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Abstract�Clustering radio-frequency (RF) multipath compo-
nents (MPCs) fosters compact channel models by capturing the
geometry of the scattering environment, yet �blind� methods
based solely on RF data struggle to associate MPCs with
individual scatterers. We address this by supplementing the RF
channel sounder with camera and lidar systems that, together
with AI-based algorithms, generate a segmented digital twin of
the environment. By projecting MPCs onto this segmented twin,
they are clustered directly according to the segments they fall
on. We validate the framework on a robotic arm in a joint
communications and sensing (JCAS) scenario, demonstrating
reliable clustering by individual robot parts.

Index Terms�Channel modeling, image segmentation, JCAS.

I. INTRODUCTION

CLUSTERING of MPCs�or simply paths�has long
supported RF channel modeling. In 1G�4G systems,

clustering grouped paths with similar geometric properties [1]�
[11] to enable delay (combining) and angle (multiple input
multiple output) diversity. In 5G, clustering was extended to
the time domain [12]�[17] for adaptive beamtracking [18]. Yet
across these generations, clustering has remained a �blind�
process�based solely on RF data�offering no explicit link
to the environmental objects that scattered the signals.

As 6G joint communications and sensing systems emerge,
RF channel sounders are increasingly equipped with cameras
and lidars, enabling multimodal sensing for environmental
awareness. Camera data provides rich 2D semantic detail
ideal for AI-based segmentation, especially with scalable deep
learning models [19]�[21]. Lidar adds accurate 3D struc-
ture [22], [23], and some efforts apply AI directly to point
clouds [24]. While prior work has leveraged these modalities
individually or in pairs [21], [25], clustering has yet to be
guided by the physical scene in a fully integrated system.

To address this gap, we introduce a digital-twin-assisted
clustering framework that fuses camera, lidar, and RF systems
within a single context-aware channel sounder. By projecting
RF paths onto a segmented digital twin of the environment,
the paths are clustered directly according to the segments they
fall on. Section II describes the RF system and measurement
campaign, which uses a robotic arm as a compact, dynamic
JCAS target. Section III details how the camera and lidar
systems, combined with AI-based segmentation, generate a
segmented digital twin. Section IV explains how measured
RF paths are projected onto the twin for clustering by physical
segment. Section V presents results and conclusions.
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Fig. 1: Setup of the channel sounder with TX, RX, camera,
and lidar. Inset shows the tri-system at the RX end.

II. RF CHANNEL MEASUREMENTS

This section describes the RF system and the robotic-arm
measurement campaign.

A. RF System
The RF system comprises a TX�RX pair (Fig. 1) built from
8 � 8 phased-array microstrip antenna boards [26]. The TX
uses a single 64-element board with analog beamforming
into a quasi-omnidirectional pattern. A 2 GHz pseudorandom
baseband sequence is upconverted to 28.5 GHz and transmitted
at 30 dBm equivalent isotropic radiated power (EIRP).

The RX consists of four identical boards arranged in a
skew tetromino con�guration, forming a 256-element array
for enhanced angular resolution, slightly favoring azimuth
over elevation. Rather than analog beamforming, the RX
applies switched beamforming [27], sequentially activating
one antenna per transmission. The 256 signals are downcon-
verted, despread, and digitally beamformed in postprocessing
to sweep a 3:7� (azimuth) × 5:6� (elevation) pencil beam,
yielding a 3D complex power pro�le over delay and 2D angle-
of-arrival (AoA) per channel acquisition (or RF frame) at time
t. From this pro�le, N(t) paths are extracted per frame through
the SAGE super-resolution algorithm, which achieves up to
5� �ner delay and angular resolution than the system’s native
bandwidth and beamwidth, respectively. This combination of
switched beamforming and SAGE yields precise estimates of
each path’s complex amplitude �k(t) = ak(t) � ej�k(t), delay
�k(t), and AoA �k(t) = [�az

k (t); �el
k (t)]. Extraction accuracy

was validated based on the LoS path in a controlled setup with
known TX�RX separation and a 3D rotator for ground-truth
calibration, yielding mean errors of 0.4 dB in amplitude, 0.1 ns
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(a) Segmentation. (b) Start position. (c) Corner pause. (d) End position.
Fig. 2: Digital twin of robotic arm. (a) Robotic arm segmentation from background (cyan) with superimposed RF paths color-
coded by depth. (b�d) Twin �tted to four movable parts at three positions along the trajectory, with paths color-coded by part.

in delay, and 0:2� in angle.
B. Measurement Campaign
A total of nine measurements were conducted to characterize
the DENSO VS-050 robotic arm1. The RX and robot base
remained �xed throughout, with the RX array placed 3 m
from the base and pointed directly at it. Fig. 1 shows the
monostatic con�guration, with the TX collocated at the RX.
The bistatic angle was varied by repositioning the TX to
eight additional locations along a semicircle (22:5� spacing),
maintaining a 3 m TX�base distance. At each position, the
TX was repointed toward the robot. The 3 m separation met
both far-�eld and planarity conditions. The far-�eld Fraunhofer
threshold 2D2=� � 0:61 m is set by the TX array that,
despite its fewer elements, effectively has a larger aperture
(D = 5:674 cm [26]) than the RX array since only one RX
element is active per transmission. Yet planar beamforming
is performed across all 256 RX elements in postprocessing;
the distance at which the phase deviation between the actual
spherical and assumed planar wavefronts falls below the sys-
tem’s phase noise (5°) is 2.5 m. To ensure that scattering from
the robot could be isolated from the background scattering,
the robot was deliberately positioned far from ambient objects
and mounted on a cabinet covered with RF-absorbing material.
For each measurement, the robot’s forearm tip traced an �L�
trajectory: 72 cm horizontal motion at 3 cm/s, followed by a
72 cm vertical rise (see arrows in Fig. 1). With a sample period
of 26 ms, the 52 s trajectory produced 2000 RF frames.

III. DIGITAL TWIN GENERATION

This section describes the camera and lidar systems and their
use in generating a real-time digital twin of the target.
A. Segmentation
The �rst step in digital twin generation is isolating the target
from the background environment. The 2D camera images
provide surface texture but lack depth, while 3D lidar point
clouds capture geometry but lack semantic detail. Fusing

1Certain commercial equipment/software is identi�ed in this paper solely
to specify the experimental procedure. Such identi�cation does not imply
recommendation or endorsement by NIST, nor that the equipment/software is
necessarily the best available.

both yields a comprehensive 3D representation. Our channel
sounder integrates an iSTAR Pulsar camera1 and an OS0128
lidar1, both mounted above the RX array, as shown in Fig. 1.

These systems recorded data simultaneously with the RF
measurements but at different frame rates: 26 ms (RF), 143 ms
(camera), and 100 ms (lidar). Hence temporal synchronization
was necessary, performed relative to the RF system’s internal
clock. The lidar’s clock offset and drift were estimated from
timestamp queries prior to each RF acquisition. The camera
was aligned to the lidar using least-squares �tting of inertial
responses from nine synchronized mechanical taps at the be-
ginning and end of the campaign [28]. For each camera frame,
the closest lidar frame in time was selected. This ensured
consistent temporal synchronization between image and point
cloud data throughout the robot’s motion. Spatial alignment
was also necessary to reconcile the differing �elds-of-view
and resolutions across the camera, lidar, and RF systems. A
uni�ed 3D Cartesian coordinate system x = [x; y; z], shown
in Fig. 2(a), was established to enable tri-system fusion and
digital twin construction.

With both temporal synchronization and spatial alignment
complete, segmentation could be applied to extract the robotic
arm from each fused frame. Segmentation techniques for cam-
era images [29]�[39] and lidar point clouds [40]�[43] are well-
established. To segment the robotic arm, we applied Meta’s
Segment Anything Model (SAM)1 to the camera images [44],
leveraging its ability to perform automatic and interactive
segmentation with minimal input. Since the environment was
static and only the robot moved, SAM’s dynamic mask was
selected for the segmentation. The resulting 2D binary mask
(e.g., Fig. 2(a), cyan) was projected onto the lidar point cloud
by aligning x and y coordinates while preserving depth (z).
This produced a fused and masked 3D point cloud that tracked
the robotic arm’s silhouette throughout its motion and served
as the input to the digital twin �tting stage.

B. Digital Twin Fitting
Clustering the RF paths enables reduction of a channel
propagation model speci�c to each of the robot’s posable
parts, as described in the next section. To support this and
similar applications, we developed a 3D digital twin of the
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robotic arm by leveraging its natural articulation via three
independently rotatable joints. These joints de�ne four rigid
parts�base (black), shoulder (red), upper arm (yellow), and
forearm (green)�each modeled as a 3D bounding box �tted
to the segmented point cloud (Fig. 2(b)).

The real-time digital twin was generated by �tting these
boxes to the masked point cloud across the camera and lidar
frames. First, the boxes were coarsely aligned to the start
pose in the trajectory using the known joint angles. The
structure was then scaled and translated to maximize the
number of masked cloud points enclosed by the four boxes.
A common scale and translation were applied to all boxes
to preserve structural proportions. Next, the joint angles were
re�ned to further increase point containment. This alternating
procedure�scaling, translation, and rotation�was repeated
until convergence, when the decrease in the cost function
was no longer monotonic, typically around 1%. The optimal
parameters from the �rst frame were used to initialize �tting in
the next. Because the base was �xed, it anchored the structure;
global scale and translation from the �rst frame were held
constant across all subsequent frames, while only the joint
angles were updated thereafter, again by maximizing point
containment.

This process was repeated for all camera frames, producing
digital twins at the lower of the camera and lidar frame
rates�one every 143 ms, totaling 363 twins over the 52-
second measurement. To align with RF clustering, the twin
sequence was upsampled to 2000 frames via linear interpola-
tion of joint angles across the � 5:5 RF frames per twin. At a
robot motion speed of 3 cm/s, each interpolation step spanned
just 0.43 cm, bounding the spatial error.

IV. PATH CLUSTERING

This section details how the real-time digital twin was used to
cluster the RF paths by the robot parts that scattered them, and
how these clusters were reduced into a part-speci�c channel
model.
A. Clustering Framework
To enable geometry-based clustering, the extracted RF paths
were mapped to points on the digital twin, as detailed in [45].
Each path k, with measured parameters f�k(t); �k(t);�k(t)g
per RF frame t, was mapped to a 3D point xk(t) and a
radar cross-section (RCS) value �k(t), estimating the location
and strength of the corresponding scatterer on the target.
This mapping involves two steps: a
geometric transformation that con-
verts delay and AoA from the RX’s
spherical coordinates into the digital
twin’s Cartesian frame using known
TX and RX positions (see inset), and
a power transformation that derives RCS from the complex
amplitude via the radar range equation [46] given in (3).
The mapped RF paths are shown color-coded by depth (z) in
Fig. 2(a). Paths from the robotic arm appear tightly grouped at
a depth consistent with its known position, while background
paths are more dispersed and deeper, corresponding to distant
surfaces�visually con�rming accurate 3D localization for
geometry-based clustering.

Because the index k is preserved through the mapping, each
RF path corresponds to a unique 3D point. Clustering was then
performed by assigning each point to one of four bounding
boxes in the segmented digital twin, consistent with the robot’s
four distinct parts. A point was assigned to a box if it fell
within its spatial boundaries; all such points were grouped
into a cluster, and their corresponding RF paths were thereby
grouped accordingly. Here, clustering refers to associating
each RF path with the physical scatterer that generated it rather
than grouping paths purely by similarity in delay, angle, or
power, as done in traditional RF-only methods.

On average, only 2.14 paths were extracted per RF frame,
making it dif�cult to visualize cluster structure from a single
frame. To address this, Fig. 2(b�d) shows clustered points
aggregated over 50 frames at three stationary positions along
the robot’s L-shaped trajectory: the start, the corner pause,
and the end. Stationarity ensured that paths remained aligned
with their associated boxes across frames. The paths are color-
coded by assigned box. Despite variation in thermal noise
across the RF frames, the �107 aggregated points remained
entirely within the four boxes. Since the smallest box spans
just 5 cm, this tight con�nement re�ects the RF system’s
ability to accurately localize each path as a 3D point from its
measured delay and 2D AoA. More importantly, it illustrates
the core bene�t of digital-twin-assisted clustering: each cluster
corresponds to a speci�c physical scatterer, enabling object-
speci�c classi�cation, targeted modeling, and other applica-
tions.
B. Part-Speci�c Channel Model
To illustrate how clustered paths can support downstream mod-
eling tasks, we describe a quasi-deterministic (QD) channel
model [21], [47]�[49] tailored to the robot. In this model, each
robot part is represented by the geometric center of its bound-
ing box in the digital twin rather than the full box, simplifying
geometry while preserving structural �delity. The deterministic
component is the time-varying trajectory of the four centroids,
denoted x‘(t); ‘ = 1 : : : 4, adherent to the robot’s structure and
motion limits. Around each x‘(t), stochastic variation is added
based on path distributions learned from measurements.

Channel Reduction: For each part ‘ and RF frame t, the
clustering in Section IV-A yields N‘(t) paths, indexed by k =
1 : : : N‘(t), each with location x‘k(t) and RCS �‘k(t). The
centroid x‘(t) is known from digital twin �tting (Section III-
B). The radial offset r‘k(t) is de�ned as:

r‘k(t) = kx‘k(t)� x‘(t)k : (1)

To capture the statistical behavior of each part, we aggre-
gated N‘(t), r‘k(t), and �‘k(t) across all 2000 RF frames
and nine TX positions. The Kolmogorov�Smirnov (KS) test
was used to determine the best-�tting distribution from among
several candidates, resulting in Poisson for N , Gamma for r,
and Gaussian for �. The corresponding parameters are listed
in Table I.

Channel Realization: To simulate a realization, the centroid
trajectory x‘(t) for each part is input. Around each centroid,
paths are generated as follows:

1) Draw N‘(t) from the Poisson distribution;
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TABLE I: QD CHANNEL MODEL PARAMETERS

Robot part,
Box volume (cm3 )

Path count, N Radial offset, r RCS, �

f (N ) = � N e� �

N ! f (r ) = ( rb )�=be� r=b

�( �=b ) � r f (� ) = 1p
2� � 2

e� (�� �) 2

2� 2

� (�; b ) (cm) (�; �) (dBsm)
Base, 770 0.50 9.69, 3.83 �12:59, 3.84
Shoulder, 668 0.63 10.64, 2.77 �13:87, 3.45
Upper arm, 800 0.61 13.11, 3.96 �11:75, 5.20
Forearm, 515 0.38 9.47, 2.77 �14:07, 4.42

2) For k = 1 : : : N‘(t), draw r‘k(t) from the Gaussian
distribution and place the path’s scattering point at:

x‘k(t) = x‘(t) + r‘k(t) � u‘k(t); (2)

where u‘k(t) is a random direction vector drawn uniformly
over the unit sphere.

3) Draw �‘k(t) from the Gaussian distribution and compute
the path amplitude from the radar range equation [46]:

�‘k(t) =

r
(4�)3

�2 � 10
�‘k ( t)

10 � dTX
‘k (t) � dRX

‘k (t)
| {z }

a‘k(t)

�ej�‘k(t); (3)

where dTX
‘k (t) =




 xTX � x‘k(t)




 and dRX

‘k (t) =


 xRX � x‘k(t)




 are the distances from TX and RX to the

point and �‘k(t) � U [��; �] is a random phase. The part-
speci�c pathloss follows as:

PL‘(t) =

�
�
�
�
�
�

N‘(t)X

k=1

�‘k(t)

�
�
�
�
�
�

�2

: (4)

V. RESULTS AND CONCLUSIONS

Table I summarizes key quantitative �ndings from our clus-
tering framework. The forearm, being the smallest part
(515 cm3), exhibited the lowest mean RCS (�14:07 dBsm),
shortest mean scatter radius (9.47 cm), and fewest scatter
points (N = 0:38), while the upper arm, the largest part
(800 cm3), had the highest mean RCS (�11:75 dBsm), longest
scatter radius (13.11 cm), and (second) most scatter points
(N = 0:61). These trends re�ect the expected impact of
object size on scattering and path density. Fig. 3 illustrates that
the simulated pathloss of the four parts follows the measured
pathloss over the 52 s trajectory very well. The base, being
stationary, exhibits minimal variation, while the shoulder,
though rotating, remains nearly isotropic, leading to slightly
greater but limited variation. In contrast, the upper arm and
forearm, both elongated, show signi�cant �uctuations. Around
t = 13 s, as the arm moves along the lower L-segment, the
bounding boxes align perpendicular to the TX�RX boresight,
maximizing the scattering surface and producing minimum
pathloss. As the arm misaligns, the pathloss progressively
increases. Despite following similar trajectories, the forearm
consistently exhibits higher pathloss than the upper arm. This
is due to its smaller size and hence lower scattering power.
Minor discrepancies between measured and simulated loss
are more pronounced for the forearm and upper arm due to
their dynamic motion and material edges, which introduce

Fig. 3: Simulated vs. measured pathloss of the four robot parts
over the 52 s collection period of the monostatic measurement.

scattering effects not fully captured by the centroid-based
model.

These �ndings validate digital-twin-assisted clustering for
extracting scatter-speci�c RF propagation characteristics. By
clustering paths by physical scatterer, this framework enhances
environmental awareness in applications such as gesture recog-
nition, autonomous navigation, and RF-based object classi�ca-
tion. Importantly, the AI-based segmentation model does not
rely on prede�ned geometry or motion: we used SAM [44] to
isolate the moving object without prior structure. The approach
is readily generalizable to other AI-based models�for exam-
ple, HRNet [38] segments humans into body parts, and Swin
Transformer [39] parses scenes into objects like walls and
chairs. These tools illustrate how tailored masks can support
diverse targets and environments. More broadly, the framework
supports geometry- and material-speci�c modeling of dynamic
scenes, which is critical for next-generation JCAS applications
such as motion-aware beamforming, RF imaging, and �ne-
grained sensing of articulated objects.
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