E E
c 2 o6 g 2 Meta
e @
§ 1 E 1
Sos 02 B
o — - o =
0.5 1 . o 0.5 1 15
Crossrange in motors Crossrango in motors
(a)
[ Target ID 04 ] ‘ Target ID 04 ]
SVD Noise Space
1
3
3
2 [
S2s 08 225
g 2 Meta
£ 2 s £ 2
% S1s
2 04 8
3 1
s’ H
Sos 02 Sos
o =
2 05 3 ) [ 1 15
Crossrange in motors Crossrange in motors
(a) (b)
rget ID 07
i SVD Noise Space Exploitation
3
2 »
S2s 08 3
3 3
E E
£ 2 06 =
®
15 &1.
H 04 §
g 1 €
z H
02 3
Sos 8
o

1 15

J 0.5 1 0.
Crossrange in meters Crossrange in meters
(a) (b)
l'l'ﬂrgetll) 10 Target ID 10

SVD

»
o

~

=
o

o

SVD Noise Space Exploitation

»
N oo e

Downrange in meters
s o

o

o
°

(X3 1 15

0 05 1 .
Crossrange in meters Crossrange in meters
(a) (b)
Target ID 13 Target ID 13
SVD SVD Noise Space Exploitation

o
oo

Downrange in meters
- o

-
o

0 05 1
Crossrange in meters

(a)

TargetID 14 |

»
o

2

Downrange in meters
- o

»
o @

0 05 1
Crossrange in meters

(@)

0
4
&
o
E
£
o
o
c
8
H
3
o
Q0.

0 0.5 1 16
Crossrange in meters

(b)

SVD Noise Space Exploitation

4
2
°
E
£
©
o
c
e
g
H
3
o
o

0 0.6 1 16
Crossrange in meters

(®)

Downrange in meters
o o 4 m @ W

Op!

»

b

Crossrange in meters
(©)

get ID 07

Conventional OptShrink Algorithm

»

Downrange in meters.
° 3
o m b n o ow

o 0.
Crossrange in meters

©
[ Target ID 10

Conventional OptShrink Algorithm

|4
N o

Downrange in meters
- o

S
o

Crossrange in meters

()

Target ID 13 -‘

Conventional OptShrink Algorithm

Downrange in meters
° = »
o ;o on ;e

0 0.5 1 16

Crossrange in meters

Target ID 14

N

Downrange in meters
o 5 a2 aw b oo

°

OptShrink

»
N o

Downrange in meters
-

o
o

0 0.6 1
Crossrange in meters

(©)

°

Crossrange in meters

(d)

Data-Driven
3

Downrange in moters.

05

Crossrange in meters

(d)

Target ID 10

Data-Dris

=0

Downrange in meters.

05
0
0 05 1 15
Crossrange in meters
(d

Target ID 13

o

e

o

Downrange in meters
i

o

0 05 1 16
Crossrange in meters

Target ID 14

Data-Driven Thresholding Background Subtraction i

3

5 [Metall I”

’ 04
02

0 0

0 08 1 16
Crossrange in meters

(d

2

2
2
°
E
£
815
c
4
€
H
]
o

Figure 10. Reconstructed images for metal targets with (a) SVD, (b) SVD noise exploitation, (c) conventional OptShrink algorithm, and (d) thresholding background

subtraction.

under increasingly complex detection scenarios. The target dis-
tance is varied from 20 to 200 cm, allowing investigation into the
effects of propagation loss, signal attenuation, and spatial resolu-
tion. Target dimensions are also varied, comprising square and cir-
cular geometries of different sizes (as detailed in Table 3), to analyze

https://doi.org/10.1017/51759078726103468 Published online by Cambridge University Press

the system’s responsiveness to size-dependent scattering behav-
ior. Each experimental scenario is conducted within an enclosed
indoor environment, with the imaging system positioned in an
adjacent room to emulate realistic through-wall conditions. Each
experimental scenario is conducted within an enclosed indoor
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Table 4. Performance of clutter reduction algorithms based on TCR for a single metallic target
TCR (dB)
Techniques Target ID 01 Target ID 04 Target ID 07 Target ID 10 Target ID 13 Target ID 14
SVD 17.19 11.98 9.24 7.56 5.23 3.26
SVD noise exploitation 7.97 14.13 5.40 1.26 5.258 2.56
Convention OptShrink algorithm 8.20 8.43 7.57 2.56 2.56 5.258
Thresholding background subtraction 15.56 6.27 8.46 5.23 5.23 2.56

environment, with the imaging system positioned in an adjacent
room to emulate realistic through-wall conditions. The “Target
type” column specifies the material composition of the targets. For
two- and three-target scenarios, the materials are listed in combi-
nation (e.g., “metal-wood,” “metal-wood-Teflon”). The distances
are listed in the same order as the target materials for multi-target
scenarios. The “Target description” column provides the size of
each target. The progression from single targets (Target IDs 01-15)
to two targets (Target IDs 16-27) and then three targets (Target IDs
28-31) demonstrates a systematic increase in complexity. This vari-
ation is important in order to test the system’s spatial resolution.
The systematic variation of key parameters allows for a detailed
analysis of the system’s strengths and limitations.

In order to evaluate the quality of images, we apply the target-
to-clutter ratio (TCR), which is commonly used in SAR image
assessment. TWI faces strong reflections from the wall, often over-
whelming weaker target signals. High TCR is essential for clear
target localization, discrimination of human vs object, and accu-
rate classification or recognition. The TCR indicates the relative
strength of clutter (unwanted reflections or interference) compared
to the desired signal in a radar or imaging system. It is measured
using a statistical method and defining a covariance matrix for

clutter and target.
1 2
~ 2 )

1 qeA,

= > Il

qeA,

TCR = (7)

where A; and A, are the target area and clutter area of the image
I(g), respectively, and N, and Nc are the number of image pixels
in the target and clutter regions, respectively [16]. Any pixel that
does not belong to the target portion region is considered a clutter
region.

Single metal and wood targets - image analysis

Metal targets

Metal targets corresponding to Target IDs 01, 04, 07, 10, 13, and
14 were placed behind a wall at varying distances, as detailed in
Table 3. The corresponding B-scan images for each target con-
figuration are presented in Figure 2. Various clutter reduction
techniques were employed to suppress background clutter and
enhance the visibility of the targets. Figure 9 illustrates different
targets placed behind the wall at the same and at different distance.
These included SVD, SVD-based noise exploitation, the conven-
tional optimal shrinkage algorithm, and thresholding background
subtraction. A comparative analysis of these techniques was carried
out using the TCR as a performance metric. This analysis pro-
vided a quantitative assessment of clutter suppression efficiency
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and demonstrated the relative effectiveness of each method in
enhancing target detection behind the wall. Figure 10 shows the
reconstructed images of single metallic targets placed at increasing
distances from the wall, ranging from 20 to 200 cm, corresponding
to Target IDs 01, 04, 07, 10, 13, and 14, as listed in Table 3. These
experiments evaluate the system’s ability to detect high-dielectric-
contrast targets (metal) and analyze how detection accuracy varies
with range.

Table 4 shows and compares the performance of the clutter
reduction algorithm based on TCR for a single metallic target. We
have observed that at a short distance of 20 cm (Target ID 01),
SVD achieves the highest TCR of 17.19 dB, producing a precise and
well-focused reconstruction of the metallic target. Thresholding
also performs comparably well with a TCR of 15.56 dB, validat-
ing its ability to suppress clutter close to the wall. As the target
distance increases (e.g., Target IDs 04 and 07), the performance
of SVD gradually deteriorates, with TCR dropping to 11.98 and
9.24 dB, respectively. Notably, SVD noise exploitation outperforms
conventional SVD for Target ID 04 (TCR = 14.13 dB) by utiliz-
ing higher-order singular values to suppress dominant wall echoes
while preserving the target’s weaker returns. For mid-to-far range
targets (IDs 10, 13, and 14), the effectiveness of all techniques
diminishes due to increased attenuation and wall clutter.

SVD produces TCRs as low as 3.26 dB for Target ID 14 (200 cm),
indicating weak detectability. However, OptShrink remains rela-
tively stable across distances, providing moderate TCR values (e.g.,
7.57 dB at ID 07 and 5.26 dB at ID 14), suggesting robustness to
range-induced signal degradation. While thresholding offers com-
parable or better results than SVD for specific mid-range targets,
it highlights its potential in scenarios requiring faster computa-
tion. The analysis confirms that SVD is most effective for near-
range, high-reflectivity targets, while SVD noise exploitation and
OptShrink offer better adaptability for complex and longer-range
imaging. Thresholding, although simple, proves competitive in
short to moderate ranges.

Single wood targets

Figure 11 presents the reconstructed imaging results for single
wooden targets placed at varying distances of 20, 50, and 100 cm,
corresponding to Target IDs 02, 05, and 12, respectively. In Table
5, the performance of the clutter reduction algorithm is compared
based on TCR. Wood has a moderate dielectric constant and
reflects less energy than metal, making it more challenging to
detect, particularly at greater distances. The reconstructed images
were generated using four different clutter suppression techniques:
SVD, SVD noise subspace exploitation, OptShrink, and threshold-
ing background subtraction. Their performance is quantified using
the TCR metric. For the near-range wood target at 20 cm (Target
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Figure 11. Reconstructed images for woods targets with (a) SVD, (b) SVD noise exploitation, (c) conventional OptShrink algorithm, and (d) thresholding background

subtraction.

ID 02), the OptShrink algorithm demonstrated the best clutter sup-
pression performance, achieving a TCR of 6.92 dB, significantly
higher than the baseline SVD (4.42 dB). The OptShrink method’s
low-rank approximation and noise-filtering properties allowed it
to enhance subtle target reflections while attenuating wall-related
clutter. At a range of 50 cm (Target ID 05), thresholding back-
ground subtraction emerged as the most effective technique, deliv-
ering a TCR of 7.55 dB.

Its adaptive, data-driven thresholding mechanism likely pro-
vided better contrast between the wall background and the target
echo. This suggests that statistical thresholding methods can
outperform more computationally intensive matrix decomposition
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Table 5. Performance of clutter reduction algorithms based on TCR for a single
wooden target

TCR (dB)
Target Target Target
Techniques ID 02 ID 05 ID 12
SVD 4.42 3.16 0.62
SVD noise exploitation 3.08 1.85 6.63
Convention OptShrink algorithm 6.92 3.88 0.58
Thresholding background subtraction 2.78 7.55 1.84
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Figure 12. Reconstructed images for multiple targets combination with (a) SVD, (b) SVD noise exploitation, (c) conventional OptShrink algorithm, and (d) thresholding
background subtraction.

Table 6. Performance of clutter reduction algorithms based on TCR for two  echoes of low-dielectric targets from dominant wall returns and
target combinations noise. It demonstrates strong potential for improving detectability

TCR (dB) in highly cluttered, low-Signal to Noise Ratio (SNR) environments.
The conventional SVD method showed only moderate effective-
ness in the near field and experienced a sharp performance drop

Target Target Target

Techniques ID 16 ID 17 ID 18 X R . X

at larger distances, indicating that dominant singular values alone
SvD 178 8.08 4.12 are insufficient for representing weakly reflective targets like wood,
SVD noise exploitation 8.08 11.84 0.26 especially when signal attenuation increases with distance.
Convention OptShrink algorithm 5.8 6.72 2.30
Thresholding background subtraction 0.77 0.925 0.63 Two targets, a combination of metal, wood, and Teflon

Metal-wood, metal-teflon, and wood-Teflon

For the metal-wood configuration (Target ID 16), the SVD noise
exploitation technique exhibited the best performance, achiev-
ing a TCR of 8.08 dB, outperforming the OptShrink method
(5.80 dB) and standard SVD (1.78 dB). Table 6 compares the per-
formances of clutter reduction algorithm based on TCR for two
target combinations. This table suggests that subspace exploita-
tion isolates the weaker wood reflections from the dominant wall

techniques at moderate distances. In contrast, for the far-range tar-
get at 100 cm (Target ID 12), SVD noise exploitation achieved a
TCR of 6.63 dB, significantly outperforming all other methods.
This method selectively reconstructs signals using higher-order
singular components, effectively isolating weak, deeply embedded
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and metal-induced clutter. The thresholding method performed
poorly (0.77 dB) in this case, likely due to its inability to handle
overlapping strong and weak target responses. In the metal-Teflon
case (Target ID 17), which features high reflectivity contrast, SVD
noise exploitation again delivered the highest TCR (11.84 dB),
highlighting its robustness in resolving both high-strength metallic
reflections and low-power Teflon echoes. The basic SVD method
also performed well (8.08 dB) due to the distinct separation in sig-
nal characteristics between the two materials. OptShrink produced
moderate results (6.72 dB), while thresholding failed to adequately
suppress clutter, with a TCR of only 0.93 dB.

In contrast, the wood-Teflon combination (Target ID 18) posed
the most significant challenge due to the low dielectric contrast
of both materials. The standard SVD showed the highest TCR
(4.12 dB) among all techniques in this case, likely because it
retained sufficient energy from both weak target signals. However,
SVD noise exploitation failed (0.26 dB) due to the over-suppression
of signals near the noise subspace. Similarly, OptShrink (2.30 dB)
and thresholding (0.63 dB) were ineffective, reflecting their lim-
itations in detecting low-SNR overlapping targets. The combined
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two-target analysis confirms that SVD noise exploitation is highly
effective when at least one high-dielectric target (e.g., metal) is
present due to its ability to suppress dominant clutter and isolate
weaker reflections. Conventional SVD performs well in moderate
clutter and high-contrast configurations but lacks adaptability in
low-contrast scenarios. OptShrink provides moderate and stable
performance across all target types but lacks peak TCR in challeng-
ing environments. Figure 12 illustrates the reconstructed images
for two target configurations placed at an equal distance of 50 cm
behind the wall: metal-wood (Target ID 16), metal-Teflon (Target
ID 17), and wood-Teflon (Target ID 18). Each row of subfig-
ures compares the performance of four clutter suppression tech-
niques - SVD, SVD noise subspace exploitation, OptShrink, and
thresholding-based background subtraction applied to the same
dataset.

Three targets, a combination of metal, wood, and Teflon

The reconstructed images for a combination of three targets using
different post-processing techniques are shown in Figure 13. The

Target ID 28

Data-Driven Thresholding Background Subtraction .

Target ID 28

Conventional OptShrink Algorithm

" )
5 08 g
82 !
© %)
£ £
£ 06 £
) 915
c 04 c
g ’ g
c c 1
2 3
So. 02 Ros
0
0 05 1 15 0 05 1 15

Downrange in meters

Crossrange in meters

(©

Crossrange in meters

(d)

Target ID 29 Target ID 29

Conventional OptShrink Algorithm

Downrange in meters

o 0.5 1
Crossrange in meters

©

Conventional OptShrink Algorithm

05 1
Crossrange in meters

Target ID 31

Data-Driven Thresholding Backg

n
o

N

[
o
o
$
o
£
£
L
o
c
©
g
c
H
o
[aQ'X

Downrange in meters
o

o
o

0 0.5 1 15 0 0.5 1 15
Crossrange in meters Crossrange in meters
© d

Figure 13. Reconstructed images for multiple targets combination with (a) SVD, (b) SVD noise exploitation, (c) conventional OptShrink algorithm, and (d) thresholding

background subtraction.
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Table 7. Performance of clutter reduction algorithms based on TCR for three
target combinations

TCR (dB)
Target Target Target
Techniques ID 28 ID 29 ID 31
SVD 9.93 8.23 10.84
SVD noise exploitation 10.23 6.27 15.58
Convention OptShrink algorithm 7.23 6.20 6.30
Thresholding background subtraction 5.18 4.13 8.75

results show that when all three targets were placed at the same
distance (50 cm), both SVD noise exploitation and standard SVD
delivered high TCRs (10.23 and 9.93 dB, respectively), indicating
their ability to separate overlapping target reflections from wall
clutter (see Table 7).

The OptShrink method (7.23 dB) performed moderately well
but was limited by its low-rank assumption in complex multipath
scenes. Thresholding background subtraction (5.18 dB) showed
the lowest effectiveness, consistent with its limitations in scenar-
ios with spatially overlapping clutter. This configuration tested
the ability of algorithms to detect targets at significantly differ-
ent distances. SVD (8.23 dB) marginally outperformed SVD noise
exploitation (6.27 dB). The deeper placement of metal and wood
targets likely shifted their energy to dominant singular values,
which were preserved more effectively by conventional SVD. The
OptShrink (6.20 dB) and thresholding (4.13 dB) methods showed
reduced performance, reflecting their limited ability to adapt to
multi-depth signals with a wide dynamic range. In this asym-
metrical distance configuration, SVD noise exploitation achieved
the highest TCR of 15.58 dB, clearly outperforming all other
methods. This result confirms the strength of noise-space sub-
space filtering in resolving multi-distance weak targets obscured
by wall and multipath clutter. Standard SVD also produced a
strong TCR (10.84 dB), followed by thresholding (8.75 dB), which
showed surprising effectiveness, likely due to target separation in
range. OptShrink, however, remained stable but underwhelming
(6.30 dB).

Conclusion

In this work, we have demonstrated the experimental evaluation
of a MIMO-based TWI system utilizing various signal and image
processing techniques to enhance contrast-based target detection
behind walls. The imaging system detected metallic-, wooden-,
and Teflon-based targets at varying distances. The choice of clut-
ter removal technique often involves a trade-off between com-
putational efficiency and detection accuracy. SVD noise exploita-
tion is the most effective technique overall, especially in com-
plex and multi-depth scenarios where weak target reflections
are obscured by dominant clutter. SVD performs best in high-
SNR, shallow target scenarios, especially for strong reflectors
like metal. Conventional OptShrink provides consistent but sub-
optimal results, making it suitable for balanced performance when
no extreme clutter or distance variance is present. Thresholding
background subtraction, while computationally light, is highly
scene-dependent and should not be used as a standalone method
for complex or deep-target detection. The results strongly sup-
port the development of adaptive or hybrid approaches, wherein
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clutter suppression techniques are dynamically selected or com-
bined based on scene complexity, target material, and distance.
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