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Abstract

Millimeter-wave (mmWave) technology is pivotal for next-generation
wireless networks, enabling high-data-rate and low-latency appli-
cations such as autonomous vehicles and XR streaming. However,
maintaining directional mmWave links in dynamic mobile envi-
ronments is challenging due to mobility-induced disruptions and
blockage. While effective, the current 5G NR beam training methods
incur significant overhead and scalability issues in multi-user sce-
narios. To address this, we introduce CommRad, a sensing-driven
solution incorporating a radar sensor at the base station to track
mobile users and maintain directional beams even under blockages.
While radar provides high-resolution object tracking, it suffers from
a fundamental challenge of lack of context, i.e., it cannot discern
which objects in the environment represent active users, reflectors,
or blockers. To obtain this contextual awareness, CommRad unites
wireless sensing capabilities of bi-static radio communication with
the mono-static radar sensor, allowing radios to provide initial con-
text to radar sensors. Subsequently, the radar aids in user tracking
and sustains mobile links even in obstructed scenarios, resulting in
robust and high-throughput directional connections for all mobile
users at all times. We evaluate this collaborative radar-radio frame-
work using a 28 GHz mmWave testbed integrated with a radar
sensor in various indoor and outdoor scenarios, demonstrating a
2.5x improvement in median throughput and an 8x improvement
in 20th percentile throughput compared to a non-collaborative
baseline.
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Figure 1: CommRad is a collaborative bi-directional learning
framework for sensing-driven mmWave networks.

1 Introduction

Millimeter-wave access is vital for the next-generation wireless
network to connect the last mile devices with extremely high multi-
Gbps data rates with ultra-low latency [1, 2]. With such high data
rates, future autonomous vehicles, loaded with sensors such as
Lidar, radars, or cameras, can share their data with the infrastruc-
ture or other vehicles for safer driving; the wireless AR/VR devices
would enjoy high-quality XR streaming for an immersive experi-
ence [3]. However, a major challenge in supporting these use cases
is user mobility — anything mobile is an issue for mmWave links.
As millimeter-wave links deploy hundreds of antennas to create
narrow beams to increase coverage range, they inadvertently fail to
maintain these directional links in mobile scenarios. When the tar-
get users are mobile, the link requires tracking the users to maintain
directional connectivity. Or when other objects in the environment
are mobile, they can obstruct or block communication when they
enter across an established link. While there are procedures for
beam maintenance in 5G NR, such as beam training, where radio
scans multiple beams to find the best direct or reflected-path beam
for the users, these techniques suffer from high overhead mani-
fested in their long duration and frequent repetitions. The more
time a radio spends in beam training, the less time is available for
communication, resulting in a high overhead of up to 25% (5 ms
duration of beam training repeated every 20 ms, according to 5G
NR protocol [4]). To make it worse, the overhead increases with
the number of users, as each user demands separate time and fre-
quency resources for feedback in the form of CSI reports, thus
lacking scalability in multi-user scenarios.

To overcome the overhead, sensing-driven communication is
envisioned as a pivotal technology where a dedicated sensor is
deployed to aid in beam maintenance. The sensors can track users,
identify good reflectors, proactively avoid environmental block-
ers, and instruct the radio about the best direct or reflected-path
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beam at a given time. Among many choices of sensors, a millimeter-
wave radar sensor stands out for low-cost, privacy-preserving, and
weather-independent sensing modality in both indoor and outdoor
scenarios [5-9]. However, radar-sensor-driven communication suf-
fers from a fundamental cold start problem as depicted in Figure 1.
The problem is that the radar yields extensive reflections from
many objects in the environment without having any context for
those objects — which objects are mmWave users that need to be
tracked, or which objects are reflectors/blockers that can assist or
obstruct communication links? Due to this contextual deficiency,
prior implementation of radar-aided communication is limited to a
straightforward clutter-free environment with only one user and
does not support reflector-assisted links [10-14]. These works rely
on data-driven machine learning techniques to perform end-to-end
training from the radar data to predict communication beam pat-
terns directly, skipping the important step of acquiring context.
The hope is that the model will somehow learn the context by
feeding extensive data while training. To the best of our knowl-
edge, no prior work on radar-driven communication experimentally
demonstrated context-aware multi-user tracking while supporting
a reflected-path link dynamically and blockage adaptation.

CommRad: This paper presents the design and implementa-
tion of CommRad, a sensing-driven communication framework
driven by a fundamental insight: the communication radio can
serve as a complementary sensing modality, providing the con-
textual awareness that radar sensing currently lacks. CommRad
represents a collaborative bi-directional learning framework
that seamlessly integrates wireless sensing (radar) and the com-
munication radio as sensing modalities to collectively comprehend
the environment and user mobility within a relevant context. In
this framework, we first deploy the radio as a sensor to provide the
required context to the radar through the mandatory beam training
procedure. We then deploy the context-aware radar sensor to track
any movement of objects and aid in maintaining the beams while
the radio is in the communication phase, as shown in Figure 2.
This bi-directional radar-radio collaborative learning reduces the
overhead due to frequent beam training and ensures that radar has
appropriate context to maintain the beams, ensuring reliable and
high throughput mobile mmWave links.

A key observation within CommRad is the recognition that the
radio and radar units provide ‘complementary information’ essen-
tial for comprehending the environment and user mobility. Radar
as a Sensor: The radar unit measures reflections from the envi-
ronment and users through mono-static sensing, where the radar
Rx is co-located and synchronized with the radar Tx. Radio as a
Sensor: The radio unit conducts bi-static sensing, capturing signal
transmissions toward users. The radio signal is reflected toward the
user transceiver via reflectors instead of returning directly to the
radio unit. Leveraging this observation, we develop a collaborative
learning framework that combines wireless sensing (radar) and
the communication link (radio) to gain a holistic understanding of
the environment and user mobility, particularly in the context of
beam management. We then develop beam tracking and blockage
prediction mechanisms to ensure a reliable link.

Acquiring Contextual Information: A key question is: what
is the context that Radar lacks? We define context as the infor-
mation about the users and environment that radar needs to aid
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Figure 2: CommRad’s bi-directional radar-radio collabora-
tive learning framework to improve data communication
efficiency by reducing radio beam scan overhead.

in communication beam management. For active users, this con-
text information includes their angular and distance parameters
relative to the base station, while for reflectors, it is their precise
location, orientation, and size (Sec 3.1). Having this context will
ensure that radar can identify the user/reflectors in its view and
distinguish them from other irrelevant objects in the environment.
The next question is how to acquire this context from radio beam
training. The base station radio emits a known preamble across
multiple beams, received and utilized by active users to estimate
Channel State Information (CSI) across angle and bandwidth. We
developed algorithms that leverage this two-dimensional CSI to
estimate user and reflector attributes and map them to the radar’s
view as contextual information as described in Sec 3.2.
Context-aware Beam Management: After acquiring context,
the radar can distinguish active users and reflectors from other
environmental objects. We then developed context-aware beam
management by actively tracking the direct and reflected path angle
towards all active users for the duration when the radio is busy
with data communication. Our tracking solution is inspired by the
spatial-temporal consistency of user motion, i.e., a certain maximum
speed of motion typically bounds the user location, and further
uses Kalman filtering to reduce the impact of noise and provide
accurate tracking (Sec 3.3). A key challenge, however, is when the
direct path is blocked, the radio needs to find a reflected path beam
to maintain a reliable connection. To ensure reliability, we track
the reflected path angle via all reflectors identified in the previous
radio beam training. We estimate the reflector parameters (location,
orientation, and size) and develop a geometry transformation to
derive the reflected path angle as a function of the user’s direct
path angle and known reflector parameters. This way, we track the
direct and reflected path angles for all time. The base station uses
these angle estimates to maintain a reliable beam towards the user
via the direct or reflected paths, even in the presence of intermittent
blockages. We developed proactive blockage management schemes
that detect blockages in advance and instruct the radio to switch
the communication beam to one of the unblocked paths to maintain
a reliable connection. This is only possible with CommRad since
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we actively maintain both direct and reflected path angles using
context-aware radar tracking.

Evaluation overview: We evaluate CommRad with an experi-
mental setup that consists of a 28 GHz mmWave radio and 24 GHz
COTS ISM band radar with four mobile users. We synchronously
collect radio beam scan measurements and radar frames for the
duration of the experiment and evaluate CommRad and other base-
lines on this dataset. The results show that CommRad maintains a
reliable and high throughput link while tracking mobile users and
proactively handles blockages using radar measurements while peri-
odically collaborating with the radio sensor. The median throughput
is improved by 2.5x, while the worse-case 20th percentile through-
put is improved by 8x while keeping the communication overhead
as low as 0.5%.

Contributions: CommRad makes the following contributions:

o Proposed, for the first time, the requirements and framework
for collaborative bi-directional learning between mono-static
radar and bi-static radio sensor.

o Developed user and reflector identification technique using
collaborative radio beam scan and radar range-angle sensing.

o Designed novel algorithms for both direct and reflected path
tracking integrated with proactive blockage mitigation.

e Built a synchronized radar-radio platform with real-world
experiments demonstrating 1.5x median and 8x worst-case
throughput improvements over a non-collaborative baseline.
The artifacts for CommRad are available at https://wcsng.
ucsd.edu/commrad.

2 Related Work

Radar-aided mmWave systems: Radar provides high-resolution
sensing of various objects’ location, distance, and velocity in the
environment [15-17]. They are low-cost and can operate in ISM
bands such as 24 GHz, 60 GHz, or 77 GHz, which does not require
spectrum auctioning [18]. FMCW radars have been used for track-
ing mmWave radio beams using theoretical stochastic geometry
models [19], and machine learning [10-14]. These works exploit
an end-end machine learning approach where raw range-angle
and range-Doppler images are fed into the ML model to get the
beam index. Here, only the direct path angle is tracked using the
radar, and a single-user system is assumed, which does not address
the complexity of multi-user scenarios with reflectors. GPS [12] or
mmWave tags [9, 20, 21] can be used to identify object’s identity
and location, but GPS is unreliable and tags are unavailable on
all user devices, reflectors and blockers. All these works are still
primitive in handling multiple devices, lack beam tracking over
time and integration with mmWave beam scan procedure, and do
not focus on system integration. CommRad is the first end-to-end
radar-driven mmWave communication system that leverages col-
laborative learning, user tracking, reflector modeling, and blockage
mitigation to maintain a high throughput and reliable link.

Other sensors-aided mmWave systems: LIDARs [22-24] and
cameras [25-30] are demonstrated to track directional beams using
signal processing and machine learning models. However, these
models demand re-training for diverse environments, often involv-
ing labor-intensive data collection efforts with ground truth infor-
mation, yet may still fall short of obtaining the requisite contextual
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awareness. In fact, the foundation of contextual awareness laid in
CommRad can be applied to these sensing modalities to further
improve their performance and generalize them to any indoor or
outdoor scenarios. Other sensor-aided communication using device
positioning systems [31, 32], light sensors [33], and out-of-band
WiFi [34, 35] are less accurate and are mainly developed for indoor
WiFi setting which is not common for NextG cellular deployment
scenarios.

High-overhead beam training: There is extensive work in
beam training methods to reduce the codebook size (scan fewer
beams), but since they have to cover an entire angular space to
detect a new user or reflector, —which can be anywhere in the
angular space— they make a compromise of higher misdetection
rates to reduce scanning overhead, especially in multi-user mobility
scenarios [36-42]. To reduce this overhead, [43, 44] relies on a pre-
determined set of beams that are obtained for a site-specific location
(e.g., road or highway) for V2X scenarios, but it does not generalize
to arbitrary 6G cellular deployments.

Reflector Modeling: The authors of [45-53] leverage reflective
surfaces to improve indoor mmWave connectivity & coverage using
only the radio data at multiple static locations. These works require
extensive offline training and site modeling using crowdsourcing
data collection with ground truth information of user locations to
model the reflectors. In contrast, CommRad is designed to operate
in real-time without requiring any offline data collection or ground
truth information. CommRad achieves this by leveraging comple-
mentary information from bi-static radio and mono-static radar
sensing.

Blockage Prediction: The authors of [54] developed radar-
aided blockage prediction using an end-end machine learning model.
BeamSpy [55], Terra [56] handle blockage by stationary objects
without modeling mobile links and cannot adapt dynamically to
blockage arrival patterns. Multi-connectivity [57] and handovers [58]
are alternative ways of recovering from permanent blockages. In
contrast to these works, we explore dynamic blockage events where
a mobile blocker crosses the link or the mobile user crosses a stat-
ic/mobile blocking object. Unlike [54], our end-end framework not
only predicts blockages but also integrates with direct/reflect-path
beam tracking with contextual awareness.

3 CommRad Design

In this section, we discuss the design and implementation of Comm-
Rad, a sensing-driven mmWave communication system to aid in
mmWave beam management. Managing directional beams in mo-
bile multi-user scenarios requires maintaining the beam direction
towards the user either via a direct path or via a reflected path when
the direct path is not available due to blockage events. The key in-
formation needed for this beam management at the radio is a time
series of the best beam angles for all users at all times. The radio can
obtain this information through the periodic beam training phase,
but this information gets outdated when the radio is not doing
beam training, i.e., it is communicating with active users. During
this time, the radio relies on the radar sensor to manage its beams.
The radar sensor is great for detecting objects in the environment
with high resolution in the distance and angle estimates thanks to
the high bandwidth available (over GHz) in free ISM bands such
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Figure 3: Overview of CommRad’s end-end system im-
plementation of collaborative bi-directional learning with
radar+radio integration.

as 24 GHz, 60 GHz, or 77 GHz center frequencies. Therefore, in
CommRad, we explore integrating a radar sensor with the radio
to aid beam management. To aid in radio beam management, the
radar sensor must provide the time series of the best beam angles
(direct or reflected path angles) for each user at all times. However,
the radar sensor receives an extensive amount of reflections from
many objects in the surroundings, and it cannot distinguish which
objects are relevant for beam management, such as users, reflectors,
and blockers.

In CommRad, we developed a three-stage process to acquire this
crucial context and build a bi-directional collaborative framework
for beam management, an overview of which is shown in Figure 3.
(Stage 1) What is context? The first step is to define the context
for the radar so that it can aid in beam management. The context
should be relevant for identifying users, reflectors, and blockers in
the environment and should be understandable by the radar, i.e.,
mapped into the radar’s range-angle view. We discuss this context
and how it is hard to obtain by the radar in Section 3.1. (Stage
2) How to acquire context? The second stage is to acquire this
context for the radar. More importantly, the context of the users
and reflectors should be updated periodically since the radar may
lose this context in a dynamic environment where new users may
appear or existing users may disappear. We discuss our algorithms
for acquiring this context through the periodic radio beam train-
ing process in Section 3.2. (Stage 3) How to do context-aware
beam management? Finally, as the radar is equipped with con-
text, it has to continuously aid mmWave radio in maintaining the
beams when the beam training is not immediately available. We
discuss how radar aids beam management by tracking the user’s
direct and reflected path and proactively detecting blockers in Sec-
tion 3.3. Actively tracking the reflected path along with the direct
path enables us to implement advanced constructive multi-beam
techniques [59, 60] to improve link reliability. The overall system
is implemented through a synchronized COTS radar and radio plat-
form and evaluated in real-world settings, as discussed in upcoming
sections.
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3.1 What is the Context that Radar Lacks?

The radar sensor detects different objects in the environment in
the form of their distance and angle estimates. It creates a distance-
angle view that shows multiple points of reflection from objects
with varying strengths. We define the context for the radar as the
set of points that belong to the relevant objects for the communica-
tion radio, such as users, reflectors, and blockers. Other objects in
the environment that do not fall into this category are not relevant
to the scope of this paper. (1) Context for users: For the users,
the context lies in the points in the distance-angle view that belong
to an active user for which the radio has to maintain a directional
beam for communication. Here, we define context as the approx-
imate {distance, angle} of points that belong to an active user. (2)
Context for reflectors: For the reflectors, the location is crucial
too, but not enough. A reflector is modeled as a line segment, which
is characterized by the location (any point on the reflector), ori-
entation (slope of the line segment), and size (the start and end
points on the reflectors). Learning these reflector parameters is es-
sential to compute the reflected-path beam angle. (3) Context for
blockers: We define blockers as any object (e.g., other users in the
network, mobile vehicles, or a reflector etc) that is relatively mobile
with respect to the user to cause blockage for a certain duration.
We define the context for the blockers by their relative location,
size, and speed, which is necessary to estimate the arrival time
and duration of blockage events. Without this context information,
the radar sensor cannot aid mmWave radio in direct/reflected path
beam maintenance.

3.1.1 How Radar Lacks Context for Users?

The radar sensor detects multiple objects in the environment, but
it does not know which objects belong to an active mmWave user.
Without this crucial context, Radar cannot track user mobility and
aid in beam maintenance. To demonstrate this limitation, consider
a scenario with two mobile users in the environment crossing each
other, i.e., one user is moving left to right, and the other is moving
right to left in front of the radar. The radar can detect two users
and track their angle over time. Without context information, the
radar cannot distinguish between the two users and incorrectly as-
sumes that both users continue along the same trajectory after the
crossing, as shown in Figure 4(a). In reality, they move in opposite
directions. This confusion can be resolved by periodically incorpo-
rating contextual information from the radio sensor, resulting in
accurate mapping of user trajectories to user ID, as demonstrated
in Figure 4(b).

3.1.2 How Radar Lacks Context for Reflectors?

The next challenge for radar is determining which objects in the
radar’s view serve as useful reflectors. Simply gauging signal strength
on the radar to locate strong reflectors is not feasible, as objects that
appear as a strong reflector for radar could be weak for communi-
cation. To illustrate this, we conducted an over-the-air experiment
with our testbed involving varied reflector orientations. We plotted
the Received Signal Strength (RSS) at both the radar and radio, as
depicted in Figure 5(a). When the reflector is positioned at 0 de-
grees orientation, it optimally serves the user with the highest RSS,
whereas for other reflector orientations, RSS diminishes as shown
in Figure 5(b). In contrast, the radar obtains its highest RSS when
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the reflector is oriented at 60 degrees, a configuration that does not
effectively serve the user through the reflected path, adhering to
the law of reflection. We show in later sub-sections how radar-radio
collaboration helps in obtaining the context for the reflectors and
aiding in reflected beam maintenance even under user mobility.

3.2 Acquiring Context through Radar+Radio
Collaboration

So far, we have seen that the radar sensor alone cannot obtain
contextual information about users and reflectors independently.
This section describes how contextual information can be obtained
using our radar+radio framework. This contextual information is
then used to provide context to radar to map different objects as
users or reflectors.

3.2.1 Acquiring Context for Users

Acquiring user context is a process of identifying which points in
the radar’s distance-angle view are active users. We use the radio
beam scan procedure to estimate the user’s angle and distance
from the base station and then map it to the radar’s view. First,
consider a simple multi-user scenario without any reflectors and
blockages and later analyze their impact. During the beam scan
process, the base station transmits the preamble through multiple
beams in different directions. Each user captures this signal and
estimates the RSS per beam. The beam index that gives the highest
RSS is identified as the best beam that serves the individual user.

(b) CommRad collaborative learning
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The direction at which this beam points is identified as the user’s
angle. We further estimate the user distance using the observation
that the distance is inversely proportional to the RSS using Friss
equation [61]. These estimates are used to map the user’s location
in radar view as shown in Figure 6.

3.2.2 Acquiring Context for Reflectors

Reflector identification is a crucial process in CommRad, as reflec-
tors are key in maintaining reliable communication [59, 60]. With
its monostatic sensing capabilities, radar faces challenges in inde-
pendently identifying reflectors, which contrasts with the bistatic
nature of communication systems. In CommRad, we leverage dis-
tinctive attributes from both radar and radio to acquire reflector
identification.

Reflectors can be categorized as point reflectors (e.g., poles and
lamp posts) or surface reflectors (e.g., buildings, glass walls, and
monitor screens). Surface reflectors are particularly relevant for
mobile links since their reflections are well-defined and predictable,
unlike point reflectors, which are better suited for static users as
they struggle to sustain mobile links. Therefore, our focus in this
paper is primarily focused on surface reflectors.

We represent surface reflectors as line segments in Cartesian
coordinates, characterized by their location (any point on the reflec-
tor), orientation (slope of the line), and size (start and end points
on the reflector). We estimate these parameters leveraging two-
dimensional channel measurements across angle and bandwidth,
following a three-step process as follows:

(i) Estimating reflected path angle and distance: As a first
step, we must separate the direct path and reflected paths in the
radio RSS measurements. We apply a variation of the MUSIC al-
gorithm, “Subspace MUSIC,' to separate the two paths across the
angle domain, as we do not have per-antenna measurements in
mmWave systems with analog beamforming arrays. We then apply
MUSIC across bandwidth to obtain relative Time of Flight (ToF)
information between the two paths, following the classic procedure
in localization [62]. The direct path is identified as the one with the
lower ToF, corresponding to the shorter signal travel distance. By
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utilizing the relative ToF and actual user location obtained through
RSS measurements, we determine the angles and distances of both
the direct and reflected paths. The procedure is explained in Figure
7.

(ii) Estimating reflector orientation: After obtaining the an-
gles and distances of each path, we construct an ellipse with the
base station and user location as its foci. The reflector’s position
locus lies on this ellipse, as shown in Figure 8(a). To pinpoint the ex-
act reflection point on the ellipse, we find the intersection between
the ellipse and the line extending from the base station towards
the reflector angle. This intersection point serves to identify the
orientation of the reflector as the slope of the tangent line to the
ellipse at that location.

(iii) Estimating reflector size: To complete the reflector charac-
terization, we need to estimate its size, which is crucial for tracking
the reflected path angle. We address this challenge through a learn-
ing process over time, as demonstrated in Figure 8(b). We collect
multiple beam scan measurements from various user locations as
they move around and repeat steps (i) and (ii) to identify all the
points on the reflectors. In this way, we obtain the reflector size as
a set of two endpoints on the line segment obtained in this process.
Notably, this is a one-time process for static reflectors but can be
repeated if changes occur in the reflector configuration.

Problem of unreliable RSS measurements: It is essential to
note that the reflector identification process may accumulate errors
if underlying parameters are inaccurate. A key source of error is
distance estimation from RSS measurements, especially in multipath
environments. We have observed that radar distance measurements
are more accurate, relying on time-of-flight measurements from a
synchronized Tx and Rx architecture. Thus, our approach initially

reflector in radar view
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obtains course distance estimates from radio measurements and
then refines them by identifying the nearest object in the radar view.
This dual-step radar-radio collaborative learning process ensures
accurate distance and angle measurements, enhancing reflector
identification accuracy.

3.3 Context-Aware Beam Management using
Radar Sensor

After identifying users and reflectors in the radar view through
radar-radio collaborative learning, we next use the radar sensor
to track the user motion through changes in both the direct path
and reflected path over time. It is important for radar sensors to
maintain and aid direction beams while the radio is occupied with
data communication and not performing beam scans. Our approach
to the direct path and reflected path tracking is described in this
subsection.

Before discussing our tracking algorithm, we present a primer
on the choices of range and resolution, followed by the techniques
used to counter the challenges described in the previous sections.

Maximum Range and Range-Resolution:

The range resolution for FMCW radar is given by AR = 7%. Comm-
Rad uses a bandwidth of 200MHz, thus resulting in a range resolu-
tion of 0.75m. With a resolution under 1m, we are able to capture
the movement of the user across time accurately. The maximum
range of the FMCW radar is given by Ryax = zc—%N , where N is the
number of samples corresponding to the duration observed. For an
N value of 1000, we get a maximum range of 750 m.

Angle resolution: The angle resolution of a antenna array
with Ngp; is given by, Oyes = ﬁ For a 16 virtual antenna system,
angular resolution is 7.16°, whereas for a 8 antenna system, angular
resolution is 14.32°. By using a virtual antenna array, we achieve
better angular resolution, which helps improve the localization and
tracking accuracy of the system.

3.3.1 Static Clutter removal with frame subtraction The Range-
AoA representation from radar contains high-energy points cor-
responding to all environmental reflections, including users, re-
flectors, blockers, etc. While tracking the user, all static reflections
coming from the environment can be considered as clutter. The
presence of clutter causes ambiguity in distinguishing the users
over time. To remove clutter, we use the static nature of those ob-
jects and cancel them across time. Each frame, corresponding to
one chirp, is 1ms apart from the consecutive frame. Depending on
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Figure 10: Proposed user tracking algorithm.

the type of mobility (users in indoor scenarios have lesser mobility
than in outdoor vehicular scenarios), we perform an average over
multiple chirps and subtract the Range-AoA profile of the current
frame from the averaged Range-AoA profile. This removes the static
objects, and user tracking can be done accurately and reliably. We
show the above-mentioned workflow in Figure 9. We first obtain
the clutter-removed image using frame subtraction and then use
the radio data to localize the users within this image.

3.3.2 Direct path beam tracking

For direct path tracking using the radar sensor, we have devised a
three-step process illustrated in Figure 10. The first step involves
identifying the user’s initial location within the radar view and
creating a bounding box around each user. Creating a local bound-
ing box around a user allows us to remove the dynamic clutter in
the environment, like other users, blockers, etc., that may not be
present near the user. In the second step, we examine the subse-
quent radar frame to locate the user with the highest signal strength
while retaining the same bounding box as in the previous step. Fi-
nally, in step 3, we adjust the bounding box to align with the new
user location identified in step 2. These last two steps are repeated
for all consecutive frames to ensure continuous user tracking. By
tracking the user with radar, we can still maintain directional beams
toward the user, even when the radio resources are unavailable for
beam training. Periodic updates of user location from the radio can
then help maintain the tracking accuracy of the radar, especially
when the radar loses the context of the users who might be too close.

3.3.3 Reflected path beam tracking

Reflector tracking is more complicated than user tracking, as mobile
users change the angle of the reflected path. We need to know the
reflector’s location, size, and orientation to track the reflector. Once
this information is available, we can create a virtual representation
of the base station relative to the reflector as an object behind a
mirror. The line connecting this virtual base station to the user
defines the angle of the reflected path. Let the user’s location at
time #; be denoted as (x1, y1), and at a subsequent time ¢, the user’s
location changes to (x2,y2) (See Figure 11). Assuming the radar
and radio system is located at the origin (0,0) and has a virtual
location of (xy, yy), we can estimate changes in the reflected path
angle, denoted as A¢,, as follows:

update on user location
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Where (x,, y) represents an arbitrary point on the reflector, and
¢ denotes the reflector’s orientation angle.

With the estimate of the reflector orientation, we can track the
change in reflected path angle A¢,, which can be used as an al-
ternate beam path to aid communication when the direct path is
blocked or unavailable for communication.

(x0, y) = (tan(¢), =1) x

3.3.4 Context-Aware Blockage Mitigation using Radar Block-
age causes trouble to the mmWave link by reducing the signal
strength and bringing the link to an outage. Therefore, to revive the
link under blockage, alternate reflected paths that are not blocked
are utilized. When all the paths are blocked, the link is unrecov-
erable. To recover the link for partial blockage, it is important to
learn the blockage arrival and departure process promptly. Prior
work on blockage mitigation is either reactive in nature, which acts
when the link is already down, or they rely on radio alone, compro-
mising accuracy in a large multi-user environment. Our proposed
collaborative learning framework takes care of the blockage events.
By leveraging unique features of radio and radar sensing, we create
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Figure 13: Base station with synchronized Radio and Radar
setup. We deploy 28 GHz (n257 band) Radio and 24 GHz (ISM
band) Radar.

a signal processing pipeline to promptly detect blockage and take
precautionary actions such as switching beams to a reflected path.

Defining a blockage-prone region: The first step in detecting
blockage with the help of radar is to determine a blockage-prone
region. We define a blockage-prone region as a rectangle patch
between the user and the base station, as shown in Figure 12. Any
blocker in this region can cause blockage. The radar tracks an
object’s velocity over frames to estimate the time-of-arrival of the
blocker into the blockage-prone region. The blockage duration
is estimated from blocker velocity and blocker size. A blocker of
length I and velocity vp would block the link for the duration of
lBUB.

Proactive blockage mitigation: With the blocker velocity and
duration known, the base station alerts the radio of the upcoming
blockage event. The response to the blockage depends on the du-
ration of the blockage event. If the blockage event is too slow and
lasts longer, then the base station switches to one of the reflected
beams. The reflected beam is served until the blockage event lasts.
After the blockage is gone, the base station switches back to the
original link.

4 Implementation

The implementation of the entire system is made in a way that en-
ables experiments that can be conducted both indoors and outdoors.
We describe the hardware and software used, the implementation of
each subsystem, and the integration of these subsystems to create
the joint synchronized platform as shown in Figure 13.

4.1 Radio Hardware and Software

The mmWave radio system is powered by a combination of commer-
cial software-defined radios (SDRs) and custom-designed phased
arrays. The SDRs are connected to the PC using SFP optical cables
or USB cables. UHD and GNU-Radio are used to control the SDRs.

m Phase Array specifications and control hardware: The
phased arrays have 32 antennas in a 4x8 configuration [63]. Each
antenna is dual-polarized, so we have 64 antennas. The antenna RF
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input and outputs are connected through SMA connectors to the
SDRs and operate at 28GHz, which is up/down-converted from/to
the 4GHz baseband signal with a 24GHz UDC. We use an Artix-7-
based FPGA [64] for programming the phased array registers and
activating beam training commands using the SPI protocol. The reg-
isters are modified to set the phase and gain values (supports 6-bit
phase and 6-bit gain values) obtained from MATLAB corresponding
to a particular beam. Look Up Tables (LUTs) present in the phased
arrays allow for storing the phase and gain values in a continuous
register location that can be loaded rapidly without microcontroller
intervention every time. The phased array is capable of performing
a beam switch under 6ps. The FPGA, SDRs, and phased arrays are
fed with a common 10MHz reference signal generated from the
Ettus OctoClock clock distribution module that ensures sample
level synchronization within the radio. A power regulator board
takes 12V input [65] and distributes power to phased arrays, clock
modules [66] and fans.

m Base station setup: For the base station, we use Ettus N310
USRP [67] that is connected to a PC through SFP optical cables.
We operate the USRP at 4.05GHz center frequency and a sampling
rate of 30.72MHz using GNU-Radio software [68]. We program the
pre-calculated phase and gain values for the required angles for an
experiment into the LUTs present in the phased arrays. When the
USRP starts transmitting, a trigger is sent to the FPGA, which then
activates the beam training, and the phased array loads the register
values from the LUTs sequentially.

m User setup: We developed a compact mobile user equipment
(UE) setup, consisting of a mmWave phased array, clock, Arduino
micro-controller, a battery, and PlutoSDR as demonstrated in [69—
71]. We choose plutoSDR [72] for the user because it is compact
and allows streaming data directly from a USB stick. The UE stick
contains raw IQ samples with OFDM waveform that can be trans-
mitted using PlutoSDR without needing a laptop, thus making it
easier to scale to mobile multi-UE experiments. We use frequency-
division multiplexing to avoid interference among multiple UEs.
The phased array is controlled through an Arduino microcontroller
to set a fixed quasi-Omni-directional beam at each user.

® Waveform design: We use a modified 5G NR beam manage-
ment protocol with a 12.5us OFDM symbol with the preamble and
data blocks. We choose this duration of OFDM symbol to get an
integer number of samples at the sampling rate of 30.72MHz and
allocate enough samples for the preamble. The preamble contains a
typical 64-sample pseudorandom sequence, which is repeated twice
and has a 32-sample cyclic prefix (CP). The preamble is followed by
data that contains the repeated beam IDs that are also coded with a
pseudorandom sequence to avoid the high Peak-to-Average-Power-
Ratio (PAPR) prevalent in OFDM systems.

4.2 Radar Hardware and Software

We used an INRAS RadarBook FMCW radar, which operates at
24GHz [18]. The radar is connected to the same PC as the base
station with a 1 Gbit Ethernet cable. The radar has 2 TX and 8 RX
antennas that are combined in post-processing to give a 16-antenna
virtual array. The radar uses a bandwidth of 200MHz, with one chirp
containing 1000 samples, with a slope of 2 MHz/us having a ramp-
up time of 100us and a total duration of 200 us. Each data frame
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(b) Outdoor scenario with reflectors, four users, and detailed user setup

Figure 14: Experiment scenarios with the static radar-radio platform with four mobile users. We consider diverse scenarios
indoors and outdoors with various reflectors such as concrete walls, monitor screens, glass walls, etc.

contains 200 chirps, and one frame lasts 200 ms. The chirps are
split equally between the two TX antennas, i.e., 100 chirps for each
antenna. For the above parameters, we have a range resolution of
0.75m, velocity resolution of 0.75 m/s (14 Hz frequency resolution),
and angular resolution of 7.16 degrees.

m Synchronization and calibration: Radio and radar each
save timestamps using the NTP protocol during data collection for
synchronization purposes. The radio achieves sample-level synchro-
nization via the USRP, which sends triggers to the FPGA precisely
when transmission or reception starts. This, in turn, triggers the
phased array to begin beam-sweeping. By chaining triggers from
the USRP to the FPGA to the phased array, we align the beam
training with the initial sample transmission or reception. Figure
13 illustrates the clock and trigger signals used for synchroniza-
tion and control. Additionally, calibration is necessary because the
radar and radio, positioned about 15 cm apart, have different local
coordinate systems. We establish a global coordinate system at
the radio’s location and apply a linear transform to convert radar
points into this global coordinate system, similar to the well-known
multi-camera calibration method [73].

5 Evaluation

We evaluated CommRad with up to 4 mobile users at a range from
5m to 80m in various indoor and outdoor scenarios as shown in
Figure 14. The users are human volunteers who move at a walking
or running speed of around 3 to 6 mph. Each volunteer carry our
mobile UE setup which consists of a PlutoSDR with USB stick that
continuously stream OFDM waveform in uplink with a fixed Quasi-
Omni-directional beam pattern. We evaluate uplink scenarios while
scanning beam patterns at the base station in the range of -60 to 60
degrees with an increment of 1 degree to collect accurate ground
truth data.

m Oracle: We consider Oracle as an entity that knows the best
beam at all times for all users. The Oracle is obtained by performing
a fast beam-scan using the base station phased array. The phased
array scans 121 beams, with each beam lasting 12.5us. Thus, the
total time required for a beam scan is 1.5 ms. Note that this beam
scan is faster than 5G NR protocol which allow only 64 beams
over an interval of 5 ms. This procedure is executed for the entire
duration of the experiment to capture the robust ground truth /
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Oracle data from the perspective of the radio. The Oracle perfectly
captures the reflected beam when the direct path is blocked.

m Baseline: We implement a non-collaborative baseline that
does not utilize the periodic contextual information from the radio
for aiding radar tracking. To ensure fairness, we provide a one-time
context for radar measurement at the beginning of tracking and let
the radar track the user without context for the remaining duration
of the experiment. Here, the radar follows a similar approach for
tracking by creating bounding boxes around the users after the
radio gives the initial locations. Then, the radar tracks the user by
updating the bounding box, but it does not recalibrate with the
radio periodically. It essentially does the tracking on its own. We
also compare the results with a reactive baseline, where the radio
holds the beam until the beam is updated in the next beam training
and has no input from the radar.

We first present end-end results with CommRad and then bench-
mark individual components of CommRad separately.

5.1 Overall Throughput Improvement

The goal of this evaluation is to show the throughput improvement
of CommRad in diverse multi-user multipath environments. We
obtain radio context information periodically, ensuring the radar
can track and maintain beams in this duration. We obtain a CDF
of throughput measurements of CommRad and compare it against
the non-collaborative baseline and Oracle in Figure 15(a). Here, we
combined all the measurements across different environments and
mobility patterns. The median throughput of CommRad is 1000
Mbps, while the baseline offers only 400 Mbps median through-
put, thus providing a 2.5x throughput gain over the baseline while
performing almost similar to the Oracle system. The throughput im-
provement is more significant for the worst case, the 20th percentile
of the cases, improving from 50 Mbps to 400 Mbps, providing a stag-
gering 8x throughput gain. These results show that CommRad can
help maintain a reliable link in difficult situations like device mo-
bility and blockages. These improvements are due to robust radar
tracking and blockage mitigation enabled by context awareness in
CommRad’s radar-radio collaborative framework.

Further, we evaluate the throughput improvement using tradi-
tional single-beam and constructive multi-beam techniques [41, 60,
74-77]. Constructive multi-beam uses two beams simultaneously,
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Figure 15: End-end results of CommRad: Improving median throughput by 2.5x compared to non-collaborative baseline.
Supporting both single-beam (SB) and Constructive multi-beam (CMB) schemes with blockage mitigation. Reducing beam
management overhead in 5GNR.
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Figure 16: Scenario: Four users crossing each other. We remove the clutter and then show angle-tracking accuracy with
collaborative learning.

one in the direct path and the other in the reflected path direction, beam refinement procedure suggested in 5G NR. During mobility,
to provide reliable communication during blockages [60]. The box CommRad provides the optimal angle to the gNB, thereby reducing
plots in Figure 15(b) show that the mean throughput increases by user feedback overhead. Finally, during blockages, while Comm-
about 100 Mbps without blockers. With blockage, the traditional Rad can provide alternate reflected paths, during the absence of
single-beam experiences a significant drop in throughput due to strong reflectors, radar can provide the user location immediately
the direct LOS path being blocked. In contrast, the constructive without needing to re-establish the link. We show that CommRad
multi-beam, which uses the reflected path to support the communi- significantly reduces this overhead down to 0.5% when it relies on
cation even during blockage to direct LOS path, experiences a drop radar-based beam management with a periodicity of 0.5 seconds. At
in throughput by half, which is less significant compared to almost a higher periodicity of 2 seconds, this overhead is further reduced
a 10x drop in the single beam case. by 0.25%. This shows CommRad as a low-overhead mechanism for

the radio to spend more time on communication than spending
time for beam scanning.

5.2 Overhead Reduction

Next, we emphasize the advantage of using radar sensing to aid
mmWave communication to reduce beam scan overhead. In cel-

lular protocols like 5GNR, the base station (gNB) needs periodic 5.3 Angle Tracking Accuracy

beam scans and constant feedback for establishing and maintaining Accurate user tracking is the most important aspect of the sys-
the beams towards the user, which creates a significant amount tem on which many features like reflector estimation, tracking,
of overhead in terms of radio resources, affecting throughput and and blockage prediction impinge on. One of the main reasons for
latency. Based on the periodicity of beam training in 5G NR, this throughput gain for CommRad is because of its capability to track
overhead could be between 2.5% to 25%. CommRad can avoid this user angle accurately. We evaluate this by creating a link between
high overhead in many scenarios encountered in 5GNR. During the user and the base station radio and performing experiments
initial access, the radar can indicate the arrival of a new object where the user moves in various directions and speeds. We use
in the environment and its angle, thereby allowing gNB to scan radar to track the mobile user along with periodic updates from the
only a small subset of angles. This can serve as a substitute for the radio.
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Figure 17: CommRad’s end-end angle tracking accuracy.

An example is shown in Figure 16 with 4 users crossing each

other diagonally. Here, we compare CommRad with a non-collaborative

baseline comprising only radar tracking without collaboration with
the radio. We observe that in complex scenarios where two users
overlap, the non-collaborative baseline loses track of the user’s
identity and reports the same path for both users. With the periodic
collaboration with radio, this effect is mitigated in CommRad.

To show the accuracy in user angle tracking, we plot the CDF of
the error in angle prediction for CommRad compared to the non-
collaborative baseline in Figure 17(a). The angle error is the absolute
value of the difference in Oracle angle and CommRad/baseline angle.
We show that the median angular error of CommRad is 4 degrees
while the baseline suffers from 8 degrees of median error. The 90th
percentile error is more significant, where the CommRad error of 10
degrees is significantly better than the baseline error of more than
40 degrees. Figure17(b) shows the trade-off between angle error
and recalibration time. The higher the recalibration time, the higher
the angular error, consistent with the results expected from radar
tracking objects without context for a long time. We also observe
that around 2s, the angle error is around 7°, within the beamwidth
of 10° of the radio with 8 antennas. Therefore, an ideal trade-off
between overhead reduction and reliable communication can be
achieved when we update the user location at 2s intervals, causing
the overhead reduction up to 0.25% as estimated previously.

5.4 User/Reflector Tracking Accuracy

We benchmark the accuracy of our radar tracking algorithm for both
direct and reflected paths. For comparison, we obtain the ground
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Figure 19: CommRad adaptation to dynamic blockages.

truth angle through a continuous beam training process described
earlier. Figure 18(a) shows the RSS power across time and angle.
This represents the ground truth (Oracle) information, where the
high energy corresponds to the angle path traveled by the user over
time. The second higher energy path corresponds to the reflected
path seen by the radio. In Figure 18(b), we compare CommRad’s
angle tracking with the Oracle angle and show that they match
with high accuracy. The reflected path tracking is remarkable as
the radar could accurately predict when the reflector is available
to the user at the 2-sec mark and when it vanishes at the 7-sec
mark due to user mobility. This high accuracy is achieved thanks to
accurate context acquired by radar in reflector location, orientation,
and size.

5.5 Blockage Prediction and Mitigation

Blockage for mmwave links reduces SNR and throughput and causes
link outages. Utilizing alternate paths to maintain the link while
the direct path is blocked is one of the proven solutions to prevent
link outages. Since the potential reflected path can be anywhere
in the entire angular space, it becomes tedious to do a full beam
scan. Instead, we rely on radar to detect the blockage event and
identify potential reflected paths to serve the user during the block-
age. To demonstrate this, we show a 10-sec trace of adapted angles
and corresponding RSS in Figures 19(a) and 19(b), respectively. We
compare CommRad’s angle adaptation with a direct path baseline
without any adaptation. As we can see, there is a sharp drop in
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angle twice at the 3-sec and 5-sec mark, which indicates a block-
age event and beam switching to a reflected path. This adaptation
in CommRad helped maintain high RSS, while the non-adaptive
baseline suffered an RSS loss of more than 10 dB due to blockage.
This shows the feasibility of radar-aided beam management and
blockage adaptation in mmWave systems.

5.6 Cost and Computation Complexity

CommRad deploys an additional radar sensor to aid in mmWave
base station beam management, which leads to additional cost
and computation complexity. In the radar processing pipeline, the
computation is dominated by 2D-FFT to get the Range and Angle-
of-Arrival profile. The computation complexity for 2D-FFT is

O (MN log, (MN)), where M is the number of distance bins and
N is the number of angle bins. Considering M = 1000 and N = 120,
we get 0.02 ms computation latency on a typical 100 GFLOPS CPU.
Other computational tasks such as estimating reflector size and
orientation are based on closed-form expression, thus having O(1)
complexity. We discuss the additional cost, power, and resolution
with integrated radar sensors at the base station and compare them
with alternative sensors such as Lidar and cameras in Table 1.

Cost Power | Resolution
Radar [18,78] | $200—$500 | 1—2W | Low (~ 6°)
Lidar [79] | $300 — $1000 | 5— 15 W | High (~ 1°)
Camera [80] ~ $300 ~2W | Medium
(~ 14px/deg)

Table 1: Cost, power, and performance comparison.

6 Limitation and Future work

We discuss potential limitations and future directions of CommRad:

5G NR Compatibility: 5G NR requires an SSBurst between 20
ms and 160 ms to enable fast initial access, but at the cost of high
beam scan overhead. To reduce this overhead while maintaining
5G NR compatibility, CommRad can be adapted to perform full
beam scan over 1-2 seconds and perform a low overhead partial
beam scan every 160ms. The partial beam scan could scan fewer
beams per SSBurst guided by the radar sensor. CommRad also
requires complex CSI from the UE for each beam, which may utilize
additional signals such as CSI-RS in 5G NR [81]. We leave this
exploration to make CommRad 5G NR compatible for future work.

LoS Assumption: We assume that the LoS path between the BS
and the UE is available for our path estimation algorithm to work.
If the LoS path is not available, then CommRad could misclassify
an NLoS path as a direct path and result in wrong estimation. After
this initial reflector estimation process, CommRad works in NLoS
scenarios with proactive blockage mitigation.

Mobile Reflectors and Scatterers: CommRad models static
reflectors as a plain surface of finite size to estimate their location,
orientation, and size. Mobile reflectors or scatterers (e.g. corner re-
flectors) could also help with NLoS link. However, mobile reflectors
are not persistent and cannot provide long-term link reliability and
throughput since they could move out of the communication range
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in a short period of time, and may lead to an increased number of
false beam switchings.

Static and Mobile Blockers: CommRad proactively detects
dynamic blockage events and estimates the relative speed and size
of the blockers in relation to the user. It adapts to various scenarios,
including a static blocker with a mobile user (e.g., the user mov-
ing behind buildings), a mobile blocker with a static user (e.g., an
obstacle crossing an established link), or a combination of both.
By leveraging relative velocity, CommRad can estimate the arrival
and departure times, as well as the duration, of blockage events.
This insight makes CommRad scalable to real-world multi-UE and
multi-blocker environments.

3D Beamforming: CommRad is tested with only azimuth di-
rection beamforming at the base station in scenarios where the
elevation angle is broad enough to cover the coverage range. The
UE is Quasi-Omni directional due to power and size constraints for
hand-held devices. Expansion of CommRad to 3D beamforming at
the base station and UE is an important future direction.

Sensor-Fusion with Contextual Awareness: CommRad de-
ploys a 24 GHz Radar sensor in the ISM band to aid in beam man-
agement with contextual awareness. While Radars stand out as low-
cost, privacy-preserving, and weather- resistant sensing modality,
they can be fused with other sensors, such as radars at 60 GHz
or 77 GHz ISM bands or light-based sensors such as cameras or
lidars, to further improve beam management. Notably, CommRad’s
framework for contextual awareness can be generalized to other
sensing modalities. Deploying these sensing-driven solutions in
dense mmWave network requires additional multi-site collabora-
tion and interference management.

7 Conclusion

In this paper, we investigate a collaborative bi-directional learning
framework through the collaboration of radar and radio to improve
next-generation mobile mmwave links. We identify complemen-
tary sensing information from mono-static radar and bi-static radio
and combine them under our framework to get the best of both
worlds. As a result, we improve mmwave link quality for mobile
users even under environmental vulnerabilities such as blockages
and beam misalignment due to mobility. The future work would
explore advanced algorithms such as machine learning together
with collaborative learning to further improve the tracking accu-
racy, develop multi-modal sensing with additional sensors such as
cameras, and explore more challenging scenarios such as extremely
high vehicular mobility.

Ethical concerns: Does not raise any ethical issues.
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