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Camera Based mmWave Beam Prediction: Towards
Multi-Candidate Real-World Scenarios

Gouranga Charan”, Muhammad Alrabeiah

Abstract—Leveraging sensory information to aid the millimeter-
wave (mmWave) and sub-terahertz (sub-THz) beam selection pro-
cessis attracting increasing interest. This sensory data, captured for
example by cameras at the basestations, has the potential of signifi-
cantly reducing the beam sweeping overhead and enabling highly-
mobile applications. The solutions developed so far, however, have
mainly considered single-candidate scenarios, i.e., scenarios with a
single candidate user in the visual scene, and were evaluated using
synthetic datasets. To address these limitations, this paper exten-
sively investigates the sensing-aided beam prediction problem in
a real-world multi-object vehicle-to-infrastructure (V2I) scenario
and presents a comprehensive machine learning based framework.
In particular, this paper proposes to utilize visual and positional
data to predict the optimal beam indices as an alternative to the
conventional beam sweeping approaches. For this, a novel user
(transmitter) identification solution has been developed, a key step
in realizing sensing-aided multi-candidate and multi-user beam
prediction solutions. The proposed solutions are evaluated on the
large-scale real-world DeepSense 6G dataset. Experimental results
in realistic V2I communication scenarios indicate that the proposed
solutions achieve between 67 — 84% top-1 and close to 100 % top-5
beam prediction accuracy for the scenarios with single-user, and
between 65 — 80% top-1 and close to 95% top-5 beam prediction
accuracy for multi-candidate scenarios. Furthermore, the proposed
approach can identify the probable transmitting candidate with
more than 93% accuracy across the different scenarios. This high-
lights a promising approach for significantly reducing the beam
training overhead in mmWave/THz communication systems.

Index Terms—Beam prediction, computer vision, deep learning,
mmWave communication, multi-user.

1. INTRODUCTION

HE promise that 5G and beyond hold for supporting
T revolutionary applications (such as autonomous vehicles,
intelligent factories, and Internet of Things (IoT)) is contingent
on those systems meeting unprecedented performance require-
ments in terms of achievable rates, latency, and reliability [1],
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[2], [3]. Communication systems in high-frequency ranges,
e.g., millimeter-wave (mmWave) and sub-terahertz (sub THz),
present a way to meet the first of those demands. This is primarily
due to their abundance of bandwidth that helps achieve data rates
in excess of tens of Gbps [2], [4]. However, high-frequency sys-
tems face challenges on many levels, and one of the most critical
challenges is the relatively large beam-training overhead. Signal
propagation in the high-frequency domain is characterized by
poor penetration ability and suffers from high power loss due
to scattering [5]. Therefore these systems need to periodically
update the choice of beamforming vectors at both transmitters
and receivers to maintain satisfactory Signal-to-Noise Ratios
(SNRs). Such need is a common source of strain for those sys-
tems, and it has driven much research in the wireless community
for innovative solutions to reduce the training overhead.

Some recently emerging approaches to deal with many high-
frequency wireless communication challenges revolve around
machine learning, and computer vision [6], [7], [8], [9], [10],
[11],[12]. Those approaches collectively define the Vision-Aided
Wireless Communications (ViWiComm) framework. Within that
framework, a wireless system utilizes computer vision, mul-
timodal machine learning, and deep learning to develop an
understanding of the wireless environment and its elements. The
system, then, taps into that understanding to address some of
the adversities it faces, like the beam-training overhead. A key
advantage of the ViWiComm framework is the information-rich
sensors it introduces to the wireless system, RGB cameras [12],
[13], radars [14], and LiDAR sensors [15], to name a few. These
sensors provide much-needed information about the wireless
environment that is commonly under-utilized or ignored alto-
gether.

Much of the work on addressing beam training [7], [16], [17]
with ViWiComm either assumes simplified wireless settings or
is based on synthetic datasets like the ViWi dataset [6]. One
may question the practicality of the developed framework, given
that real wireless communication environments are character-
ized by two inherent properties: dynamism and visual diversity.
Dynamism in wireless environments refers to the continuous
change in the locations of radio transmitters and receivers,
which naturally leads to time-varying wireless channels. This
property is a serious and well-acknowledged challenge in wire-
less communications [1], [18], for it is the main reason that
beam training needs to be performed frequently. Furthermore,
dynamism partially contributes to the second property, visual
diversity. The wireless environment is fairly visually complex;
it is composed of visually diverse objects (e.g., trees, buildings,
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people, cars, buses, etc.), some of which are continuously on
the move, causing the visual scene to vary. From a vision per-
spective, visual diversity is a serious challenge to a ViWiComm
as it leads to the multi-candidate dilemma; it is the case when
the composition of the wireless environment includes multiple
objects that could constitute a possible wireless transmitter,
see [11]. By considering these two properties, the practicality
issue of ViWiComm could be summarized in the form of two
questions:

Q.1: Could the encouraging results obtained with synthetic datasets
(e.g., [7], [16]) be extended to datasets collected from real wireless
environments?

Q.2: Could the vision-aided wireless communication framework
tackle the beam-training challenge in wireless environments with
multiple candidate transmitters?

Answering these two questions constitutes the cornerstone of
this study. More specifically, the study builds on top of the work
in[11], [12], [19] and provides a detailed evaluation of the beam
training challenge with the ViWiComm framework.

A. Prior Work

The beam-training challenge in high-frequency wireless sys-
tems has been investigated in several studies like [20], [21], to
name a few. In recent years, a considerable amount of research
has explored machine-learning-based approaches to tackle that
challenge. For this study, that research is surveyed from the
perspective of computer vision. This means the proposed ap-
proaches in the literature will be categorized based on whether
they utilize visual data or not.

Beam prediction without visual data: Many studies have
considered developing machine learning algorithms for beam
prediction using wireless and/or position sensory data. Good
examples could be found in [1], [22], [23]. The work in [1]
introduces a novel coordinated beamforming approach based on
mmWave omni- or quasi-omni-channels. A set of coordinating
mmWave basestations estimates their local mmWave channels
using omni or quasi-omni beam patterns and then uses those
channels to train a Deep Neural Network (DNN) to predict
the beamforming vectors at each basestation. The study in [22]
takes a different look at what could be used as sensory data.
It proposes a new approach based on sub-6GHz channels and
DNN:Ss. It poses the beam prediction problem as a classification
problem to which a DNN is trained to observe the sub-6GHz
channels and predict the optimal beamforming vector. The use
of position sensory data to tackle the beam-training challenge
has been explored in [23]. It proposes to use receiver position and
types of neighboring vehicles to handcraft a per receiver feature
vector, and it trains an ensemble classifier based on a random
forest model to predict the optimal beamforming vectors using
that feature vector.

The existing work has shown promise in addressing the
beam-training challenge. However, there is potential for further
improvement by considering better sensory data and learning
methods. Currently, the chosen sensory data is insufficient to
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capture the complexity and dynamics of the wireless environ-
ment. The wireless or position data only offer partial information
about objects and their movements. Additionally, the previous
research relies solely on unimodal machine learning. Future
wireless systems, including basestations and user equipment, are
expected to incorporate multiple sensors such as RGB cameras,
sub-6GHz transceivers, LIDARSs, radars, and GPS [24]. Utilizing
all available sensory data instead of relying on a single modality
would be more practical. Therefore, machine learning research
should focus on developing algorithms that can effectively ex-
tract meaningful features by combining different modalities.

Beam prediction with visual data: This category includes
beam prediction approaches that address the two shortcomings
mentioned above by utilizing visual sensory data and multi-
modal machine learning. Using computer vision to address the
beam-training challenge in high-frequency wireless systems is
rooted in the early work in [6], [7]. The ViWiComm framework,
in which wireless systems are equipped with visual data sources,
has first been introduced in [6] along with the first Vision-
Wireless (ViWi) dataset. Using ViWi, [7] presents the first case
study for beam prediction using the ViWiComm framework. It
proposes a beam prediction approach based on Convolutional
Neural Networks (CNNs) for wireless settings with a single-
candidate user. The work in [16] extends that in [7] by utilizing
object detectors. It takes a step closer to studying ViWiComm in
realistic wireless settings by synthesizing images with multiple
candidate users using a scenario from the ViWi dataset. Some
common limitations of the early work include focusing on simple
communication scenarios, such as settings with single-candidate
users or artificially generated multi-candidate users, and not
fully exploring the potential of multimodal machine learning.
Wireless environments, as mentioned earlier, are characterized
by dynamic changes and visual variations. This poses a signif-
icant challenge when predicting beams based solely on visual
data, as visual information alone does not provide any insight
into the identity of the object responsible for the radio signal.
To address this issue, previous studies such as [11], [25] have
proposed multimodal machine learning algorithms that combine
both visual and wireless data to identify the radio transmitter
in the environment. However, it is important to note that these
studies do not specifically tackle the beam-training challenge in
practical wireless settings.

B. Novelty and Contribution

This study marks a significant leap in ViWiComm, par-
ticularly in addressing beam-training challenges in practical,
high-frequency wireless environments. Unlike previous research
that often relies on simplified or synthetic scenarios, this work
deals with real-world complexities characterized by dynamism
and visual diversity. Our novel contribution lies in extending
ViWwiComm’s promising results to authentic wireless settings
and introducing an innovative multimodal deep learning frame-
work that integrates visual and position data for beam prediction
in multi-candidate environments. By utilizing DeepSense 6G
scenarios, we bridge the gap between theoretical models and
practical applications. This approach not only addresses the
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crucial questions of ViWiComm'’s practicality in real environ-
ments and its efficacy in multi-candidate settings but also paves
the way for significant reductions in beam-training overhead
in 5G and beyond systems. Consequently, our work represents
a vital step towards making ViWiComm a practical reality
in next-generation wireless networks, offering a solution to
the challenges posed by frequent beam training in dynamic,
visually complex environments. In particular, it addresses the
two questions Q.1 and Q.2 by utilizing visual data and deep
learning models. The main contributions of this paper could be
summarized as follows:

® Beam prediction in single-candidate settings: As a step-
ping stone, this paper addresses Q.1 using a dataset con-
structed using DeepSense 6G scenarios [19], which repre-
sent real wireless communication environments. It shows
that those encouraging results in [7], [16] could indeed be
achieved in real wireless communication settings with a
single-candidate user.

® Beam prediction in multi-candidate settings: We address
Q.2 by introducing a pioneering deep neural network
that fuses visual and position data for beam prediction
in complex, multi-candidate wireless environments. This
innovative approach not only identifies the correct radio
transmitter among multiple candidates but also predicts
its optimal beamforming vector. This solution represents
the first demonstration of a multimodal ViWiComm DNN
tackling beam prediction in practical, visually diverse set-
tings with multiple potential transmitters.

o Large multimodal dataset and comprehensive evaluation:
By utilizing the different scenarios in DeepSense, two
datasets of co-existing multimodal data points (i.e., visual,
position, and wireless) are constructed for development and
testing purposes. Those datasets constitute the seeds for
the comprehensive evaluation experiments conducted to
answer the questions in Q.1 and Q.2. We provide a detailed
evaluation of our vision-position aided beam prediction ap-
proach using the DeepSense 6G dataset, which represents
real-world wireless scenarios. This analysis offers concrete
insights into the performance gains, overhead reduction,
and efficiency improvements achievable in practical 5G
systems.

II. VISION-AIDED BEAM PREDICTION

Overcoming the challenge of beam training in high-frequency
wireless communication systems (mmWave and sub-THz) is
a cornerstone in realizing the full potential of those systems.
Recent efforts to deal with this challenge have seen increasing
interest in leveraging artificial intelligence, and deep learning
in particular [1], [7], [16], [22], [26]. Among those efforts,
vision-aided beam prediction is a promising approach proposed
to reduce the beam training overhead in high-frequency systems.
As stated in Section I-B, this work provides a comprehensive
and realistic evaluation of the potential of vision-aided beam
prediction solutions. In the following three subsections, we
i) motivate the need for vision, ii) introduce the key idea of
vision-aided beam prediction, and iii) present the overall flow
of this paper.
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A. Motivation

Harvesting the large bandwidth available at the mmWave and
sub-THz bands requires using narrow beams and overcoming
their alignment challenge [2], [5]. The true challenge with beam
alignment stems from the inherently dynamic nature of the
wireless communication environment; transmitters, receivers,
and scatterers could all be on the move. A direct implication of
that dynamics is that transmitters and receivers need to periodi-
cally update their choice of beamforming vectors to maintain
a satisfactory SNR level and, preferably, a LOS connection.
This update comes in the form of beam-training, which is
a recognized burden in high-frequency wireless communica-
tions [1], [22]. An interesting and novel approach for handling
the beam-training burden could be found in embracing a striking
resemblance between high-frequency communication and com-
puter vision systems, which is their reliance on LOS [8], [27].
Since high-frequency signals struggle in penetrating objects in
the wireless environment and lose a significant amount of power
due to scattering [5], there is a quite large SNR margin between
LOS and NLOS communication links that skews in favor of
LOS. This makes LOS a preferable setting in high-frequency
communications, and it draws a connection with computer vi-
sion, which is inherently LOS. The data usually captured and
analyzed in a computer vision system depicts what is visible
in the scene, starting with simple patterns (e.g., edges, colors,
etc.) to abstract concepts (e.g., human, dog, tree, etc.). As such,
the information contained in visual data could be as valuable to
a high-frequency system as it is to a computer vision system,
begging the question of how computer vision could be used to
mitigate the beam-training challenge.

B. Key Idea

The reliance on LOS is the key feature that links high-
frequency communications to computer vision and is the
bedrock of vision-aided beam prediction. To understand the con-
nection and how it is used to overcome the large beam training
overhead challenge, consider the example depicted in Fig. 1,
where a high-frequency basestation serves some users in its
surrounding environment. Without loss of generality, the bases-
tation is assumed to employ a well-calibrated high-frequency
antenna array !. Some users experience LOS connections with
the basestation in this environment, while others have NLOS
links. In a classical system operation, the basestation performs
beam training to identify suitable beams for each user. Two ex-
amples are illustrated in the “top-view” image in Fig. 1, namely
beams f; os and fypos. An important factor in the beam choice
is the user’s relative position with respect to the basestation.
For instance, f g is clearly a LOS beam, and it represents a
straightforward path between the basestation and the green SUV.
The NLOS beam fy os, does not point to the red car but to a
visible building (i.e., reflector) that leads to the red car. Although
simple, these observations highlight an important property that
could be utilized to address the beam-training challenge; both the
SUV and the building are in the field of view of the basestation

'Well-calibrated here means the array geometry is known, and no hardware
impairments are assumed, more on those issues could be found in [28], [29]
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~ Basestation
View

Fig. 1. An illustration of a high-frequency wireless communication system
and its environment. “Basestation View” depicts the environment from the
basestation perspective, showing some LOS users and possible LOS reflectors.
“Top View” shows the invisible part of that environment, i.e., NLOS users, and
the beamforming vectors used to serve LOS and NLOS users.

and are qualified as LOS objects. This suggests that detecting
those objects and understanding their roles could be key to
identifying the choice of beamforming vectors.

A high-frequency wireless system could tap into the advances
in the fields of computer vision and machine learning [30] to
realize the notion of detecting objects and understand their roles,
and perform vision-aided beam prediction. Abstractly, using a
machine learning algorithm designed for ViWiComm, the task
of predicting beams could be broken down into three stages:
scene analysis, object-role identification, and decision making.
The first stage is where the machine learning model directly
operates on the visual data to extract contextual information.
Referring back to Fig. 1, this is loosely equivalent to detecting
various objects of importance in the scene, like cars, buses,
pedestrians, trees, buildings, etc. Those objects are passed on
to the second stage, in which the machine learning attempts
to identify the roles of those objects relative to the wireless
system; this means labeling the objects in Fig. 1 as candidate
users, candidate reflectors, or candidate signal blockages. Such
labeling will be discussed under the concept of transmitter
identification in Section V. This will highlight that visual data
alone is not sufficient for identifying the transmitter in the scene.
Hence, the object-role identification stage requires augmenting
what has been learned from the previous stage with other sensory
data, such as wireless, LiDAR, or GPS data. Recognizing the
role of each object gets the machine learning ready to go into
the decision-making stage, where it selects the suitable beams
to serve the LOS/NLOS users.

C. Flow

This work presents a real-world study on realizing vision
-aided beam prediction and demonstrating its ability to tackle
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the beam-training challenge. The study is conducted in two
major phases: i) Beam-prediction in single-candidate settings,
where there is only one candidate user in the visual scene and ii)
beam-prediction in multiple-candidate settings, where multiple
objects/candidate users exist in the visual scene. The two phases
represent the evolution of the ViWiComm framework first pro-
posed in [7] from conception to real-world implementation in
realistic multi candidate user settings. This study takes advan-
tage of the recently developed DeepSense 6G dataset [19] that
reflect real wireless communication environments. The datasetis
designed for multimodal machine learning research in wireless
communication. It consists of various scenarios where multi-
modal sensing and communication data samples are collected
using a multi-sensor testbed; see [19] for more information.

III. SYSTEM MODEL

This paper adopts a system model that consists of a basesta-
tion, deployed on the sidewalk, and a vehicular mobile user,
similar to the system depicted in Fig. 1. The basestation is
equipped with a uniform linear array (ULA) with M elements,
a standard-resolution RGB camera, and a GPS. For practi-
cality [22], the basestation is assumed to employ analog-only
architecture with a single RF chain and M phase shifters. The
basestation adopts a predefined local beamforming codebook
F = {f,} |, where f; € CM*! and Q is the total number of
beams. This codebook spans a ULA field of view of +° along
the azimuth plane. Adopting an OFDM with a cyclic prefix of
length D and a number of subcarriers K, the received downlink
signal at the mobile unit is given by

yr = hifz + By, (1

where y;, € C is the received signal at the kth subcarrier, f € F
is the selected beamforming vector, h;, € CMx1 ig the channel
between the BS and the mobile unit at the kth subcarrier, x €
C is a transmitted complex symbol that satisfies the following
constraint E[|z|?] = P, where P is a power budget per symbol,
and finally f3, is a noise sample drawn from a complex Gaussian
distribution Nc (0, 0%). The choice of the beam is determined
using classical beam training, in which the basestation sweeps
the codebook F looking for the optimal vector f*. Formally, that
sweep could be expressed by

K
1
f* = argmax— Zlogz (1+SNR|h/f,?), (2)
f eF K h—1
where SNR is the signal-to-noise ratio. However, in LOS-
dominated system operation (almost single-path channels), (2)
could be approximated by

* 1 = Te |2
f arfgqren;lxK ; |hy £,]°. 3)
The channel model adopted throughout this paper is the
geometric mmWave channel model. This model choice comes as
a result of two facts: i) the model captures the limited scattering
property of the mmWave band [18], [31], and ii) the experimental
results in this paper are based on real measurements, which are
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captured well by the geometric model. The channel vector hy,
in (1) is given by

o)

-1

L
> age AR (dTs - ) a(On,00),  (4)
-l

.
Il

02

where L is number of channel paths, oy, 74, 04, ¢, are the path
gains (including the path-loss), the delay, the azimuth angle of
arrival, and the elevation angle of arrival, respectively, of the /th
channel path. Ty represents the sampling time while D denotes
the cyclic prefix length (assuming that the maximum delay is
less than D7Txg).

IV. SINGLE-CANDIDATE SETTINGS

This section starts the first phase of this study, where vision-
aided beam prediction is studied in a real wireless setting with
a single candidate user. These settings are the immediate and
natural extension to those in [7]. This phase is structured into
two parts. The first part includes the formal definition of the
single-candidate beam-prediction problem, the proposed deep
learning solution to that problem, and a brief discussion on the
practical challenges associated with that solution, motivating
the transition to the second phase of this study. The second
part of this phase presents a detailed evaluation of the proposed
solution on the real-world dataset, and it will be discussed in
Section VIII-A.

A. Problem Definition

The beam prediction task in single-candidate wireless settings
is defined as follows:

Given a wireless communication environment where there is only
one possible high-frequency transmitter, the vision-aided beam pre-
diction at the infrastructure is the task of predicting the optimal
beam indices from a pre-defined codebook by utilizing a machine
learning model and the images captured by the camera installed at
the basestation

Formally, the problem can be defined as follows. A dataset of
image-beam pairs (samples) is collected from real wireless envi-
ronments where each pair has an image with a single-candidate
transmitter and its best beamforming vector. This dataset could
be given by Dy, = {(Xu, £5)}V_, where X,, € RF>*WxC jg
the RGB image of the uth pair in Dy, with height H, width W,
and number of channels C, and U is the total number of pairs
in the dataset. At any time instant ¢, the objective of the single-
candidate beam prediction task is to find a prediction/mapping
function fg, that utilizes the available sensory data X[t] to
predict (estimate) the optimal beam index f[t] € F with high
fidelity. The mapping function can be formally expressed as

CX[t] — £t (5)

In this work, we design a deep learning algorithm to learn a
prediction function fg, parameterized by a set of parameters
O, from the dataset Dy, - The objective of the learned function
is to maximize the overall correct prediction probability over all
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samples in Dy, , which could be expressed as follows
U
5+ = max ]P’(f'u:f; Xu), 6
for =max 1] | (©)

where the product is the result of an implicit assumption that the
samples of Dy, are drawn independently from an unknown
distribution P (X, f*) that models the relation between X and
£*2.

B. Proposed Solution

The proposed deep learning solution leverages the impor-
tant parallel between vision and high-frequency communica-
tions, primarily focusing on Line-of-Sight (LOS) scenarios.
This emphasis on LOS is driven by two key factors: frequency
dependence and the effectiveness of the vision modality. At
higher frequencies (mmWave and sub-THz), the reliance on LOS
connections increases significantly as blockages can severely
degrade the SNR. Additionally, the primary modality in our
approach, vision, is inherently LOS-dependent. Our solution
attempts to learn beam prediction by identifying the user’s lo-
cation in the environment. A beam-steering codebook deployed
at the basestation induces sectoring of the wireless environment
across the azimuth plane [28], which can be projected onto the
image plane, resulting in visual sectors that could be regarded
as classes [11]. Given the assumption of a single candidate in
the environment, the user’s location in the image defines the
sector to which that user belongs, referred to as the object-sector
assignment. Therefore, the prediction function fo(X) should
learn such an assignment to predict the best beamforming vector.
While our current focus is on LOS scenarios, we acknowledge
the importance of Non-Line-of-Sight (NLOS) situations. In
NLOS scenarios, visual data can aid in 3D scene understanding,
helping to identify the geometry of relevant objects and the
location of probable reflective surfaces, potentially narrowing
down the beam search space even when the direct path is
obstructed.

Based on these considerations, this study proposes a modified
residual neural network (ResNet) [33], specifically ResNet-50 as
shown in Fig. 2. The architecture is pre-trained on the ImageNet
dataset and modified to incorporate a new M -class classifier
layer. This choice is rooted in two main facts: the effectiveness
of residual learning in building very deep architectures and the
strong performance of ResNets in various computer vision tasks.
Residual blocks, the fundamental element of ResNets, prevent
the performance degradation commonly associated with training
deep architectures. Additionally, ResNets have demonstrated
good performance in many computer vision tasks, including
image classification [33], object detection [34], and semantic
segmentation [35]. This versatility makes ResNet a suitable
choice for our beam prediction task, which requires both un-
derstanding the overall scene and identifying specific objects
within it.

2A common assumption in the realm of machine learning, see [32] for
example.
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Input Image

Fig. 2.
mmWave/sub-THz beam prediction in a single-candidate setting.

C. Challenges

The proposed ResNet architecture above is expected to face a
critical challenge when deployed in real mmWave environments.
The primary reason is the assumption of a single candidate user,
i.e., the proposed solution searches for a single candidate user
in the scene to assign to a sector. As a result, the proposed
solution is incapable of handling a scenario with multiple users.
For instance, when two vehicles are present in the image (the
wireless environment), and they belong to different visual sec-
tors, it is impossible to predict the beam without identifying the
roles of each vehicle (transmitter, moving blockage, or possible
reflector). This dilemma with multiple candidates is the building
block for the third phase of this study, which is discussed in the
following section.

V. MULTI-CANDIDATE SETTINGS

The interest in addressing the dilemma of beam prediction
in environments with multi-candidate users is at the center of
the second phase of this study. As discussed in Section IV-C,
a vision-aided beam prediction algorithm needs, in some way
or another, to realize the three-stage process described in Sec-
tion II-B. The key challenge in doing so is the ability to identify
the roles of every candidate in the environment and differentiate
the connected users from the other objects in the environment.
In order to deal with this challenge, we need to perform what
we call user identification in the visual scene by leveraging
other user attributes (that could also be captured using other
sensing modalities). In this section, we investigate this problem
and propose a DNN architecture to perform the task of beam
prediction in multi-candidate settings. This establishes the bases
for enabling vision-aided multi-user communications.

A. Problem Definition

The beam prediction task in multi-candidate wireless settings
is defined as follows:

Given a wireless communication environment where there are mul-
tiple objects that could visually constitute wireless transmitters,
the beam prediction task in multi-candidate settings is defined as

Scene Analysis + Object-Role Identification
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Decision Making

High-Level
Feature Pooling

Beam-Induced Sectoring

This figure illustrates the proposed machine learning-based vision-aided beam prediction model that leverages visual data captured at the basestation for

the problem of predicting the optimal beamforming vector from a
pre-defined beam codebook using a pool of multimodal data that
includes vision.

The task is formally defined as follows: Let VV be a v-tuple
of multimodal data samples that includes vision, i.e., V =
(X,g1,...,8y) Where g to g, are vectors containing the other
modality data samples. Then, a dataset of (v + 1)-tuples is col-
lected from a real wireless environment Dy,g, = {(Vu, £5)}Y_,
where U is the total number of samples in Dy, and £ is
the optimal beam in F associated with the uth v-tuple V,,. At
any time instant ¢, the objective of the single-candidate beam
prediction task is to find a prediction/mapping function fe, that
utilizes the available sensory data V[t] to predict (estimate) the
optimal beam index f[t] € F with high fidelity. The mapping
function can be formally expressed as

fo, : V[t] — f[t]. @)

In this work, we design a deep learning algorithm to learn
a prediction function fg, parameterized by ©,. This function
needs to maximize the probability of correct beam prediction
given the image and position data, i.e.,

U
15 :maxHP<fu:f;\v). 8)
fo, ot
Again, similar to the formulation of (6), the product in (8) is a
result of an implicit assumption that the samples of Dy, are
independent and identically distributed, i.e., follow the same
unknown joint distribution P (V, £*).

B. The Choice of Data Modalities for User Identification

From the definition above, the ultimate objective of beam
prediction in multi-candidate settings is still the same as that in
Section IV-A, developing a deep learning algorithm that predicts
optimal beamforming vectors; however, performing the beam-
prediction task requires more than visual data in those settings.
This is a direct consequence of the fact that multiple candidate
users share the same visual traits, see Section II-B and therefore,
their roles from the wireless system perspective cannot be visu-
ally determined. This calls for a secondary source of information
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optimal beam indices in a multi-candidate settings.

that could augment visual data, and the choice for such source
in this study is GPS (i.e., V = (X, g) where g € R? is a vector
of latitude and longitude coordinates). It is motivated by two
important observations. First, position information is intimately
related to visual information; GPS provides x-y coordinates for
objects in the 3-dimensional world, and an image is a projection
of that 3-dimensional world onto a 2-dimensional plane. Hence,
in some sense, the position data complements what is missing
in the visual data, which is the sense of distance. The second
reason is that position data is lightweight, making them easily
exchangeable between a basestation and its candidate user. It is
quite important to emphasize at this point that GPS (or position
data) is meant to augment visual data and not replace them. As
shown in [12], position data could be of help to beam prediction,
yet they lack a sense of surrounding; position data only indicate
where candidate users are, and they do not account for contextual
information (shapes and relations between those candidates).
For instance, visual data reflect information about the shape and
type of candidates (e.g., large vehicle, small vehicle, pedestrians,
etc.) and their relation to one another, which provide contextual
information to the machine learning algorithm.

C. Proposed Solution

This subsection presents the proposed solution for beam pre-
diction in areal-wireless environment with multiple transmitting
candidates. It proposes a novel approach that utilizes bimodal
visual and position data in Dy, to predict optimal beamforming
vectors. The proposed solution follows the three-stage sequence
outlined in Section II-B. More to the point, it breaks down the
function fo (X, g) into two major components: user (transmit-
ter) identification and beam prediction. The first component
utilizes visual data to detect relevant objects in the environ-
ment (i.e., scene analysis), then identifies the radio transmitter
among the objects using position data (i.e., object-role identifica-
tion). The second component takes in the extracted information
about the transmitter and its surrounding objects and predicts
the optimal beamforming vector (i.e., decision-making). Fig. 3
shows an schematic of the proposed architecture.

1) Transmitter Identification: The goal of the first compo-
nent of the proposed multi-candidate beam prediction solution is

Beam Prediction

The figure presents the proposed multi-modal machine learning based beam prediction model that leverages both visual and positional data to predict the

to identify the candidate transmitter in the image, i.e., transmitter
identification. For that task, a two-step architecture is proposed.
The first step of the proposed architecture relies on DNNs to
produce bounding boxes enclosing relevant objects in the scene.
It is performed to detect all the probable transmitting objects in
the environment. In the second step, the DNN uses position data
to filter out detected candidates that are not the radio transmitter.
A deeper look at the two-step DNN architecture is given below.

Bounding box detection: In order to detect the transmitting
candidate in real-wireless settings, the first step is to identify all
the relevant objects in the scene (scene analysis). A pre-trained
object detector is adopted for this purpose. The object detector
is modified to detect two classes of objects in the scene, labeled
as “Tx (transmitter)” and “No Tx (Distractors)”. The former
label encompasses all objects relevant to the wireless system in
the scene. For example, in a scene depicting a city street, rele-
vant objects include, but are not limited to, cars, trucks, buses,
pedestrians, and cyclists. The other label includes those cases
where no relevant objects are present in the scene. The modified
object detector is fine-tuned in a supervised fashion using a
subset of the manually labeled dataset described in Section VI-A.
In this work, a YOLOv3 architecture is selected for the bounding
box detection task. It provides accurate detection at a relatively
high frame rate, reducing inference latency. During inference,
the fine-tuned YOLOV3 model generates bounding boxes for the
detected candidates in the scene and their confidence scores. By
using those output boxes, the relevant-object matrix B € RV *2
is constructed such that each row has only the normalized
coordinates of the center of a bounding box, see Fig. 3.

Bounding box selection: In this step, both relevant-object
matrix B and position data are utilized to identify the proba-
ble transmitter in the scene. This process starts by learning a
prediction function that estimates the bounding box center of a
transmitter using its position information, encoding the relation
between object position in the 3D world and object location in
the image. The function is learned using a 3"¢-degree polynomial
regression model

IE\)Tx = WT ¢)7 (9)

where BTX € R2*! is a vector with an initial prediction of the
centers of a transmitter object, and W is an A X 2 parameter
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This figure presents the DeepSense 6G testbed 1 used during the data collection. It consists of a stationary and mobile unit. The stationary basestation

(unitl) is equipped with a mmWave receiver (60GHz band) and sensory suite (RGB camera, GPS, radar and LiDAR). The mobile unit, acting as a transmitter, is

equipped with a 60GHz quasi-omni antenna and GPS receiver.

matrix, the A x 1 vector ¢ is a feature vector obtained from
the 3"%-degree polynomial transformation of the predictors g,
with A denoting the number of unique monomials in a bivariate?
37d_degree polynomial, i.e., A = 9. The parameter matrix W is
learned from the dataset Dy,g,—more on the training of this
model in Section VII—and once it is learned, the model could
be used to get an initial estimate on the center of the transmitter
bounding box. Since BTX is aninitial estimate that solely relies on
position data, itis not expected to be a final prediction but merely
a guide. It is used in conjunction with the relevant-object matrix
B toidentify (or select) the object responsible for the radio signal
(transmiitter). This is done using the nearest neighbor algorithm
with an Euclidean distance metric. In other words, the row of B
with the shortest distance to by is picked as the nearest neighbor
and, hence, the predicted user (transmitter).

2) Beam Prediction: The second component of the proposed
solution is a feed-forward neural network that predicts the
optimal beam given the identified transmitter. That this com-
ponent has enough contextual information from the previous
one makes it capable of realizing the third and last stage of
the three-stage sequence, which is decision-making. A 2-layer
feed-forward neural network is developed to perform that beam
prediction task. In particular, the prediction task here is posed as
a classification problem. The input to the network is the center
coordinates of the identified transmitter, and the output is the
best beam in the codebook F .

VI. DEVELOPMENT DATASET

As the cornerstone of this study is to answer Q.1 and Q.2
in Section I, an experimental setup is built around multi-modal
real-world sensor measurements collected from real wireless
environments as shown in Fig. 4. This is done by utilizing the
publicly available DeepSense dataset [19] and constructing a
large development dataset with tuples of RGB images, mmWave
beams, GPS positions, and bounding boxes for the transmitters
and distractors. The considered scenarios from DeepSense and
the constructed final development datasets are discussed below.

31t is bivariate because the vector of predictors g is 2 dimensional, see [32],
[36] for more information on polynomial regression.

A. Communication Scenarios and Development Dataset

The DeepSense 6G dataset provides a variety of out-
door wireless communication scenarios with different data
modalities [19]. To evaluate the two-beam prediction problems
defined in Sections IV and V, we select scenarios 1 to 8 from
the DeepSense dataset. They represent eight outdoor wireless
environments with vehicles as the main candidate transmitters.
Furthermore, the scenarios were collected at different times
of the day and in varied weather conditions to increase the
overall diversity of the dataset. All eight scenarios contribute
a total of ~ 18000 data samples, each of which is a tuple
of RGB image, mmWave received power, and GPS position,
and across all of them, the wireless system deploys a beam-
steering codebook of 64 beams. In Fig. 5, we present the
data samples from the 8 different scenarios of the DeepSense
dataset. The proposed beam prediction tasks and their solu-
tions mandate slightly different types of communication sce-
narios and data modalities. Therefore, the raw dataset passes
through a processing pipeline to filter out data samples unrelated
to a particular task. This leads to two different development
datasets, one for each task. The details of this process are given
below:

Single-candidate dataset: The task defined in Section IV
requires data collected from the wireless environment with a
single candidate in the FoV of the basestation. The first step
in generating the development dataset is to filter out samples
that do not fit the single-candidate setting from the raw dataset.
This is done by manually examining the vision data of each
DeepSense scenario. Doing so would show that scenarios 5,
6, 7, and 8 have some multimodal data that pertain to the
single-candidate setting. Table I lists those scenarios and the
number of samples they contribute to the development dataset.
The selected samples undergo a second processing step, in which
only visual and wireless data is retained. The task relies on
visual data as inputs and optimal beams as targets (labels);
therefore, only RGB images and mmWave received power data
are picked from the modalities of each scenario. The power data
go through one extra step to generate the optimal beams. Each
received power vector is first downsampled to 32 elements by
selecting every other element in the vector. Since the basestation
receives the mmWave signal using an oversampled codebook of
64 pre-defined beams, the downsampling does not affect the
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Fig. 5.

This figure shows the image samples from the different scenarios in the DeepSense 6G dataset. As shown in this figure, scenarios 1 — 4 are multi-candidate

scenarios, i.e., more than one objects-of-interest (vehicles) are usually present in the FoV of the basestation and have been utilized to investigate the multi-candidate
beam prediction problem statement. Scenarios 5 — 8 primarily consists of a single object and is useful for evaluating the performance of the proposed sensing-aided

single-candidate solution.

TABLE I

SINGLE-CANDIDATE AND MULTI-CANDIDATE DATASET

. . Number of Samples Speed Distribution

Dataset Location Time of Day |- iing | Validation | Mean (km/h) | StdDev (km/h)
Tyler Parking (Scenario 5) Night 1817 736 18.34 10.11
Single-Candidate Lot-59 Parking (Scenario 6) Day 812 348 17.97 7.38
g Downtown Chandler (Scenario 7) Day 641 275 43.12 5.73
Bio-design (Scenario 8) Day 3077 1320 48.92 5.35
McAllister Ave. (Scenario 1) Day 1904 816 19.35 2.95
. . McAllister Ave. (Scenario 2) Night 2197 942 31.35 2.14
Multi-Candidate | —p =R q (Scenario 3) Day 1120 77 06.14 T6.71
Rural Rd. (Scenario 4) Night 1363 592 13.31 2.34

total area covered by the beams. This implies that the effective
size of the codebook in this paper is @) = 32. Then, out of the
32 elements per vector, the index of the beam with maximum
received power is selected as the optimal beam (as described in
Section III and given by (3)). The final outcome of this pipeline
is a dataset Dyyg, = {(X, *), }2, where U; ~ 9000 .

Multi-candidate dataset: The multi-candidate task requires
data samples collected from a wireless environment with mul-
tiple candidates. Thus, similar to the single-candidate dataset,
the raw dataset is examined to identify the multi-candidate
samples. This reveals that Scenarios 1, 2, 3, and 4 are more
suited for multi-candidate settings, see Table I for more details.
As described in Section V, the development dataset for this
task requires the preparation of data tuples of RGB images,
GPS position, and mmWave optimal beams. This means the
extra step from the single-candidate dataset is also applied
here to obtain the optimal beam indices for each data sam-
ple, i.e., downsampling and using (3). The final outcome of
this simple pipeline is a dataset Dy, = {(Va, £*)u 1[1,]2:1 where
U, =~ 9500.

The two development datasets above are used to train and eval-
uate the performance of the proposed solutions. Both datasets
are further divided into training and validation sets with a split
of 70 — 30%. The details of the experimental setup are provided
in the next section, while Section VIII is devoted to discussing
the performance of the proposed solutions.

VII. EXPERIMENTAL SETUP

This section first presents an overview of the model training
process and the hyper-parameters utilized to train the proposed
machine learning model for both single-candidate and multi-
candidate settings. Next, we discuss the metric used to evaluate
the beam prediction performance of the proposed solution. All
the experiments are performed on a single NVIDIA Quadro RTX
6000 GPU using the PyTorch deep learning framework.

Network Training: In Section IV-B and Section V-C, we
proposed two different machine learning-based models for
the single-candidate and the multi-candidate settings, respec-
tively. Both the proposed solutions utilize the cross-entropy
loss with Adam optimizer to train the models. The detailed
hyper-parameters used to fine-tune the models are presented in
Table II.

Single-Candidate: As described in Section IV-B, the pro-
posed vision-aided beam prediction solution adopts an ImageNet
pre-trained ResNet-50 object classification model. The model
is further modified by removing the last output layer and re-
placing it with a fully-connected layer with M = 32 neurons.
The proposed model is trained in a supervised manner with a
dataset Dy, , comprising RGB images and its corresponding
ground-truth beam index.

Multi-Candidate: The multi-candidate proposed solution
consists of two major components, namely, i) transmitter
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TABLE II
DESIGN AND TRAINING HYPER-PARAMETERS

Parameters |  ResNet-50 MLP
Batch Size 32 32
Learning Rate 1x 104 1x 102

Learning Rate Decay epochs 4 and 8 epochs 20 and 40

Learning Rate Reduction Factor 0.1 0.1
Dropout 0.3 0.3
Total Training Epochs 15 50
Number of Output Nodes (M) 32 32

identification and ii) beam prediction. The transmitter identifica-
tion component consists of a pre-trained YOLOv3 model, which
is further fine-tuned in a supervised fashion using a subset of
manually labeled dataset Dy, . During inference, the YOLOvV3
model is used to detect all the relevant objects and extract the
bounding boxes of those objects. The proposed solution utilizes
the user’s positional data to select the most probable bounding
box. After identifying the probable transmitter, the bounding
box center coordinates, BTX, are then provided as input to the
proposed feed-forward neural network. The proposed machine
learning model is then trained in a supervised fashion using the
ground-truth bounding-box coordinate and the corresponding
beam index.

Evaluation Metric: , we present the details of the metric
adopted to evaluate the efficacy of the proposed solution. The
primary metric adopted for evaluation is the top-k accuracy. The
top-k accuracy is defined as the percentage of the test samples
where the ground-truth beam is within the top-k predicted
beams. In this work, we utilize the top-1, top-2, top-3, top-4,
and top-5 accuracies to compute the prediction performance of
the proposed solution. In Section VIII, we present the in-depth
evaluation of the proposed solution for both single-candidate
and multi-candidate settings.

VIII. EXPERIMENTAL RESULTS

The performance of the proposed ViWiComm beam pre-
diction solutions is studied in this section. The discussion is
divided into two parts. The first will discuss the performance of
the proposed DNN in single-candidate settings. It will high-
light the main advantages and shortcomings of ViWiComm
for beam prediction, setting the stage for the discussion on
the multi-candidate setting. The second part will focus on the
multi-candidate settings and show how the proposed solution
can handle the beam prediction task in those practical settings.

A. Single-Candidate

The beam prediction performance of the proposed solution
is studied from two different standpoints, machine learning
and wireless communication. The first perspective includes
experiments that evaluate the performance of the proposed
DNN architecture from different machine-learning angles, e.g.,
performance per location, number of data samples needed for
training, etc. Those experiments use machine learning metrics
such as top-k accuracy, where k € {1,2,3,4,5} is the accuracy
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rank, and confusion matrices. The second perspective attempts
to translate the results of the machine learning evaluation into
results pertaining to the wireless system performance, such
as studying the implications of beam-prediction failure on the
wireless receive power.

1) Machine Learning Perspective: The proposed DNN ar-
chitecture is evaluated on the single-candidate dataset. This
evaluation investigates three important questions: i) Does the
proposed DNN perform consistently across different wireless
environments? ii) Are there any advantages to training the
proposed DNN on several environments simultaneously? Fur-
thermore, iii) how many data samples are needed to learn the
beam prediction in single-candidate settings, in general?

Could the DNN have consistent performance across different
environments (scenarios)? This question attempts to identify
whether the proposed DNN can achieve similar single-candidate
beam-prediction performance across different wireless environ-
ments or not. Fig. 6 addresses the question by training and testing
the DNN on each scenario individually and two combinations
of scenarios. The first thing one might observe from the figure
is how volatile the top-1 performance looks across different
environments, ranging from =~ 67% to ~ 84%. This could be
attributed to the difference between the wireless environments.
The four scenarios represent four different physical locations and
two different times of day, i.e., scenario 5 represents a wireless
environment operating at night. The fluctuation might initially
seem alarming, for it suggests a sense of uneven DNN perfor-
mance. However, a closer look at the top-3 and 5 performances
negates that suggestion; for it shows that the DNN could produce
consistent or nearly uniform performance. From the figure, the
DNN registers almost the same accuracies across locations and
times of day, ranging from ~ 92% to ~ 99% for top-3—the
implications of this will be further explored in Section VIII-A-2.

What is the gain of learning from multiple scenarios? Even
more interesting than the consistency of the DNN performance
is the impact of combining scenarios on that performance. The
bars of “Day Combined” and “Total” in Fig. 6 indicate two
intertwined facts: i) A model can be shared across environments
and ii) combining data samples could help improve the top-1
performance on each scenario. When the DNN is trained on
a combined dataset (whether combining scenarios having the
same time of day or combining all), it achieves a top-1 perfor-
mance that is better than the top-1 performance of three of the
individual scenarios. It is observed that in the “Total” case, the
top-1 accuracy is higher than those of individual scenarios, i.e.,
scenarios 5, 6, and 7. This not only indicates that a single model
could be trained for multiple scenarios simultaneously but that
combining scenarios can even help in improving the learning
process. At first glance, one could be tempted to attribute this im-
provement to the unbalanced data contribution of each scenario,
see Table I; scenario 8 with its 1320 validation samples may
bias the top-1 performance of the combined dataset. However,
this is not the case, and the improvement is a result of the
improved learning process for the DNN. Fig. 7(a) corroborates
this conclusion. It compares the top-1 accuracy of the DNN
when it is trained on each scenario individually and on all
four scenarios combined, i.e., training on individual scenarios
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separately and testing on individual scenarios or training on all
scenarios together and testing on individual scenarios.

How many training samples are needed? This interesting
question could be seen as a natural follow-up to the previous
discussion, for it ponders the computational cost of that perfor-
mance. Fig. 7(b) provides an answer to that question. It plots
the top-1 and top-5 accuracies versus the number of training
samples used for two scenarios. An obvious observation from
the figure is that approximately 30% of the total training samples
is enough to achieve the reported top-1 performances in Fig. 6
and even less than 30% is needed for top-5. Under the surface
of this observation lies a more interesting takeaway. The figure

Top-k accuracies (k € {1,2,3,5}) of the proposed DNN across all four single-candidate scenarios and two choices of combining, combining day time

consolidates the earlier conclusion on the role of combining
scenarios in achieving improved performance. Adding more data
samples (more than the 30%) does not have much of an impact
on the performance of the DNN. This means the improvement
observed after combining the scenarios is actually a conse-
quence of an improved learning process and not an increased
number of data samples.

2) Wireless Communication Perspective: This perspective
focuses on the implications of the performance of the proposed
DNN on the wireless system. More specifically, it attempts to
answer two critical questions: 1) What are the implications of
predicting the wrong beam? Moreover, ii) how much of an
impact does mis-prediction have on the wireless system?

What are the implications of mis-predictions? The previous
results in Fig. 6 indicate that the prediction of the proposed
solution deviates from the optimal beam between ~ 16% to ~
33% of the times (based on top-1 accuracy). This may seem
concerning at first, yet, as discussed earlier, a closer look at
top-3 or top-5 accuracies shows a much slimmer margin of error,
~ 8% to ~ 1%. This means that a wireless system may not need
to rely exclusively on the proposed DNN, obsoleting classical
beam training. Instead, the system could use the top-3 or top-5
beams in conjunction with some lightweight beam training; it
trains the wireless user on the predicted top-3 or top-5 beams to
determine the optimal one, which adds a level of robustness to
the system operation.

What if only the top-1 prediction is used? This is an interesting
question as it encourages a dive into the effect of mis-prediction
on the wireless system. Fig. 8 is one way to address that question.
Its subfigures are obtained on the case of training and testing
the DNN on all scenarios at the same time (case of “Total” in
Fig. 6). The confusion matrix, Fig. 8(a), suggests that even when
the DNN misses, its top-1 prediction is likely to be one of the
neighboring beams, e.g., if the optimal beam is 15, the DNN
is most likely to predict beams between 14 and 16. Below the
surface, such mis-prediction is not costly; neighboring beams
are expected to achieve reasonable wireless performance. This
is verified by Fig. 8(b). It shows a scatter plot for the top-1
received power versus the ground-truth received power. The
figure indicates that the neighborhood of the optimal beam
registers a similar level of received power. Hence, predicting
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Fig. 8. (a) shows the confusion matrix of beam prediction. (b) illustrates the
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a neighboring beam achieves almost the same received power
as the optimal beam. This is quantified on the figure using the
R2-score.

B. Multi-Candidate Beam Prediction

This section focuses on the practical case of beam prediction
in multi-candidate settings. As mentioned in Section V-C, the
proposed solution has two components, transmitter identifica-
tion, and beam prediction. Hence, the performance evaluation
here is divided into three subsections. The first one evaluates the
performance of the transmitter identification component, and the
other two evaluate the beam prediction performance in a similar
way to that presented in Section VIII-A, namely from machine
learning and wireless communication perspectives.

1) Transmitter Identification: As described in Section V-C,
this component performs scene analysis and object-role iden-
tification. In particular, it attempts to identify the target user
in the visual scene (from the other objects/distractors). The
performance of transmitter identification is evaluated on the
multi-candidate dataset before the component is integrated with
beam prediction. Fig. 9 shows seven confusion matrices for
transmitter identification, four for individual scenarios and three
for different combined scenarios. Overall, the matrices display
high true positive and negative rates, which do not go below
~ 90%. This indicates a good precision-recall performance re-
gardless of the location or time of day a scenario represents. For
instance, when all four scenarios are combined (case of “All” in
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the figure), the proposed DNN achieves a precision of ~ 91% ata
recall of 93%. Such good precision-recall performance translates
to high confidence in the proposed DNN to identify transmitters
in various wireless environments and lighting conditions.

2) Machine Learning Perspective: The two-component
DNN is evaluated on the multi-candidate dataset, and the focus
of this evaluation is still the same as that of Section VIII-A-1.

Could the DNN have consistent performance across scenar-
ios? Addressing this question is even more interesting in multi-
candidate settings than it is in single-candidate settings, as they
are the epitome of practical wireless environments. Fig. 10 shows
the top-k beam prediction accuracies over all four scenarios
and three different combinations of them. The first thing one
could observe there is a slight performance degradation across
all variants of the top-k metric. The primary reason behind the
reduction in model performance is the multi-candidate nature
of these scenarios (i.e., various relevant objects appear in the
RGB image). It makes the beam-prediction task much more
challenging than single-candidate. Identifying the user (trans-
mitter), in these cases, is no longer straightforward, as evident
from the confusion matrices in Fig. 9. However, a closer look at
the top-3 and 5 accuracies highlights the following. Compared to
the single-candidate settings, top-3 accuracies fluctuate within a
range of 10% (a 3% increase over that in single-candidate), and
top-5 accuracies register a range of ~ 5% (a 4% increase over
that of single-candidate). These numbers, overall, are quite en-
couraging because they indicate a fairly consistent performance
considering the increased challenge in multi-candidate settings.

What is the gain of learning from multiple scenarios? Com-
bining scenarios and training the proposed DNN does not result
in the same improvement in performance seen in the single-
candidate case. In fact, combining seems to yield the same or
slightly degraded performance as opposed to individual scenar-
ios, as shown in the bars “Day Comb.”, “Night Comb.”, and
“Total” of Fig. 10. The reason for this could be traced back to
the bottleneck of the proposed DNN, which is the transmitter
identification component. Owing to its reliance on position data
that are inherently noisy* and the presence of multiple candidate
transmitters in an image, a transmitter might not be correctly
identified. Despite how rarely this happens, when it does, it leads
to significant mis-prediction. This clarifies that mis-identifying
the transmitter often leads to critical performance loss as the
predicted beam is not in the neighborhood of the optimal one.

How many training samples are needed? The previous dis-
cussion has extended the findings from single-candidate beam
prediction to multi-candidate cases. More specifically, the pro-
posed DNN displays consistent performance across different
scenarios, and the model can be trained on multiple scenarios
simultaneously. In parallel to the single-candidate discussion, it
is important to establish how many training samples are required
to get those results. Fig. 11(b) presents two examples for training
on scenarios 1 and 4. The top-1 accuracies for both examples
require approximately 50% of the training samples in each sce-
nario to achieve the reported performance in Fig. 10. Compared

4GPS data do not guarantee zero positioning error. They provide latitude and
longitude information within a certain error range.
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candidates with similar visual traits.

The confusion matrices on all case studies in the multi-candidate settings. Each matrix quantifies the likelihood of identifying a transmitter in a group of
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Fig.11.  Adeeperdive into the performance of the proposed DNN. (a) explores
the impact of combining data samples from different scenarios. (b) sheds some
light on how many training samples are required to get the performances in Fig. 6.
(a) Individual versus combined. (b) Accuracy versus percentage of samples used.

Top-k accuracies (k € {1,2,3,5}) of the proposed DNN across all four multi-candidate scenarios and three choices of combining, combining day time

with the need for 30% of the samples in the single-candidate
settings,they highlight the difficulty of the beam prediction in
multi-candidate settings.

What is the impact of transmitter identification accuracy on
beam prediction accuracy? The proposed multi-candidate beam
prediction solution involves first utilizing the visual data and
position data to identify the transmitter (user) in the scene, i.e.,
extract the bounding box coordinate of the transmitter. These
bounding box coordinates are then provided as input to the next
stage, where we predict the optimal beam index. However, the
transmitter identification stage is highly dependent on the quality
of the GPS data. Therefore, to truly study the impact of noisy
GPS data and the transmitter identification stage on our overall
beam prediction accuracy, we conduct a new experiment. In
this experiment, instead of inputting the predicted bounding
box coordinates, we provide the ground-truth coordinates of
the transmitter. This removes the variability of the first stage.
Fig. 12 presents a bar plot comparing the top-1 accuracy of our
approach when using the ground-truth bounding box coordinates
(Ground-truth Bbox) and the predicted bounding box coordi-
nates (Predicted Bbox) for each multi-candidate scenario. The
results show that, as expected, the beam prediction performance
increases by approximately 1%-10% for the scenarios when
using the ground-truth bounding box coordinates. The most
significant improvement is observed in scenario 3, where the
top-1 accuracy increases from 64.55% to 71.51%, a difference
of 10.78%. Scenario 4 also shows a notable improvement of
5.41%, with the top-1 accuracy increasing from 68.93% to
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Fig. 13. Top-1 accuracy comparison between the proposed vision and
position-based approach and the position-only solution for beam prediction in
multi-candidate scenarios across four scene instances.

72.66%. Scenarios 1 and 2 exhibit smaller improvements of
2.74% and 0.94%, respectively. These findings highlight two
important points: i) accurate position data can help improve the
top-1 beam prediction accuracy, and ii) even with noisy position
data, the transmitter identification stage and beam prediction
stage perform well, and the increase in accuracy is marginal in
certain scenarios. This suggests that while the quality of GPS
data plays an important role, the proposed approach is robust
enough to handle noisy position data.

How does the proposed multi-modal approach compare to
the position-only solution in multi-candidate scenarios? We
propose a novel approach that combines both vision and position
information. Our method first uses the position data to identify
the correct transmitter among the candidates and then predicts
the optimal beams based on the bounding box coordinates of
the identified transmitter. To evaluate the performance of our
proposed approach, we compare its top-1 accuracy to that of the
position-only solution adapted from the previously published
study [37] across four diverse scenarios, as shown in Fig. 13.
In [37], the authors employed a feed-forward neural network
with three hidden layers consisting of 256 nodes each. The
network was trained for 60 epochs using cross-entropy loss
and Adam optimizer with an initial learning rate of 0.01 and
a multi-step learning rate scheduler that multiplied all learning
parameters by 0.2 at epochs 20 and 40. It is important to note
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Fig. 14. Beam prediction accuracy versus transmitter speed categories for
(a) Scenario 2 and (b) Scenario 3. The plots show Top-1 to Top-5 accuracies for
low, medium, and high-speed transmitters, demonstrating the impact of speed
on prediction performance in different environments.

that the results presented here for the position-only solution are
based on the same scenario data and with a codebook size of 32
beams, identical to the setup used in our paper. In scenario 1, our
vision and position-based approach achieves a top-1 accuracy of
76.35%, outperforming the position-only accuracy by 7.02%.
The performance gap becomes more significant in scenario
2, where our approach surpasses the position-only accuracy
by 32.36%. The advantage of incorporating visual information
becomes even more evident in the challenging scenarios 3 and
4. In these environments, the position data alone struggles to
accurately predict the optimal beams. In contrast, our vision and
position-based approach attain much higher top-1 accuracies,
representing substantial improvements over the position-only
solution. These results highlight the robustness of our proposed
approach in handling multi-candidate scenarios.

What is the impact of transmitter speed on beam prediction
accuracy, and how can we address real-time inference chal-
lenges? Given the dynamic nature of wireless environments, it
is important to consider the impact of transmitter speed on beam
prediction accuracy. To analyze this, we estimate the speed of
each transmitter by calculating the distance traveled between
three consecutive samples: the previous sample, the current
sample, and the next sample. We use the Haversine formula
to compute the distance between the latitude and longitude
coordinates of these samples. Considering a sampling time of
100 ms between each sample, we calculate the speed by dividing
the total distance traveled by 200 ms (the time span of the three
samples). For each scenario, we calculate the speed mean (u)
and standard deviation (¢). Using these statistics, we divide the
transmitters into three speed categories: i) low-speed transmit-
ters with speeds less than or equal to p — o; ii) high-speed
transmitters with speeds greater than or equal to u + o; and
ii1) medium-speed transmitters with speeds between those of
low- and high-speed transmitters. Fig. 14 presents the beam
prediction accuracy versus the transmitter speed category for
scenarios 2 and 3. In both scenarios, we observe a trend of
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decreasing top-1 accuracy as transmitter speed increases. For
scenario 2, the accuracy ranges from 84.89% for low-speed
to 79.47% for high-speed transmitters, while for scenario 3, it
ranges from 76.92% to 65.04%. The impact of speed on accuracy
is more pronounced in scenario 3, particularly for high-speed
transmitters. Despite the decrease in top-1 accuracy, the top-5
accuracy remains consistently high across all speed categories
in both scenarios, often reaching or approaching 100%. This
indicates that our approach maintains robustness even for faster-
moving transmitters, as the optimal beam is typically included
within the top 5 predictions. It is important to note that real-time
inference presents additional challenges beyond accuracy. The
entire processafrom data capture and processing to inferenceain-
troduces latency, which is further exacerbated by increased
mobility requiring more frequent beam training. To address this
latency concern and achieve real-time or near real-time beam
predictions, a promising solution is to proactively predict future
beams. By leveraging additional sensing modalities like vision
and position to understand mobility patterns and anticipate
probable blockages, we could predict optimal beams 300—
500 ms in the future. This proactive approach has the potential
to mitigate latency issues and maintain high accuracy even in
highly mobile scenarios.

3) Wireless Communication Perspective: Next, we investi-
gate the performance from wireless perspective and draw some
insights about the system operation.

What are the implications of mis-predictions? The findings
in Section VIII-B-2 indicate a slight dip in the beam prediction
accuracies, especially top-1 accuracy. The implications of that
on the wireless system performance could be explored further
with the confusion matrix in Fig. 16(a). The first thing to observe
from the figure is that most predictions identify the optimal
beam or a beam in its neighborhood. This means that robust
beam prediction could still be achieved with lightweight beam
training and the top-5 predictions of the DNN, as in the single-
candidate settings. However, in contrast to the confusion matrix
in Fig. 8(a), there is a higher likelihood of seeing predictions far
from the ground truth. This is evident from the number of bright
spots scattered around the diagonal of the matrix. They are a
direct consequence of the catastrophic mis-predictions resulting
from misidentifying the transmitter.

How does the codebook size impact beam prediction
accuracy? This question aims to understand the effect of varying
the number of beams in the codebook on the performance of our
proposed DNN. While our primary results utilize a 32-beam
codebook, we conducted an additional analysis to compare this
with a 64-beam codebook. Fig. 15(a) addresses this question by
presenting the top-1 accuracy for both codebook sizes across
scenarios 1-4. The figure reveals a consistent difference in
accuracy between the two codebook sizes. For example, in
scenario 1, the top-1 accuracy decreases from 76.35% with 32
beams to 58.01% with 64 beams. This reduction in accuracy
is observed across all tested scenarios. The performance
difference can be attributed to the reduced complexity of the
classification task with fewer beams. However, it is crucial to
note that this difference in beam index prediction accuracy does
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Fig. 15.  (a) Comparison of beam prediction accuracy for codebook sizes 32
and 64 across four scenarios. (b) comparing the receive power of the top-1
predicted beam for both codebook sizes. (a) Confusion matrix. (b) Power scatter
plot.

not necessarily translate to a significant difference in receive
power performance. To investigate this further, we conducted
an additional analysis comparing the receive power of the top-1
predicted beam for both codebook sizes, focusing on scenario
1 as a representative case. As shown in Fig. 15(b), there is a
strong positive correlation (R2-Score = 0.96989) between the
power values predicted using 32-beam and 64-beam codebooks.
This high correlation indicates that despite the difference in
beam index accuracy, both codebook sizes tend to predict
similar receive power levels. This analysis highlights the
complex trade-offs between prediction accuracy, computational
efficiency, and beam resolution in practical implementations.
What if only the top-1 prediction is used? The impact of
mis-predictions in multi-candidate settings becomes clear when
a wireless system relies only on top-1 predictions. Figs. 10
and 16(a) have hinted to the phenomenon, but neither has
explored its direct impact on the wireless system performance,
and as such, Fig. 16(b) attempts to bridge that gap and round
out this analysis. It shows a power scatter plot similar to that
presented in Fig. 8(b). The plot shows a wider cluster of blue
points, resulting in a smaller R?>-score compared to the single-
candidate settings. This score directly reflects the impact of
catastrophic mis-prediction; the phenomenon produces beam
predictions with very low received power. For instance, the
lower half of the y-axis (Top-1 Power) shows some exam-
ples where the received power of a top-1 predicted beam is
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power. (a) Confusion matrix. (b) Power scatter plot.

~ 0.1. In contrast, the ground truth beam produces received
power in the range of 0.3 to 0.7, i.e., ground truth power is
3 to 7 times higher than the predicted beam. Such observa-
tion emphasizes the importance of augmenting a ViWiComm
system with lightweight beam training in practical wireless
environments.

IX. CONCLUSION

This paper presents a machine learning framework specifi-
cally designed to address the challenges of realistic scenarios
in highly mobile mmWave/sub-THz wireless communication
systems with multiple probable transmitting candidates. The
proposed solution utilizes visual and positional data to predict
optimal beam indices, effectively reducing the beam training
overhead associated with adjusting narrow beams of large an-
tenna arrays. Experimental evaluation on the DeepSense 6G
dataset demonstrates that the proposed solution can achieve
between 67 — 84% top-1 and close to 100% top-5 beam pre-
diction accuracy for single-user scenarios and 65 — 80% top-1
and approximately 95% top-5 beam prediction accuracy for
multi-object scenarios while accurately identifying the probable
transmitting candidate with over 93% accuracy. An important
area for future work is ensuring the generalizability of the trained
model to unseen scenarios, further enhancing its applicability
in real-world mmWave/sub-THz wireless communication net-
works.
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