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Abstract

Millimeter-wave (mmWave) imaging is increasingly being adopted
across the supply chain and security industries to see through oc-
clusions and detect hidden objects. Yet, most industrial mmWave
imaging relies on a static, bulky, and expensive infrastructure to
achieve precisely measured positions required for synthetic aper-
ture imaging. In contrast, a handheld mmWave scanner can provide
a compact, mobile and cost-effective alternative for high-resolution
mmWave imaging, but it suffers from severe phase errors and image
distortions due to motion inaccuracy.

This paper presents TwinFocus, a twin-reference-guided autofo-
cus framework that overcomes the impact of these motion errors
to enable practical handheld mmWave imaging. Our key insight is
that motion-induced phase errors remain similar across objects in
the scene. TwinFocus therefore leverages a reference object in the
environment, whose synthetic mmWave response can be generated
using lightweight digital twins, to estimate the phase errors affect-
ing the target object. It then compensates for these impairments by
aligning the defocused reference image with its twin representation
via amplitude-domain image optimization. Extensive real-world
evaluations and ablation studies across diverse object configura-
tions, materials and occlusions demonstrate a 23.3% and 41.7% im-
provement in structural similarity using digital and physical twin
references, respectively.
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1 Introduction

Radio Frequency (RF)-based imaging has seen widespread adop-
tion across diverse real-world applications, including automotive
sensing [10, 12], security screening [13, 14], non-destructive test-
ing [32], and structural health monitoring [47]. Among RF modali-
ties, millimeter-wave (mmWave) radar imaging stands out for its
high spatial resolution and reasonable penetration capabilities, mak-
ing it especially valuable for detailed object profiling through occlu-
sions [21, 41] or packaging materials [5, 9, 32]. Typically, mmWave
imaging systems are built upon synthetic aperture radar (SAR) tech-
niques, which enable high-resolution imaging by synthesizing a
large virtual antenna array through controlled radar movement [6].
However, due to its small wavelength, traditional mmWave SAR
relies on bulky and expensive motion stages that move the radar
with sub-millimeter accuracy to ensure coherent signal integra-
tion. Consequently, current mmWave imaging platforms remain
unsuitable for mobile and ubiquitous deployment.

Recent advances in handheld mmWave SAR imaging seek to
overcome this limitation by enabling mobility without sacrific-
ing image quality. Prior work [49] compensates for the non-linear
and non-uniform nature of handheld motion by integrating visual-
inertial odometry (VIO) [25, 26] to estimate radar trajectories. Yet,
the localization accuracy of existing VIO systems is inadequate for
phase-sensitive mmWave SAR imaging. In fact, due to the small
wavelength of mmWave signals, even sub-millimeter tracking er-
rors (typical for VIO systems) introduce severe phase misalignments
across the virtual aperture, leading to significantly defocused im-
ages [30]. While several solutions have proposed external calibra-
tion with corner reflectors [16] or accumulating radar returns over
extended periods [49], they increase deployment constraints and
user burden. Deep learning-based approaches [15, 17] have also
been explored but require large training datasets and generalize
poorly to unseen targets or environments.

In this paper, we introduce TwinFocus, a twin-reference-guided
autofocus framework that compensates for these severe phase er-
rors to enable practical handheld mmWave SAR imaging. Our key
idea infers and corrects motion-based phase errors for the scene by
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Conventional Mechanical Imaging
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Figure 1: Conventional SAR imaging requires bulky and ex-
pensive motion stages while TwinFocus enables mobile and
affordable mmWave imaging by overcoming severe phase
errors caused by handheld motion.

minimizing the discrepancy observed from a reference object visible
in the environment. Specifically, we identify two objects within the
scene: a reference object, either manually deployed or naturally
present in the environment, and a target object of interest that
may lack a direct line of sight. TwinFocus starts with generating
the ideal SAR response of the reference using either physical or
digital twin, then develops a phase-error estimation framework that
captures the phase misalignment between the defocused reference
RF image and its well-focused counterpart. We then transfer this
phase correction to the rest of the scene to compensate for phase
errors in the target region to recover a well-focused image of the
unknown target. Notably, unlike our prior work [16] that relies
solely on corner reflectors that are rarely available in real-world
scenes, the image-level alignment in TwinFocus greatly relaxes the
constraints on reference object geometry.

We first perform a motivation study on handheld imaging by
combining a mmWave radar [35] with a ZED 2i stereo camera [34]
for VIO tracking. Our measurements (Sec. 2) show that although
the tracking camera achieves sub-millimeter accuracy, this preci-
sion is still insufficient to guarantee high-quality handheld SAR
images. Our theoretical analysis (Sec. 3) of the spatial distribution
of phase errors further demonstrates that the phase errors remain
similar across objects under certain conditions. This observation
suggests that, instead of estimating phase errors for each target
independently, we can recover them from a chosen reference and
propagate the correction across the scene. Motivated by this oppor-
tunity, TwinFocus achieves handheld mmWave SAR by estimating
motion-induced phase errors from a reference object and transfer-
ring the correction to the unknown target in two complementary
scenarios:

1. Physical twin-guided autofocus for known references: In
cooperative imaging that follow predefined procedures, such as
security screening or industrial inspection, it is feasible to deploy
a known reference object whose ideal mmWave response (i.e., its
physical twin) can be pre-measured. Given this physical twin tem-
plate, instead of directly matching the response in the unstable
complex domain, TwinFocus performs robust optimization in the am-
plitude domain where phase errors manifest as observable blurring
and distortion. We design an iterative, differentiable optimization
process that estimates the phase errors by perturbing the phase pro-
file across the synthetic array, progressively aligning the defocused
reference amplitude with its ideal counterpart. The resulting phase
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correction is then transferred to the target region for high-fidelity
reconstruction of unknown targets.

2. Digital twin-based autofocus for unknown references: In
non-cooperative scenarios where the ground-truth reference SAR
response is unavailable, TwinFocus extends its approach by gener-
ating a digital twin of the reference object through a lightweight
visual-to-radar simulation pipeline. Specifically, we employ the
tracking stereo camera to capture both the geometry of the un-
known reference in addition to the coarse radar trajectory. Twin-
Focus efficiently simulates an aligned SAR image of the reference
using a point-scattering model. Importantly, TwinFocus bypasses
the need for phase-aligned simulation, which is extremely chal-
lenging due to the sub-millimeter precision required for modeling
object geometry and radar arrays and instead utilizes the simulated
SAR amplitude to guide phase error estimation. TwinFocus further
employs a similarity-based optimization that prioritizes high-level
visual consistency over strict pixel-wise alignment, thereby reduc-
ing sim-to-real discrepancies.

We implement TwinFocus using a Texas Instruments (TT)
MMWCAS-RF-EVM four-chip cascaded radar [35], a ZED 2i stereo
camera [34], and a 3D motion stage for ground-truth data collec-
tion. We develop a custom handheld platform that combines the
tracking stereo camera with the mmWave radar for capturing real-
world mmWave imaging using handheld trajectories. We perform
extensive evaluations across various tracking error levels and object
configurations, demonstrating robustness to variations in objects’
shape, size, material, and environment under both LoS and NLoS
scenarios. Using the structural similarity index measure (SSIM)
as the evaluation metric, experimental results show that, TwinFo-
cus outperforms the no-correction baseline by 41.7% with a physical
twin for known references and by 23.3% with a digital twin for un-
known references, while improving SSIM from 0.65 to 0.94 in the
NLoS security case study.

Our contributions can be summarized as follows:

e We propose TwinFocus, a twin-reference-driven motion-
induced phase error compensation framework that over-
comes sub-millimeter tracking errors in handheld mmWave
SAR imaging.

e We introduce an amplitude-domain alignment algorithm
for phase error estimation of cooperative targets, along
with a lightweight digital-twin pipeline to extend it for non-
cooperative targets.

e We implement TwinFocus and validate its performance across
diverse scenarios. Experiments demonstrate successful im-
age reconstruction from heavily distorted signals and show
the practical utility of TwinFocus in real-world tasks.!

Limitations: Despite the strong performance of TwinFocus, there
are several opportunities for improvement (more details in Sec. 7):
(1) extending robustness to larger VIO tracking errors, (2) better
handling differences in reference and target size or orientation,
and (3) improving support for composite reference objects through
more accurate material-aware modeling.

1Code and data are available at https://github.com/leeyadong/TwinFocus
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Figure 2: MIMO SAR imaging setup, where sub-mm tracking
errors cause signi cant image distortion.

2 Challenges of Handheld Imaging

This section outlines the fundamentals of mmWave SAR imaging

Figure 3: Error distribution analysis of ZED 2i camera z-axis
tracking errors: ECDF (left) and histogram (right).

that visualizes the e ects of varying tracking errors on image focus.
Using the Texas Instruments (Tl) MMWCAS mmWave radaf[
mounted on a 2D motion stage, we perform MIMO SAR imaging

and explores the key sources of phase errors that degrade image of 5-inch metallic letters. Implementation details are provided in

quality signi cantly.

MIMO SAR Primer: 3D mmWave imaging requires a two-
dimensional aperture to resolve scatterers in both azimuth and
elevation. In this work, we adopt a MIMO SAR con guration in
which a linear multi-antenna array is scanned over a planar path
to synthesize a large 2D virtual aperture e ciently (Fig. 2).

Signal Model. Let th&-axis denote azimuth, the-axis elevation,
and thel -axis depth. The positions of the physical transmit (TX)
and receive (RX) antennas can be written as:5G ¢  « 0°p =

1G « ~ « (*»and a voxel inside the target imaging volungecan be
denoted as = 1Ge ~+ 1° The wavenumber is = 2c5 «2where 5

is the signal frequency and is the speed of propagation. Under
the Born approximation 83, and assuming isotropic antennas, the
multistatic baseband signal can be converted into an equivalent
monostatic array [42]: 5

Bipe:© = firo4 927rP 2°3p, (1)

where p is the phase center (i.e., midpoint) between a TX-RX pair,
f1rois the complex re ectivity of the target, andt r; p,° is the
distance from the target voxel to the antenna.

Back-Projection Imaging. We aim to reconstruct the target voxel
responsd! r° from Eq.(1) by delineating the contribution of that
voxel to the antenna array. Prior approaches have employed either
time-domain methods29 (e.g., back-projection) or frequency-
domain methods2( (e.g., range migration) to extract this response.
Although frequency-domain approaches are more e cient via FFT,
they require uniform, linear sampling conditions that are di cult

to meet in handheld SAR. Hence, we adopt back-projection for its
robustness to irregular trajectories. The target voxel response can
then be reconstructed as:

firo = 2
p2
Eq.(2)coherently sums contributions from all virtual antenna posi-
tions and frequencies, yielding a focused 3D mmWave image.
Challenge of Motion Error: We empirically demonstrate how mo-
tion errors impact SAR image quality through a measurement study

Bipe:0492P2°3: 3p,”

Sec. 5.

The ground-truth image obtained with precise motion control is
shown in Fig. 2. In contrast, handheld operation introduces non-
uniform, non-linear motion, causing phase errors across the syn-
thetic array and, in turn, incoherent voxel combination (Eq. 2). Due
to the small wavelength of mmWave signals, even sub-wavelength
Gaussian tracking error (0.5 mm) signi cantly blurs the recon-
structed image (Fig. 2, right). Previous workqd 51] mitigates this
using high-precision motion capture systems with multiple re ec-
tive markers and cameras, but such setups ca85000 23 and
require line-of-sight conditions.

We further evaluate a more portable and cost-e ective track-
ing solution using a ZED 2i stereo camerd for visual-inertial
odometry (VIO). Most distortions stem from errors along the z-axis
(range direction), where even minor distance variations introduce
large phase o sets11, 16. As shown in Fig. 3, the plotted z-error
represents the deviation of the estimated z-position from a tted
2D plane. This captures range-direction jitter even when no inten-
tional z-motion is introduced. Our measurements of the camera's
z-axis tracking error demonstrate that its accuracy is insu cient
for high-quality SAR imaging. Therefore, it is essential to develop
algorithms capable of correcting sub-wavelength tracking errors to
enable practical handheld mmWave SAR imaging.

3 Understanding the Impact of Motion Error on
SAR Images

This section explores why small motion errors lead to such signi -
cant degradation in SAR image quality and how these errors are
related to phase o sets across objects.

Theoretical Model of Motion Error: We rst identify the impact

of the motion errors by quantifying the translation into phase errors
and the amount of defocus they cause by extending the signal model
from Sec. 2.

Acquisition with Position Error: As shown in Fig. 4 (left), let's say we
only know the noisy locations of each captup = p;, p with
position error p=1Ge ~e |° > Using this erroneous position
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Figure 4: (1) Left: Signal acquisition with position error. (2) Middle: Position errors lead to incorrect phase alignment, causing
the signals to cancel rather than reinforce each other. (3) Right: Approximating the phase error as the projection of the position
error along the LoS direction reveals the similarity of phase errors across nearby objects.

in back-projection yields the distorted image:
o] 1
firo = Bipe:0492'4™P2°3: 30,
P2 :
where' 41r; pp° is the distance between each erroneous antenna
position p; and the target point r.

®)

Residual Phase Term. Substituting the signal model ofifinto (3)
and de ningthe slantrange error! r;p2;p2° ="' r;p2° " 41r; p2°,

we obtain:
» (o] 1

0 = f1r0

4927 2i°3:3p, 31
pz -
Eq.(4)shows that motion error introduces a space-variant residual
phase4 °% " . Consequently, the phase cannot be globally factor-
ized and manifests as blurring and ghosting in the reconstructed
image. Fig. 4 (middle) illustrates the received signals at di erent
measurement locations as vectors in the 1Q complex plane. We
observe that using the true propagation path in back-propagation

4)

where utr; pz° denotes the unit line-of-sight (LoS) vector between
the erroneous antenna position and the target.

Let r; and r, be two scatterers observed at the same antenna
position py. Using(5), the di erence between the phase errors of
two scatters can be modeled as:

(6)

4c
d1 g 2= —u u>pe
where 3 = 1rg  pp°krg pzko for 8 2 fle2g. Then we can ob-
tain the upper bound for Eq(6) by applying the Cauchy Schwarz
inequality:

4
—C kUl u 2k2k pkz

g1 g 2 (7)

Implication. Eq(7)and Fig. 4 (right) indicate that the phase error
di erence between two targets is primarily determined by their
angular separation and the magnitude of the motion error. Impor-

imaging enables accurate phase compensation across all measuretantly, when the two targets lie within a small angular range, their

ment positions, aligning the signal phases and allowing constructive
combination. However, in the presence of motion error, the residual

phase terms prevent proper phase alignment, causing the signals to 3). targets within\

partially cancel rather than reinforce each other, which ultimately
leads to image distortion. This analysis also reveals that it is su -

phase errors become highly correlated. For 4 mm (77GH2)

and a trajectory error ok pk 05 mm of the VIO systems (Fig.
20 exhibit a maximum phase mismatch
of 0"17c, well within the tolerance of standard autofocus re-
nement. It is also worth noting that: (1) This value represents a

cient to compensate for the phase errors to reconstruct high-quality/orst-case upper bound and the practical error is often smaller. (2)

SAR images rather than the actual motion errors. This is particu-
larly true for TwinFocus, where the complementary stereo camera
ensures sub-wavelength motion errors, making the resulting phase
errors locally convex and avoiding phase wrapping.

Opportunity of Phase Error Transfer. The above formulation,
however, reveals a new opportunity to capture phase errors. By
analyzing the spatial characteristics of phase error distribution, we
show that in a scene with two targets, the phase error estimated
from one reference target can serve as an accurate proxy for the
others.

Spatial Distribution of Residual Phases. Sjjpaggj is small (on the
millimeter scale) compared to the slant range (tens of centimeters),
we can use a rst-order Taylor expansion to approximate the slant
range error 'ir;p 2;p2°, as shown in Fig. 4 (right):

np ap° Ul p pe ulr; p° = k:—;zkz (5)

Since mmWave SAR is dominated by specular re ections and only
geometry-compatible surfaces produce strong returns, two strong
scatterers that are both far apart and simultaneously visible are
rare, making the above bound more conservative.

While prior work has also used reference targets to manipulate
mmWave signal phases for sensing and imagidg {5, our ap-
proach di ers fundamentally in both goal and methodology. For
instance, Mobi2Sensé eliminates all motion-induced phase
changes using static references, whereas our method selectively
corrects only undesired motion while preserving the phase vari-
ation necessary for virtual aperture synthesis. Additionally, our
previous study's 1§ references are limited to idealized point tar-
gets (i.e. corner re ectors) that are often unavailable in real-world
scenarios. In contrast, this paper establishes a theoretical foundation
for phase error transfer and signi cantly relaxes the requirements
on reference geometry, thus improving the practicality of handheld
SAR imaging.
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4 TwinFocus Design twin) using a motion stage and store it as a template for phase error
compensation during later scans.

Phase Optimization: Complex Domain vs. Amplitude Do-
main. Intuitively, if the true re ectivity of the reference target,
including both amplitude and phase, were known, one could di-
rectly optimize the complex SAR response. In practice, however,
measuring or modeling the phase response of arbitrary real-world
objectsisinfeasible due to material properties, multipath e ects, and
calibration inconsistencies. Moreover, directly comparing complex-
valued SAR images is highly unstable, as even minor geometric
errors can cause large, unpredictable phase shifts. We overcome
this by leveraging the fact that phase errors manifest as visible
blurring and distortion in the amplitude domain. This motivates an
amplitude-domain formulation where we avoid dealing with the
unstable phase directly.

LetB15°2 C ' denote the back-projected complex SAR im-
age reconstructed after applying a per-pulse phase correcti§h
to the raw data. The corresponding real-valued amplitude image
isA15° = |B15°j 2 R+ . Given the amplitude of the reference
templateA (¢, our goal is to nd the phase error vectob that
minimizes the discrepancy between the current defocused image
. A15° and the reference amplitude templagees. This optimization
4.1 System Overview problem can be formulated using an image similarity loss L « ©:
The design of TwinFocus is grounded in the theoretical modeling in L 1A1500 A 0% g
discussed in Sec. 3, which shows that phase errors across neigh- min ref ®)
boring spatial locations exhibit local similarity. This motivates the
use of a speci ¢ reference target, an object whose SAR response L0ss Function. We carefully select the loss functidr © as it
is known, to infer the unknown trajectory-induced phase error, must reliably guide the optimizer to the correct motion-induced
which can then be applied to correct the image of other targets phase errors while being robust to the noise characteristics of SAR
scanned along the same trajectory. However, implementing this images. This can be achieved by measuring high-level similarity
concept requires solving two fundamental challenges: between the defocused and reference amplitude images. We adopt
the Structural Similarity Index Measure (SSIM) as our loss function
to balance robustness, interpretability, and di erentiability. SSIM
compares images based on luminance, contrast, and local structural
patterns, and is well-known to be more robust to pixel-wise speckle
noise and better re ects human-perceived visual similarity. Since
SSIM ranges from 0 to 1, with higher values indicating greater
similarity, the SSIM-based loss is de ned as:

Figure 5: TwinFocus overview. It generates either a physical
twin or a digital twin for phase error estimation by optimiz-
ing the defocused reference image and the template. The
optimal phase vector is then applied to reconstruct the ac-
tual imaging target.

Phase Optimization: Even with a reference SAR template from
prior data collection, phase-level optimization remains challenging
due to its extreme sensitivity to sub-millimeter modeling errors
and motion inaccuracies.

Unknown References: In many practical situations, the refer-
ence SAR response is not available in advance and thus remains
unknown. How can we generate the reference SAR response on
the y for phase error calibration? Lssim=1 SSIMIA5%A (¢ )

Fig. 5 shows how TwinFocus addresses these challenges: (1) when , . . . . . . .

) : . . “which is smooth, di erentiable, and e cient for guiding optimiza-
areal SAR template of the reference is available, instead of matching .. )
) L " tion using solvers such as Adam.

the exact complex-domain phase, which is highly sensitive to small o .
distance variations, we estimate the motion-induced phase error System Work ow. As shown in Fig. 5, for cooperative scenes where
using only the amplitude information, which is more robust; and ~ the reference object is available in advance, TwinFocus proceeds
(2) we introduce a lightweight digital twin model that simulates the ~ as follows: (1)Reference Template Acquisition: Capture and store a
SAR response of an unknown reference object in the environment, clean SAR imagé r; of a reference target using a motion stage.

which can then be used for phase error correction. (2) Handheld Scanning: Collect SAR data under freehand motion,
which introduces unknown phase errors. (3) Phase Error Estima-
4.2 Physical Twin Reference for Cooperative tion: Estimatdd by aligning the defocused reference imageAges
Autofocus using the SSIM loss. (4) Phase Correction and Imaging: Bpply

We rst consider a cooperative SAR imaging scenario, where targets reconstruct a focused image of the unknown target.

are scanned under prede ned procedures. Such setups are common
in applications such as security screening and industrial inspection.
In these cases, a known object can be placed in the scene as a Autofocus

reference target. Because this reference is xed and prede ned, we Cooperative reference targets, whose SAR responses can be pre-
can pre-collect its ideal SAR response (i.e., its mmWave physical captured, may not be available in all application scenarios. To extend

4.3 Digital Twin Reference for Non-Cooperative
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Figure 6: TwinFocus' digital twin framework that converts the
visual image of the reference to its corresponding simulated
mmWave SAR image.

the practical deployment of our system, we further propose using
non-cooperative objects in the environment as reference targets,
even when their SAR responses are unknown.

Key idea. Instead of requiring a pre-scanned reference object, we
simulate its SAR response using a lightweight visual-to-radar dig-
ital twin pipeline, as shown in Fig. 6. Speci cally, our amplitude-
domain optimization framework allows us to bypass the need for
phase-accurate simulation, which would otherwise demand sub-
millimeter geometric accuracy and prohibitively complex electro-
magnetic modeling. Hence, TwinFocus only needs to replicate the
high-level structure of the reference object rather than its exact
geometry or scattering properties.

Step 1: Visual 3D reconstruction. We begin by identifying a
reference object that is visually distinct and in line-of-sight (LoS).
While this object must be visible to the stereo camera, the actual
imaging target may be in non-line-of-sight (NL0oS). As shown in Fig.
6, we rst use a stereo camera to capture RGB image pairs of the
scene. Then, we apply the Segment Anything Model (SAM22, [

a general-purpose vision foundation model, to extract a mask of the
chosen reference object, without requiring manual annotation or
training. We next use stereo disparity to compute per-pixel depth
and reconstruct a 3D point cloud of the masked object.

Step 2: Signal simulation using point-scatter model. Letp § =
1G5+ denote theBth virtual antenna (phase center), aridgg

be the 3D point cloud. For each antenna point pair, we compute
their distance as gg= krg pgkg Then, the simulated radar return
at antenna8is the coherent sum of backscatter from every point in
the extracted 3D point cloud(;)

BLO = U94921' 89

9

(10)

wherelUg is the re ectivity of point 9(default to 1). After obtaining

the simulated baseband signal, we apply back-projection to generate
a simulated template image to serve as the ground truth for phase
optimization. We pass both simulated and real images through a
sigmoid function to smooth amplitude values while preserving
object structure.

Step 3: Radar-Camera Alignment. Since SSIM is sensitive to
spatial misalignment, we align the simulated SAR image of the
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reference object with its corresponding region in the real SAR
image, as the former is generated in the camera frame while the
latter is captured in the radar frame. We estimate the reference
object's 3D position using a SAM2 mask and stereo point cloud,
then map it to the radar frame using a one-time calibration of the
translational o set between simulated and real SAR images. Since
the radar and camera are co-located and remain xed, this o set
is reusable across scans. We further compute SSIM only on the
cropped object region, reducing sensitivity to residual shifts and
scale di erences.

Design choice: Why point scatter model instead of ray tracing with full
mesh? Ray tracing can capture complex multipath interactions but
is computationally prohibitive for real-time handheld use, especially
when simulating tens of thousands of antenna elements in our case.
In contrast, the point-scatterer model, though less precise, is orders
of magnitude faster and su cient for amplitude simulation. While
the simulated image may di er in ne-grained details due to noise
or visual mismatch, the SSIM loss remains robust by focusing on
structural similarity. Empirically, we nd that even imperfectly
simulated templates provide reliable guidance for phase correction.

5 Implementation

Figure 7: TwinFocus setup for ground-truth data collection
in both LoS (left) and NLoS (right) scenarios.

Hardware Setup. As shown in Fig. 7, our handheld SAR imag-
ing system is built around the Texas Instruments (TI) MMWCAS
four-chip cascaded mmWave rad&89, paired with an MMWDSP
evaluation board for raw ADC data acquisition. The radar oper-
ates with 12 TX and 16 RX, forming a linear virtual array of 86
non-overlapping elements. The chirp parameters are con gured
as follows: a sampling rate of 8 Msps, ADC samples of 256, chirp
duration of 40 s, and frequency slope of 120 MH=/ resulting in a
total bandwidth of 4.8 GHz. The radar uses a 100 ms frame interval,
with each frame containing 12 chirps from 12 antennas.

We obtain a coarse estimate of the scanning trajectory and cap-
ture the image for simulating reference responses by incorporating
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a ZED 2i stereo cameraf] and co-locating it with the radar. The

MobiSys ‘26, June 21 25, 2026, Cambridge, United Kingdom

ZED 2i stereo camera records depth and 6-DoF pose data at 60 Hz.

To collect ground-truth SAR images, we employ a 3D high-precision
motion stage equipped with linear rails along tt@&~, andl axes.
We also build a handheld setup as shown in Fig. 7 (bottom) to collect
real handheld trajectories and validate the imaging performance.

Data Collection: Our dataset includes over 18 objects and 38
reference target metal-letter pairs captured under both LoS and
NLoS conditions, with a 10angular separation unless otherwise
speci ed. The synthetic planar array measures about 480 mm
260 mm, with antenna spacing of 1 mm along the x-axis and 2 mm
along the y-axis. To evaluate tracking errors, we inject Gaussian
motion errors ( = Of = 0"5<< ), matching the error pro le of
the ZED 2i camera, into GT data. We also collect real handheld
trajectories using the portable setup shown in Fig. 7 (bottom) to
examine the e ect of 3D handheld scanning. Users follow a zig-zag
handheld scanning trajectory over an area of about 0.8.5m at a
typical speed of 0.2 m/s.

Implementation Detail: We implement TwinFocus using PyTorch.
The optimization employs the Adam optimizer with a learning rate
of 5 102 for 300 epochs, combined with a CosineAnnealingLR
learning rate scheduler. The image size is set to 10000. We
initialize the phase error vector to zero and iteratively update it to
approximate the ground truth. Since our MIMO radar has 86 array
elements, we assume that all elements share the same motion error
at each time step, a condition that has been experimentally veri ed
in [16. Consequently, the dimensionality of the phase error vector
to be optimized equals the number of distinct radar positions, which
in our implementation is 780.

6 Evaluation
6.1 Baselines and Metrics

Baselines. We evaluate both variants of TwinFocus: TwinFocus-
Phys., which uses a physical twin, and TwinFocus-Dig., which
uses a digital twin. We compare them against three baselines: With-
out Focus, which performs no phase correction; Sharpness Opti-
mization [ 8, 22 46, a classical autofocus method that maximizes
image sharpness; and IFNel[], a state-of-the-art deep learning
approach for handheld mmWave imaging. We do not compare
with [ 16 because it is limited to corner re ectors and 1D scanning,
making it incompatible with our handheld 2D setting and arbitrary
reference objects.

Evaluation Metrics. We use SSIM as the primary image-quality
metric, following prior work [17]. We also report semantic simi-
larity, computed as the cosine similarity between ResNet features
extracted from the reconstructed and ground-truth RGB SAR im-
ages.

6.2 Comparison with Baseline

We evaluate the e ectiveness of our method by comparing Twin-
Focus against existing baselines under controlled conditions. As
shown in Fig. 7 (upper left), we use six metallic letters (A, C, F, R, X,
Z), each 5 inches tall, and collect all pairwise combinations so that
each letter serves as both reference and target, yielding 30 unique
pairs. For each pair, we inject Gaussian motion errors ve times,

Figure 8: Quantitative comparison with baselines. Although
IFNet [ 17] achieves reasonably good quantitative scores, its
qualitative results reveal limited generalization ability.

Figure 9: Qualitative comparison with baselines.

resulting in 150 data samples. The radar target distance is xed at
60 cm. We refer to this dataset as the TwinFocus baseline dataset,
which is also used in subsequent evaluations.

Results: Fig. 8 reports the mean SSIM and semantic similarity

of all methods. TwinFocus-Dig. and TwinFocus-Phys. achieve av-
erage SSIM values of 0.74 and 0.85, corresponding to 23.3% and
41.7% improvements over the no-correction baseline, respectively.
The same trend is observed for semantic similarity. In contrast,
the model-driven Sharpness Optimization meth@&#] further de-
grades image quality, likely because it is designed for 2D remote
sensing settings with milder motion perturbations and fewer an-
tennas. Although IFNet17] achieves reasonably good quantitative
scores after ne-tuning on our dataset, its qualitative results re-
veal limited generalization. As shown in Fig. 9, IFNet reconstructs
unseen letters as training-set letters such as B and K, whereas Twin-
Focus substantially improves image quality and produces clearly
recognizable reconstructions. Based on these results, we compare
primarily against the no-correction baseline in the following sec-
tions.

6.3 Validation with Handheld Motion

To evaluate TwinFocus under realistic handheld usage, we built a
freehand imaging setup, as shown in Fig. 7 (bottom). A user was
instructed to move the radar in di erent zig-zag patterns while a
ZED 2i stereo camera recorded various motion trajectories (Fig. 10).
We then reproduced these captured 3D trajectories using a motion
stage to obtain ground-truth data for performance evaluation. Twin-
Focus was applied to estimate and correct motion errors based on
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Figure 10: Motion trajectories of various 3D hand-  Figure 11: Imaging results of Figure 12: Quantitative results of radar
held scanning. radar with handheld motion. with handheld motions.

Figure 13: TwinFocus's generalization across di erent pairs of reference and target objects.

Figure 14: Robustness to di erent NLoS Figure 15: Robustness to reference- Figure 16: Robustness to object-radar
occlusions. target angle separations. distances.

the trajectory distribution measured by the ZED camera. In this shape and analyze the SSIM of the autofocused images. This ex-
experiment, the letter K was used as the reference, and letters P and periment shows that TwinFocus generalizes across diverse shapes
M served as target objects. As shown in Fig. 11, the qualitative re- rather than over tting to speci ¢ geometries.

sults before and after applying TwinFocus-Dig. and TwinFocus-Phys. Fig. 13(a) and (b) show the SSIM quality generated by both Twin-
indicate that our method produces sharper, more focused images Focus-Dig. and TwinFocus-Phys. Fig. 13(c) and (d) show the percent-
with clearly recognizable shapes. The quantitative results in Fig. 12 age improvement in SSIM from the results obtained without phase
further show that TwinFocus achieves signi cant improvement in  correction. The median improvement observed across the object
SSIM for radar signals collected under handheld motion. pairs is 22.04% and 40.93% by TwinFocus-Dig. and TwinFocus-Phys.

Non-Line-of-Sight (NLoS): A fundamental bene t of RF-imaging
systems is that wireless signals can pass through materials for NLoS
imaging. Real-world applications often require imaging through
6.4 TwinFocus Robustness occ!uding materials, such as i_n security screening, non-d'estructiv_e
testing, and through-wall imaging. Hence, we evaluate TwinFocus in
This subsection evaluates the robustness of TwinFocus across varin| oS scenarios to demonstrate its practical utility when direct line-
ous challenging real-world scenarios. of-sight to targets is unavailable. As shown in Fig.7 (upper right),
Di erent Object Shapes: Quantifying shape complexity and ex-  the reference target remains in LoS while the main target is fully
haustively evaluating all geometries is di cult. We use letters here  5ccjuded. We test three occlusion materials, including polyester,
because they provide diverse geometric primitives, such as circular, paper, and plastic, with 4-inch metal letters placed 60 cm (target)

rectangular, and irregular structures, in a controlled setting. Using  and 76 cm (reference) from the radar. For each material, we use four
a comprehensive dataset of 30 reference target letter pairs and 150

samples with Gaussian motion errors, we group results by object
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