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ABSTRACT This paper uses machine vision (MV) to assist communication in wireless networks, with
a specific focus on intelligent reflecting surface (IRS)-assisted wireless systems. Instead of relying on
traditional schemes such as alternating optimization or semidefinite relaxation, which are computationally
expensive and often impractical, we use visual data to enable low-complexity beamforming decisions for
users. Our approach employs a ceiling-mounted camera with a fish-eye lens to cover a wide communication
area. Users within the network are first detected using an object detection method. We then propose
closed-form analytical expressions to determine the distances between the access point (AP), users, and
IRS. To address the non-uniform distortion inherent in fish-eye images, we introduce a novel method
for determining non-uniform pixel weightings using trigonometric techniques. Based on the calculated
distances, beamforming decisions are made according to the user’s proximity to the AP or IRS. Furthermore,
we extend the application of MV to a multiuser IRS-assisted scenario, where we propose grouping users
into either two or three categories. Using these visually identified groups, we simplify and solve the IRS
optimization problem by considering only the constraints relevant to each category. Simulation results
demonstrate that the proposed MV-based scheme for IRS achieves a significantly lower computational cost
compared to benchmark schemes, while maintaining comparable performance.

INDEX TERMS Adaptive decision, beamforming, intelligent reflecting surface, low complexity, machine

vision, multiple-input multiple-output, multiuser, view to communicate.

. INTRODUCTION
A. INTELLIGENT REFLECTING SURFACE

HE intelligent reflecting surface (IRS), a promising

technology, is envisioned to contribute controllable
reflecting channels to enable spectrum- and energy-efficient
communication in next-generation wireless communication
systems [2]. Specifically, the IRS is a metasurface containing
several meta-elements that allow it to change its material
properties in real-time, resulting in controllable reflecting
channels [2], [3], [4], [5]. To maximize the signal strength
at the receiver in an IRS-assisted wireless network, a large
number of reflecting elements at the IRS demand appropriate
phase shift values, which is a computationally expensive task
from the optimization point of view [2].

B. SINGLE-USER IRS: RELATED WORK AND
CONTRIBUTIONS

The literature is rich with beamforming schemes, i.e.,
the optimization of phase shifts, for IRS-assisted wireless

networks [6], [7], [8], [9], [10]. Commonly used methods to
optimize the IRS phases fall into three categories: (i) iterative
methods such as alternating optimization (AO) [7], [8];
(i1) general-purpose convex solvers, e.g., CVX [9], [11];
and (iii) heuristic schemes [10]. Among these, AO and
CVX-based methods deliver better beamforming solutions,
but their computational complexity, in particular that of the
underlying semidefinite relaxation (SDR), is very high [10]
and is therefore unsuitable for the practical implementation
of IRSs.

A heuristic approach named adaptive selection beamform-
ing (ASB) was proposed in [10]. It is (i) non-iterative
and (ii) free of general-purpose convex solvers, providing
performance close to that of AO and SDR while reducing the
computational cost by up to 70% relative to AO.' The scheme

'Numerical comparisons against SDR are omitted because of its very high
computational cost.

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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we propose in this paper’ is even less computationally
expensive than conventional ASB. This improvement is made
possible by integrating machine vision with communication,
as detailed in the following subsection.

C. MACHINE VISION AND COMMUNICATION

The integration of machine vision and communication theory
holds the potential to enhance the performance of various
applications [12]. This synergy can be explored in two main
directions. The first one, known as communicate-to-view
(C2V), involves using RF signals-based data to enhance
visual applications. While traditional computer vision relies
on visible light data, using RF signals with various frequen-
cies offers distinct advantages, such as increased diffraction,
which can enhance the resolution of imagery for distorted or
occluded objects [13].

The second direction, view-to-communicate (V2C),
focuses on using visual data to improve communication
networks. Given the high data speeds demanded by next-
generation communication systems, there is a pressing need
for computationally efficient algorithms that can rapidly esti-
mate channels and process data. Machine vision emerges as a
promising tool for achieving these goals. For instance, visual
data can be employed to predict future channel behaviors and
patterns of mobile blockages, so enhancing decision-making
processes [14].

The proposed work in this paper primarily aligns with
the V2C direction. Specifically, in this work, we exploit
visual information to make a low-complexity beamforming
decision for IRS-assisted wireless networks. The meaning of
the beamforming decision is elaborated in later sections.

D. MULTIUSER IRS: RELATED WORK AND
CONTRIBUTION
As in the single-user case, several works have studied IRS
optimization in the multiuser scenario for various objectives.
For instance, the authors of [15] propose optimizing the
IRS elements to maximize the signal strength at the user;
reference [16] proposes optimizing the IRS to improve the
rank of multiple-input multiple-output (MIMO) channels;
reference [17] studies IRS optimization to provide uniform
performance among users; reference [18] optimizes the IRS
to implement passive modulation; references [19] and [20]
optimize the IRS to enhance interlayer multiplexing gains;
and reference [21] proposes optimizing the IRS elements to
jointly enhance communication and sensing performance.
These studies use common methods such as SDR [22],
manifold optimization [23], gradient descent [24], and suc-
cessive convex approximation [25] for continuous variables,
while tabu search [26], sphere decoding [27], and metaheuris-
tic algorithms such as particle swarm optimization, simulated
annealing, and differential evolution have been reported for
discrete variables.

2Section 111 provides a brief overview of the AO, SDR, and ASB schemes
before detailing our proposal.
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Despite this wealth of beamforming methods, a prototype
IRS-assisted wireless network with real-time optimization of
hundreds of IRS elements has not yet been demonstrated.
The main reason is that optimizing hundreds of IRS elements
for the above objectives within the channel coherence time
is not practically feasible. Some IRS prototypes targeting
passive modulation [28] or fixed user positions [29] have
been reported, but these address objectives different from
those above. There is therefore still a need for low-complexity
approaches that can bring IRS-aided systems closer to real-
time deployment.

In this work, we exploit machine vision for an IRS-
aided multiuser scenario and propose a method to reduce
the computational complexity of existing optimization algo-
rithms. More specifically, we use visual information to
detect and categorize users in the region before applying
channel estimation and beamforming methods. The proposed
method helps reduce the instantaneous computational com-
plexity associated with IRS optimization by up to 75%,
depending on the number of users categorized into specific
groups.

The remainder of the paper is organized as follows.
Section II presents the system model and problem formu-
lation for both the single-user and multiuser scenarios and
introduces the SDR with alternating optimization (SDR-AO)
benchmark solution used for the multiuser case. Section III
introduces the proposed vision-aided schemes: the single-
user adaptive beamforming selection and the multiuser
user-grouping (UG) method, together with the validity of
the underlying channel approximations across propagation
scenarios, the threshold calibration with its closed-form
geometry-portability analysis, the robustness analysis, the
formal complexity scaling, the channel-state-information
(CSI) overhead, the end-to-end operating-timescale and real-
time feasibility analysis, and a non-iterative IRS beamformer
(NIB) variant of the multiuser scheme. Section IV presents
the simulation results for both scenarios. Section V discusses
extensions and Section VI concludes the paper.

Notations: Scalars are denoted by italic letters, whereas
vectors and matrices are denoted by bold-face lower- and
upper-case letters, respectively. For a complex-valued vector
v of length N, v’ denotes the transpose, V/Vmy denotes
the nth element of v, v* denotes the complex conjugate
of each element, 1, denotes a vector of size v with all
entries 1, v/ denotes the conjugate transpose, ||v|| denotes
the Euclidean norm, diag (v) denotes a diagonal matrix with
each diagonal element being the corresponding element in
v, v > 0 denotes tl}<e number of non-zero elel}{lents in v,

log-sum (v) means Y log(vy), sum(v) means ) (v;), and

GM (v) represents thke; ]geometric mean. For a conllcﬁiex—valued
matrix M, rank (M) denotes the rank, My, ,, denotes the
nth row and mth column entry, M>0 denotes positive semi-
definite, and trace (M) denotes trace. For a complex-valued
square matrix A, In denotes an identity matrix of size A
and A™! denotes the inverse. The notation (-)* denotes the
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FIGURE 2. System model with channels.

. A
complex conjugate of a complex number, e (A,B) denotes
max
the dominant generalized eigenvector of matrix pair (A, B).

Il. SYSTEM MODEL AND PROBLEM FORMULATION

We first describe the single-user setup (Subsection A) and
then extend it to the multiuser case (Subsection B). Subsec-
tion C presents the SDR-AO benchmark solution used as the
reference scheme in the multiuser scenario.

A. SINGLE-USER SETUP
The system model considered in this work is illustrated in
Fig. 1. This image is captured by a ceiling pin-hole camera
with a fish-eye view [30]. The IRS and access point (AP)
are fixed at known locations. A user, i.e., a robot, moves
within the area and communicates with the AP with the
assistance of the IRS. The area in the image is partitioned
into two regions. The center region comprises pixels with
nearly uniform distance weights corresponding to the actual
region. The non-uniform region consists of pixels with higher
weight compared to the center pixels, attributed to the non-
uniform view of the camera. The channels among the AP,
IRS, and user are depicted in Fig. 2.

To formulate the problem, the communication network
shown in Fig. 2 is simplified in Fig. 3. Specifically, we
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FIGURE 3. Simplified system model.

consider a communication network where an IRS, with
N reflecting elements, aids a multi-antenna AP, having N,
transmit antennas, in communicating with a single-antenna
user. Let hf € C1*Ni h € C'*N and G € CV*M denote the
baseband equivalent channels for the AP-user link, IRS-user
link, and AP-IRS link, respectively.® The received signal at
the user is expressed as:

y=h®Gvs + hflvs + 7
= (h/®G +hf) vs +z, (1

where z, v, and s denote, respectively, the additive white
Gaussian noise at the receiver with zero mean and variance
o2, the beamforming vector at the AP, and the trans-
mitted information symbol. The matrix @ is a diagonal
matrix containing the IRS reflection coefficients, i.e., ® =
diag(ae/?, ase/®, ..., aye/®), with a € [0,1] and ¢ €
[0, 27] being the amplitude and phase shift applied by each
reflecting element, respectively. The expressions h?®Gvs
and hffvs in (1) represent the signal received through the
AP-IRS-user link and the AP-user link, respectively. Further
details on the system model are available in [10] and are
omitted here for brevity.
The received signal strength at the user, denoted by v, is
given by:
y = | (WG +n) v[’. )

To maximize (2), we need to optimize v and ® at the AP
and IRS, respectively. Accordingly, the optimization problem
is formulated as

max |(h£1(I)G +hfj) V}z

2
s.t. VIl < p,

0<¢,<2m, n=1,...,N, (PD)

where p represents the maximum transmission power budget
at the AP. This optimization problem has a non-convex
objective function concerning ® and v, resulting in a non-
convex problem. Common approaches, such as AO [8] and
SDR [9], are employed in the literature. Although AO and
SDR offer good performance, they come with higher compu-
tational costs [10]. In this work, we first explore two simple

3We adopt the conventional pilot-based CSI acquisition schemes of [31],
[32], and [33]; the impact of the proposed grouping on the pilot overhead
is quantified separately in Subsection III-B. III-B.10.
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FIGURE 4. Multiuser system model (fish-eye view).

FIGURE 5. Multiuser system model with channels.

beamforming solutions based on the heuristic ASB scheme
[10] and subsequently use visual data to select one of them.

B. MULTIUSER SETUP

We consider an IRS-aided multiuser scenario, as illustrated in
Fig. 4, where, similar to Fig. 1, a fish-eye view is employed
to visualize the communication region.

More specifically, the system model includes users
U,U,,...,Us as an example, though the number of users
K is treated as a variable. In Fig. 5, we illustrate the direct
and reflected channels for these users. For a given user £,
the channels h,;; and h,; denote the AP-to-user (direct) and
IRS-to-user (reflected) links, respectively.

All other parameters, such as the region area, number
of pixels in the image, etc., are the same as those defined
in Subsection A. The signal received at user k and the
corresponding achievable rate are given by:

K
ve = (WL @G +hf) > vis;+z, 3)
j=1
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and

14 |(hfkfl>G + hdH,k) Vk|2

C)

cx = log,

2
K
‘(hfk(I)G +hf) > vi| o2

|(hfk(I)G + hfl{k) Vi |2 denotes
power at user k, and

where

signal )
| (b, @G +h}) Zﬁtk vj ‘
power experienced by user k, with o> being the thermal
noise power.

To exploit the visual information and demonstrate its
benefits, we consider a traditional problem in IRS-aided
multiuser scenarios, sum-rate maximization, which can be
formulated as follows:

respectively,
the  received

represents the interference

=1
s.L® = diag (e, e, ...

K

2
D IVl < Prnas
k=1

where ||Vk||2 denotes the power allocated to user k, i.e., py.

The optimization problem (P2) has been widely studied
in several works [6]. Common approaches to solve this
problem include SDR, Riemannian manifold optimization,
and successive convex approximation, among others.

To demonstrate the effectiveness of using visual infor-
mation, we adopt SDR as a benchmark scheme in this
paper due to its balanced trade-off between performance and
computational complexity. However, as will be discussed
later, the proposed scheme is applicable to any existing
solution method.

, e‘j‘ﬁzv) ,

P2)

C. MULTIUSER BENCHMARK: SDR-AO SOLUTION
In this subsection, we briefly discuss a known solution
to problem (P2) based on SDR, which will serve as the
benchmark scheme in the subsequent sections. Specifically,
we outline convex formulations for the variables py, vy,
and ®.

First, we consider the optimal linear minimum mean-
square-error (MMSE) digital filter v; for each user &, defined

as: R
Vk _ emax(Sk’ Tk) (5)
”/e\max(sk’ Tk) “ '
where Vi = Vi/||Vill, €max(Sk, T) denotes the strongest gener-
alized eigenvector of the matrices Sy and Ty. Here, S; and Ty
represent the signal covariance matrix and the interference-
plus-noise covariance matrix for user k, respectively, detailed
in [34].
Given v, Yk and @, the power allocation subproblem in
(P2) can be formulated as:

5 V|
Y |05, yp | + o
j#k

K
max lo 1+
Pk ; g2
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Algorithm 1 SDR-AO for Solving (P2) (Benchmark)

1: Initialize:

2: I]Eeration index i =0, L; = I, v, = ﬁl, and py; =

3: repeat

4: Step 1: Given ®@;, compute the composite channel hy

for all k.

5: repeat
Step 2a: Given py; and vi;, update A;; for all k
using (P2.2).

7: Step 2b: Given A; and vi;, update py; for all k
using (P2.2).

8: Step 2c: Given Ai; and py;, update vi; for all k
using (5).

o: until the objective value of (P2.1) converges or the

maximum number of inner iterations is reached.
10: repeat

11: Step 3a: Given pyit1, Vii+1, and A4 for all k,
fix L; and solve (P2.4) for yi ;4.

12: Step 3b: Given Pli+1s Viit+1, /lk’,q_], and Vk,i+1 for
all k, solve (P2.4) for L;;; and extract ®; 4.

13: until the objective value of (P2.4) converges or the

maximum number of inner iterations is reached.
14: Step 4: Update iteration index: i « i+ 1.
15: until the objective value of (P2) converges or the maxi-
mum number of outer iterations is reached.

st. hf =hl®G +hJ,,
K
Z Pk = Pmax.
k=1

The problem (P2.1) is non-convex due to the presence of
fractions. An optimal solution to this problem was proposed
in [34], using fractional programming. Below, we present a
simplified convex formulation of (P2.1); for full derivations,
refer to [34].

By introducing auxiliary variables A; and applying stan-
dard transformations, a bi-variable non-convex approximation
of (P2.1) can be written as:

(P2.1)

st hViPp— Q% = 1) | Y INPp; + o?
Jj#k

(P2.2)

Solving (P2.2) alternately over {p;} and {A;} while keeping
the other fixed results in a sequence of convex subproblems,
which can be efficiently solved using CVX [11]. Details can
be found in [34] and Algorithm 1.
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Now, given {v;} and {p;}, the subproblem of optimizing ®
in (P2) can be simplified as:

K
max E Ck
(]
k=1

s.t. @ = diag(e 1, e7, .. e7I),

P2.3)
The problem (P2.3) is a non-convex, unit-modulus-
constrained, non-homogeneous quadratically constrained
quadratic program (QCQP), which can be solved using SDR
combined with fractional programming. A joint bi-variable
non-convex formulation of (P2.3) is presented below:

max GM(xy,)
L.{y}
s.t. X, = [x1,x2,...,Xk],

x; = log, (1 +2 v (trace(@k’kL) + |§k’k|2))
—yi Z (trace(@*/L) + [€77) - o2,

j#k
L >0,
v € Ry, Vk,
L.,=1, VYn=1,...,N+1, (P2.4)

where x; represents the proportional achievable rate of user
k. The matrix L is a semidefinite-program (SDP) relaxation

of the rank-one matrix, formed as L = iiH, where 1 = {|,

with ¢ as an auxiliary scalar variable and 1 as the vectorized
version of the phase-shift vector ®@. Additionally, in (P2.4),
we define: & = hf v, "/ = diaghf)Gv;, and O =

wk,j(wk,j)H wk’j(fk’j)H

L T

The problem (P2.4) can be solved iteratively for y; and
L as a sequence of convex formulations. The complete
benchmark AO algorithm for solving (P2) is detailed in
Algorithm 1.

lll. PROPOSED VISION-AIDED SCHEMES

Subsection A presents the single-user adaptive beamform-
ing selection. Subsection B extends the framework to the
multiuser scenario via the user-grouping (UG) method and
develops the supporting analysis (channel-approximation
validity, threshold sensitivity, robustness, complexity scaling,
CSI overhead, and operating-timescale budget).

A. SINGLE-USER: VISION-AIDED ADAPTIVE
BEAMFORMING SELECTION
To initiate the detailed algorithm, we begin by discussing the
conventional AO, SDR, and ASB schemes.

In AO-based schemes [8], the optimal v for the AP is
selected using maximum ratio transmission (MRT):

h/®G + h¥)"
L 2

LA A 6
|h®G + hY ©
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whereas the optimal phase shifts for IRS, i.e., @, are selected
such that the signal from the direct path and reflecting path
coherently combine at the receiver:

¢, = arg (hglv) —arg (h:‘”) —arg (gnHV) ,n=1,....,N, (7)

where h, ., ¢,, and g,’f denote the nth element of h,, nth
diagonal element of @, and nth row of G, respectively. Note
that v and ® from (6) and (7) are dependent on each other,
and hence solving them requires an iterative method known
as AO (more details on AO in [8]).

In SDR-based schemes, the optimal v for the AP, i.e.,
(6), is inserted into the objective function of (P1), and the
resulting expression is converted into an SDR program, which
is further solved using a general-purpose convex solver,
i.e., CVX. More details on such methods can be found
in [7] and [9].

In the ASB scheme, two simple solutions for v and ®,
denoted as (vq, ®;) and (v,, ®,), are derived as follows:*

h,
_ gy 8
YEE VP g ®
h
¢1n=_arg(h2,r)_arg (gj;\/]_jm)’ n= 1""’N’ (9)
d
and
o
va= VP (10)

llg.ll

20 = g (“7 o]

Following the computation of (vi,®;) and (v,, ®,) using
((8), (9)) and ((10), (11)), respectively, the ASB scheme
calculates the corresponding total channel gains:

= (0 ®,G + h¥) v |

)—arg(hf,’,), n=1,...,N. (11)

a

12)

and

ay = |(h/®,G +hYf) v,|. (13)

Finally, the scheme compares a; and a, and selects (v;, ®)
if a; > a> and (v,, ®,) otherwise. This selection between
(vi, @) and (v, ®,) constitutes the ASB beamforming
decision. The calculation of a; and a, is computationally
expensive because of the involved large, complex matrix
multiplications: for large N or N,, these dominate the per-
coherence-interval cost (the computational complexities of
AO, SDR, and ASB are detailed in [10]).

In this paper, we eliminate the computational cost associ-
ated with the calculation of a; and a,. Specifically, we use
visual data for this decision-making process, i.e., the selection
of (vi,®) or (v, ®,). We compare the signal-to-noise ratio
(SNR) performance and computational cost with AO [9],
SDR [8], and ASB [10]. The proposed work is divided into
the following parts: 1) Detect the user’s presence in an image
and retrieve pixel coordinates. 2) Based on the non-uniform
distances in the image, assign each pixel the corresponding

4Details are available in [10] and are omitted here for brevity.
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Training a YOLO v2 Object Detector for the following object classes:
* vehicle

Training on single CPU.
Initializing input data normalization.

Epoch | Iteration | Time Elapsed | Mini-batch | Validation | Mini-batch | Validation | Base Learning
(hh:mm:ss) RMSE RMSE Rate

00:00:13
00:04:32
00:09:14

8 1.77 80.5857

1 1.47 2.6454

0. 0.50 0.2194
00:13:50 0. 0.1011
00:18:14 ] 0.40 0.0672
00:22:36 0 0.33 0.0500
00:26:58 0.22 0.27 0.0492
00:31:18 0.18 0.34 0.0315
00:35:37 0.19 0.23 0.0368
00:40:04 0.16 0.23 0.0271
00:42:36 0.13 0.22 0.0171

3.1362
2.1564
0.2550
0.1939
0.1614
0.1076
0.0704
0.1167
0.0537
0.0515
0.0464

0.0010
0.0010
0.0010
0.0010
0.0010
0.0010
0.0010
0.0010
0.0010
0.0010
0.0010

Training finished: Max epochs completed.
Detector training complete.

FIGURE 6. YOLOv2 Training.

Average Precision = 0.96

Precision

o
©
=

0.93

0.92

0.910

0.2 0.4 0.6 0.8 1
Recall

FIGURE 7. Average precision of YOLOv2 for single-user detection.

actual distance. 3) Based on the detection, find the distance
from the user equipment (UE) to the AP and IRS. 4) Based
on the calculated distance, find a beamforming decision for
the AP and IRS. The following subsections explain these
steps in detail.

1) USER DETECTION USING YOLOV2

First of all, we detect the user and obtain its location coor-
dinates in the image. For this purpose, we employ YOLOv2
[35], a single-stage, anchor-based real-time object detector,
trained and run via the MATLAB Computer Vision Toolbox
[36]; the learning behavior of YOLOV2 in a vehicle-detection
context is reviewed in [37]. YOLOV2 is selected over more
recent variants for three reasons that match the requirements
of the proposed framework: (i) its small footprint (~60M
parameters with the standard darknet-19 backbone) keeps
the per-frame inference cost in the tens of milliseconds on
commodity CPUs, which is well below the zone-boundary-
crossing trigger interval at which the detector is invoked
(Subsection III-B.11); (ii) it integrates natively into the same
MATLAB pipeline that hosts the rest of the simulation chain
(CVX, SDR-AO solver, channel models), giving an end-to-
end reproducibility path; and (iii) the detection task in the
targeted deployment is class-balanced (a single robot UE
class) and large-target (each robot occupies a non-trivial
fraction of the fish-eye image), so the marginal accuracy
gains of higher-capacity detectors do not translate into a
meaningful improvement on the downstream beamforming
decision.
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FIGURE 8. Trained neural network: unseen sample test.

The training dataset comprises 160 images with offline
augmentation (rotation, scaling, and brightness/contrast jit-
tering). After 30 training epochs with a minibatch size of
6 (training trace in Fig. 6), the model achieves a held-out
average precision of 0.96 (Fig. 7). The framework targets a
fixed indoor cell with a fixed ceiling-mounted camera, IRS,
and AP; for a different physical environment or a different UE
form factor (e.g., handheld smartphone, ground robot, drone),
the detector is re-trained or fine-tuned on a per-deployment
dataset of similar size, paid once per deployment.

The proposed framework is detector-agnostic: the
downstream  pipeline  (pixel-to-distance = mapping in
Subsection III-A.2, zone classification in Subsection I1I-B.4,
calibration in Subsections III-B.6 and III-B.7, and
pilot-pattern derivation in Subsection III-B.10) consumes
only the bounding-box centroid of each detected user, so
any object-detection model that outputs bounding boxes
can replace YOLOv2 as a drop-in module. Examples
include more recent single-stage detectors such as
YOLOv5/v8/vll, anchor-free models such as CenterNet
and FCOS, transformer-based detectors such as DETR and
RT-DETR, and lightweight on-device backbones such as
MobileNet-SSD and EfficientDet-Lite. Substituting a more
capable detector tightens the bounding-box centroid error
Apx analyzed in Subsection III-B.8, item (i), and shortens
the per-frame inference cost TyorLo in (30), while leaving
the downstream pipeline, the calibration procedure, and the
complexity savings derived in Subsection III-B.9 unchanged.

To test the trained neural network, the outcome corre-
sponding to an unseen sample image is depicted in Fig. 8§,
where the model detected the robot with a confidence score
of 81.

2) PIXEL WEIGHTS AND DISTANCE CALCULATION

To calculate the distance, we first need to determine the
actual weights of pixels in the image. To explain the proposed
algorithm for determining the non-uniform pixel weights, for
simplicity, we divide the image into two regions, as shown

in Fig. 9, where (X;gs,Yirs), (Xap,yar), (xu,yuv), and (xc,yc)
denote the locations of IRS, AP, user, and center, respectively.

6646

FIGURE 9. Known pixel coordinates of AP and IRS.

The center region outlined by a circle contains pixels with
different weights compared to the remaining region. Pixels in
the non-uniform region cover more distance than the center
region due to the nature of the fish-eye view. To calculate the
number of meters per pixel in the uniform region, dyniform, We
use dy . Here, (xt,yx) and (x;,y;) denote any two

Ve=x)* 4+ e=y)*

known locations (pixel coordinates) in the circle region with
a corresponding known distance, dy,;. Using a similar method,
we calculate the number of meters per pixel for non-uniform
fegiOHS, dnon—uniform-

To calculate the total distance between AP and user, we
need to know the number of pixels in the uniform and non-
uniform regions. The key idea is to determine the intersection
points of the center region (circle) and the straight line
connecting AP and user.

The function for the uniform region can be determined by
the following circle equation:

(x — x.)* + (y — yo)? = radius?, (14)

and the line function of the AP-user link can be calculated
as:

(yap — yu)
(xap — xv)
Next, we solve (14) and (15) to find their intersection points.
Depending on the number of intersection points, we can
observe the following cases:

y=yu= (x = xu). 5)

1) Two intersection points: Such a case is depicted in
Fig. 10a, where the user location results in two cross-
section points.

Correspondingly, the total distance d can be calculated
as follows:

d= {(qA,U - qP,P) X dnon - uniform}

+ (qP,P X duniform) 5 (16)

where gauy and gpp denote the number of pixels
between AP and user, and the number of pixels between
two cross-section points, respectively, whereas dypiform
and dpon - uniform denote distance per pixel in uniform
and non-uniform region of images, respectively.
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(a) Two intersection points.

circle.

FIGURE 10. Geometric analysis of intersection cases for the single-user scenario.

2) One intersection point: This case results in two sub-
cases. If the user is in the circle (Fig. 10b), the distance
is calculated by

d= {(CIA,U - CIU,P) X dhon - uniform}

+ (CIU,P X duniform) 5 (17)

where gup denotes the number of pixels between the
user and the cross-section point.

Otherwise, if there is only one pixel with non-uniform
weight, i.e., a tangent cross-section, as shown in
Fig. 10c, the distance is given by

d = (qA,U X dnon - uniform) + duniform (18)

3) No intersection point: Such a case is shown in Fig. 10d
and the distance is given by

d= gau X dnon - uniform- (19)
3) BEAMFORMING DECISION

After computing the distance d, the adaptive beamforming
decision is made using the following condition: if d < d|,
select (vi, @) using (8) and (9); otherwise, select (v,, ®;)
using (10) and (11). Here, d; is a threshold distance that is
set either from prior knowledge of the communication region
or through a numerical analysis of ASB [10]. The selection
of the threshold d; is discussed in Subsection III-B.4, which
also covers the multiuser zone boundaries.

B. MULTIUSER: VISION-AIDED USER GROUPING (UG)

Now, we discuss how to exploit visual information to reduce
the computational complexity of Algorithm 1. Specifically,
we observe that traditional AO-based approaches, such as
Algorithm 1 and those introduced in works like [9], [18], and
[19], solve an optimization problem iteratively for all users
until either convergence is achieved or the problem becomes
infeasible. However, due to the inherent multiplicative fading
nature of IRS-assisted channels [38], some users experience
minimal or no effective gain from the IRS. In contrast, for
users whose direct link to the AP is very weak, the IRS

VOLUME 7, 2026

(b) One intersection point: within the (c) One intersection point: tangent to

(d) No intersection point.

the circle.

can act as the primary enabler of communication. Given
this observation, if users are categorized into appropriate
groups before executing joint beamforming AO algorithms,
the computational burden associated with IRS optimization
can be significantly reduced. More specifically, after suitable
user grouping, we show that the steps of Algorithm 1 need
to be executed only for a specific category of UEs, without
any performance degradation, while achieving substantial
computational savings.

We propose categorizing users into two or three groups
based on predefined thresholds, referred to as 2-user group-
ing (2-UG) and 3-user grouping (3-UG), respectively; the
grouping strategy will be discussed in detail later. Similar
to the single-user scenario, the proposed framework can be
divided into the following stages:

1) Detect the users in an image and retrieve their pixel
coordinates.

2) Map each pixel to its corresponding actual field
distance based on the non-uniform distances in the
image.

3) Determine the distances from all UEs to the AP and
IRS based on the detected coordinates.

4) Categorize the UEs into two or three groups according
to the calculated distances.

5) Solve problem (P2) only for the relevant user group(s).

6) Evaluate the performance and computational complex-
ity of the proposed method, and compare it with the
benchmark scheme.

The following subsections explain these components in
detail.

1) MULTIUSER DETECTION

Following the same procedure as in Subsection III-A.1, we
train YOLOV2 to detect up to eight users within the region
of interest. The training dataset is enlarged to 200 images of
scaled and rotated robot poses, and the model is trained for
20 epochs with a minibatch size of 16. The training outcome
and a representative detection result on an unseen sample
image are shown in Fig. 11 and Fig. 12, respectively.
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*UL* U2* U3* U4Y US* UG* U7* U8

nitializing input data
Epoch | Iteration | apsed | Mini-batch | Validation | Mini-batch | Validation | Base Learning
| | (hhimm:ss) |  RMSE |  RMSE | Loss | Rate

1 1 00:00:22 3.16 2.58 9.9637 6.6520 0.0005
1 10 00:01:59 1.31 1.7243 0.0005
2 20 00:04:33 1.18 1.3978 0.0005
3 30 00:67:11 1.11 1.2395 0.0005
1 20 00:09:59 1.04 1.0916 0.0005
5 50 00:12:56 0.93 1.06 0.8676 1.1189 0.0005
6 60 00:15:22 0.88 0.7751 0.0005
7 70 00:18:09 0.80 0.6331 0.0005
8 80 00:20:50 0.73 0.5378 0.0005
9 90 00:23:39 0.70 0.4841 0.0005
10 100 00:26:19 0.64 0.86 0.4128 0.7456 .0005
11 110 00:28:34 0.60 0.3620 5.0000e-05
12 120 00:30:53 0.56 0.3173 5.0000e-05
13 130 00:33:37 0.62 0.3855 5.0000e-05
14 140 00:36:23 0.67 0.4547 5.0000e-05
15 150 00:39:08 0.64 0.84 0.4062 0.7018 5.0000e-05
16 160 00:41:00 0.62 0.3812 5.0000e-05
17 170 00:43:05 0.65 0.4179 5.0000e-05
18 180 00:45:37 9.55 0.3018 5.0000e-05
19 190 00:48:30 0.62 0.3869 5.0000e-05
20 200 00:51:22 .58 0.82 0.3418 0.6750 5.0000e-05

raining finished: Max epochs completed.

Detector training complete.

FIGURE 11. YOLOV2 training (multiuser).

.\

" Uz.054413

FIGURE 12. Trained neural network: test on an unseen multiuser sample.

2) PIXEL WEIGHTS AND DISTANCE CALCULATION FOR
MULTIUSER

We retrieve the pixel weights and the distances between the
AP/IRS and the UEs in a manner similar to that described in
Subsection III-A.2. Specifically, we calculate the intersection
points using (14) and (15) for all users, which leads to one
of the following scenarios:

Two intersection points: This case is illustrated in
Fig. 13a, where the positions of users Ug, U7, and Ug result
in two cross-section points. The corresponding distance dj
between the AP and user Uy is given by

dy = (qA,Uk - qP,P) X dyon-uniform

+ (qP,P X duniform) > (20)

where ga y, denotes the number of pixels between the AP
and Uy, and gpp denotes the number of pixels between the
two cross-section points.
One intersection point: This case leads to two sub-cases.
a) Users inside the circle: If the user is located inside the
circular region (as illustrated in Fig. 13b), the distance is
computed as

dy = (qA,Uk - qu,P) X dnon-uniform

+ (qu,P X duniform) 5 (21)

6648

where qu, p denotes the number of pixels between the user
Uy and the cross-section point.

b) Tangent cross-section (single non-uniform pixel): 1f
there is only one pixel with non-uniform weight, corre-

sponding to a tangent intersection, the distance is given
by

dk =gau, X dnon—uniform + duniform~ (22)

No intersection point: In this scenario, illustrated in
Fig. 13c, users such as U; and U, do not have any cross-
section point. The distance is calculated as

dy = ga,u, X dron-uniform- (23)

3) USER GROUPING DECISION
After computing the user distances, we perform user group-
ing based on spatial zones:

Three groups: For a user k, if d; < d; at a certain angle
(i.e., it lies in Zone A of Fig. 14), it is assigned to Group
A. Similarly, a user is assigned to Group B if it falls within
Zone B. All remaining users are categorized into Group C,
i.e., those located in Zone C of Fig. 14.

This classification significantly reduces
tational burden in each AO
below:

the compu-
iteration, as explained

1) Instead of recomputing the full composite channel for
every user, we apply approximations tailored to each
group:

e Group A: hf ~hf,,
e Group B: h/ ~ h", ®G,
e Group C: h ~ h, ®G +h?,.

2) We solve problem (P2.4) only for users in Groups
B and C, so reducing the number of constraints in
the optimization problem. Specifically, using the 3-UG
method, problem (P2.4) is simplified as follows:

max GM(xy,)

L.{yhkescy
S.t.

XL = [Xlket,c)»
X = log, (1 +2 v (trace(@k’kL) + Ifk‘klz))

~ 32 (trace(®L) + EIP) — 02,

Jj#k
Vk € {B,C),
L >0,
ye€R,, VkelB,C),
Lo,=1, Vn=1,...,N+1. (P2.4a)

The full procedure for the 3-UG approach is described in
Algorithm 2.

Two groups: In this method, users are divided into
two groups, Group A and Group B, corresponding to
Zones A and B, respectively, as illustrated in Fig. 15.
Specifically, Groups B and C from the 3-UG method are
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Non-unifort B { Non-unifo:

distance =9 distance distance

(0,0, / %< Diw (v Y00 / (o2

(a) Two intersection points (multiuser). (b) One intersection point: within the circle (c) No intersection point (multiuser).
(multiuser).

FIGURE 13. Geometric analysis of intersection cases for the multiuser scenario.

Algorithm 2 Vision-Aided SDR-AO: 3-UG
1: Initialize:
2: Same as in Algorithm 1.
3: Detect users in the region using the trained neural
network and retrieve their coordinates.
4: Compute user distances and categorize them into Groups
A, B, and C as described in Subsection III-B.4.

5. repeat

6: Step 1: Perform Step 1 of Algorithm 1.

7: repeat

8: Perform Steps 2a, 2b, and 2c¢ of Algorithm 1 for

all k € {A, B, C}.
o: until the objective value of (P2.1) converges or the
maximum number of inner iterations is reached.

FIGURE 14. Three zones (A, B, C) used for user grouping (3-UG). Zone A: users 10: repeat
close to the AP whose posite channel is dominated by hg 4 ; Zone B: users close 11: Perform Steps 3a and 3b of Algorithm 1 for k €
to the IRS whose composite channel is dominated by the cascaded path hfk(bG; ’
Zone C: transition region where both contributions matter and the full composite {B’ C} Only'
channel is retained. Boundaries are obtained by the offline calibration sweep of 12: until the Objective value of (P24) converges or the

Subsection IlI-B.6; overlay simplified for contrast. . . . . .
maximum number of inner iterations is reached.

13: Step 4: Update iteration index: i « i+ 1.
14: until the objective value of (P2) converges or the maxi-

merged into a single Group B. Under this grouping, problem mum number of outer iterations is reached.

(P2.4) is simplified as follows:

max GM(xy,)
L, {yilken The full procedure for the 2-UG approach is described in
s.t. Algorithm 3.

XL, = [Xi]keBs

x; = log, (1 12 (trace(gk,kL) + |§k,k|2)) 4) GROUPING ZONES

Here, we discuss how to create the zone boundaries shown in

- Z (trace(®"/L) + [€/F) - o, Figs. 14 and 15. The boundaries are determined by identify-
J#k ing points where a user’s performance changes. Specifically,

Vk € B, this approach is based on the ASB method presented in [10].
L >0, In Fig. 3 of [10], it can be observed that a user’s performance

is mainly determined by the AP when the user is in the strong
vicinity of the AP and by the IRS when the user is in the
strong vicinity of the IRS.

yi€Ry, VkeB,
L,,=1, Vn=1,... ,N+1. (P2.4b)
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Algorithm 3 Vision-Aided SDR-AO: 2-UG
1: Initialize:
2: Same as in Algorithm 1.
3: Detect users in the region using a trained neural network
and retrieve their coordinates.
4: Compute user distances and categorize them into Groups
A and B as described in Subsection I1I-B.4.
repeat
Step 1: Perform Step 1 of Algorithm 1.
repeat
Perform Steps 2a, 2b, and 2c¢ of Algorithm 1 for
all k € {A, B}.
9: until the objective value of (P2.1) converges or the
maximum number of inner iterations is reached.
10: repeat

® 3w

11: Perform Steps 3a and 3b of Algorithm 1 for k € {B}
only.
12: until the objective value of (P2.4) converges or the

maximum number of inner iterations is reached.
13: Step 4: Update iteration index: i « i+ 1.
14: until the objective value of (P2) converges or the maxi-
mum number of outer iterations is reached.

FIGURE 15. Two zones (A, B) used for user grouping (2-UG). Zone A users are close
to the AP and use the direct-channel approximation; Zone B merges the previous
Group B and Group C, retaining the full composite channel for users that are not
clearly AP-dominated. Overlay simplified for contrast.

Hence, in Fig. 4, when moving the user from left to right,
there is a point where the performance switches; that is, as
the user moves away from the AP, performance decreases,
but then increases again as the user moves closer to the IRS.
This point, where the performance switching occurs, marks
the boundary between Zone A and the 2-UG scenario.

Similarly, in Fig. 3 of [10], it can be observed that the
performance flattens for a very small distance when moving
from the AP to the UE; this point corresponds to where
Zone C lies in Fig. 14.

To determine these zone boundaries, we move a user
throughout the region and measure the corresponding perfor-
mance. Given the geographical location and corresponding
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FIGURE 17. Computational complexity versus the number of reflecting elements.

performance, we identify the performance-switching loca-
tions and thus define the grouping zones.

5) VALIDITY OF THE CHANNEL APPROXIMATIONS
The grouped optimization in (P2.4a)—(P2.4b) replaces, for
each grouped user, the full composite channel h = hfk(I)GJr
h//, by one of two single-link approximations: hi’ ~ h/, for
users in Group A (close to the AP) and h{ ~ h// ®G for users
in Group B (close to the IRS). These approximations are not
heuristic; they are direct consequences of the multiplicative-
fading nature of cascaded IRS-aided channels [38], [39], in
which the IRS path power scales as the product of two large-
scale fading terms (Bap-irs - Sirs-ugx) While the direct path
scales as a single large-scale fading term (Bap—_ugx)-
Concretely, the approximation h{/ ~ hY/, is justified when-
ever
E[llhyxl?]

(A) a
=10lo —_——
o “\ E[ibf, ®GlF]

2 Tths (24)

and h{ ~ h,®G is justified whenever the inverse ratio
77,({3) = —n,({A) > nm. We use ny, = 10 dB throughout,
which guarantees that the discarded link contributes at most
~0.4 dB to the squared composite norm and, equiva-

lently, less than 5% to the SDR objective in (P2.4). With
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TABLE 1.

Validity summary of the grouped channel approximations (24) across common propagation scenarios. a4, oy are the direct- and reflected-link path-loss exponents.

“Link separation” indicates how cleanly one propagation link dominates the composite channel, which governs the accuracy of the single-link approximations and the fraction
of users routed to the transition Group C. As link separation weakens from top to bottom, Group C absorbs more users and the framework degrades gracefully toward the full

SDR-AO benchmark with no performance loss.

Scenario ag o Link separation Framework response

Free-space / strong LoS 2.0 2.0 Strong (direct-dominated)  Group A covers the cell; maximum complexity saving
Indoor office (LoS-biased) 2.5 22 Strong Group A large; near-maximum saving

Indoor mixed LoS/NLoS 3.0 2.3 Moderate All three zones populated; framework operates as designed
Outdoor / street canyon 3.54.0 2.5 Weak near transition Group C grows; reduced but positive saving

Heavy NLoS (Rayleigh-dominant) > 4.0 > 3.0 None (no dominant link) Group C dominant; framework collapses to SDR-AO, no loss
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FIGURE 18. Instantaneous sum-rate performance over 90 random user placements.

ceiling-mounted AP and IRS, line-of-sight (LoS) is typically
dominant for short ranges, so néA) is well above ny, when the
user is within a few meters of the AP, and 7723) is well above
nm when the user is within a few meters of the IRS. Group C
therefore captures exactly the transition region where neither
approximation is safe and the full composite channel must
be used. Empirically (Fig. 18), enforcing ny = 10 dB yields
a sum-rate gap to the full SDR-AO benchmark below 3%
across 90 random user placements; relaxing 7g to 6 dB
widens the gap to roughly 6-8%, which establishes a cal-
ibration knob between complexity savings and performance.

The validity of the grouped approximations across prop-
agation regimes is summarized in Table 1, which maps the
most commonly encountered indoor and outdoor scenarios
onto the direct- and reflected-link path-loss exponents (@, @;)
and onto the resulting link separation, i.e., how cleanly
one propagation link dominates the composite channel and
therefore how accurate the single-link approximations in (24)
are for that scenario. A scenario with strong link separation
places most users unambiguously in Group A or Group B;
as separation weakens, more users fall into the transition
Group C and the full composite channel is retained.

In the LoS-biased indoor regimes (rows 1-2), the direct
link dominates over a wide region, so the single-link approx-
imation is accurate for the majority of users, and the wide
link-separation margin gives a tolerance to pixel-radius error
matching the £20% bound in Table 2. As link separation
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TABLE 2. Sensitivity of vision-aided UG to zone-boundary mis-calibration. Median
sum-rate gap to full SDR-AO over 90 random user placements, N; = 16, N = 50.

Threshold offset  —20% —10% nominal +10% +20%
2-UG gap 46%  24%  18%  27%  51%
3-UG gap 31%  1.7%  14%  1.9%  3.4%

weakens (rows 3-5), Zone C absorbs more users and the
savings of Subsection IV-B.3 reduce monotonically while the
achieved sum-rate is preserved through the Zone C fallback
to the full composite channel. In the Rayleigh-dominant
limit (row 5), no single link dominates anywhere, Zone C
covers the whole region, and the scheme reduces to the full
SDR-AO benchmark. The validity range is governed by the
average path-loss exponents (ay, @,); instantaneous fading
moves users within a zone but does not move the zone
boundaries.

6) THRESHOLD SELECTION AND SENSITIVITY

The zone boundaries that translate niA) ,r];(B) > 7y into
pixel-domain thresholds are obtained by a one-shot offline
calibration sweep: the user is virtually moved across the
region, the per-pixel composite channel norm |Jh||> is com-
puted using the deterministic LoS components plus the
deployment-specific large-scale fading model, and the curves
crossing 7y, define the zone radii in pixels. This calibration is
performed once per deployment, not per channel realization,
and only depends on the geometry of the AP, IRS, and the
camera, all of which are fixed by design.

To assess sensitivity, we re-ran the multiuser experiment of
Subsection IV-B.2 with the calibrated thresholds perturbed by
4+10% and +20% in radius. The median sum-rate gap relative
to the full SDR-AO benchmark is summarized in Table 2.
The performance gap remains within 5% of the calibrated
configuration even at £20% threshold error, demonstrating
that the proposed grouping is not over-fitted to a hand-
tuned boundary. The worst-case effect of an over-aggressive
Group A boundary is the misclassification of a transition-
region user as Group A, which discards the IRS path; this is
the same boundary case captured by Group C in the 3-UG
variant, which is why 3-UG is consistently more robust than
2-UG when thresholds are uncertain. For substantially dif-
ferent geometries (e.g., a different AP-IRS spacing), the
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TABLE 3. Generalization of the calibration procedure across deployment-geometry
and system-size variations. Each cell is the median sum-rate gap of vision-aided 3-UG
to full SDR-AO over the same 90 random user placements used in Subsection IV-B.2,
with the SDR-AO benchmark re-run independently for each swept configuration,

nth = 10dB held fixed, and only the calibrated zone radii recomputed per configuration
through (25). Default values when not swept: dy; =50m, h=3.5m, N=50, K =8,

N; = 16.

Swept parameter Values (top) and 3-UG sum-rate gap (bottom)

dar (m) 25 50 75 100
gap 1.2% 14% 2.0% 2.8%
Ceiling h (m) 2.5 3.5 4.5 -
gap 1.6% 1.4% 1.8% -
N 32 40 50 60
gap 1.7% 1.5% 1.4% 1.4%
K 4 8 12 -
gap 0.9% 1.4% 2.4% -

calibration sweep must be re-run, but the procedure itself,
not the specific thresholds, generalizes.

7) THRESHOLD GENERALIZATION ACROSS
DEPLOYMENT GEOMETRIES

The calibration procedure of Subsection III-B.6 transfers
across deployment geometries and system sizes with ng =
10dB held fixed. A closed-form expression makes the depen-
dence of niA) on the deployment geometry explicit, and a
numerical sweep across four independent deployment axes
verifies that the sum-rate gap stays bounded.

Analytical structure. Let dyy, d,y, and da; denote the AP-
UE, IRS-UE, and AP-IRS distances, and let A denote the
carrier wavelength. Under the LoS-biased large-scale fading
model of the scenarios in Table 1, the direct-link power scales
as E[||hd,k||2] oc (A/4m)% d;f per receive antenna, and the
optimally-phased cascaded IRS link scales as E[|[h/ ®G||*] «
N? (A/4m)* dyy" d,;" (the N* factor is the standard coherent
IRS beamforming gain and the double (1/4m)* reflects the
two-segment AP-IRS and IRS-UE attenuations). Substitut-
ing both into (24) gives the closed form

@, ,
dAI ’ dr,k

. 25
N2 . dz’(;{ . (}/47[)2&,.—(14, ) (25)

i oo

The threshold condition 17,(<A) > 1y therefore depends only on
ratios of geometric distances, on the path-loss exponents (set
by the propagation scenario), and on the IRS size; it has no
per-deployment parameter that requires tuning. A single fixed
nn value translates into different pixel-domain zone radii in
different deployments via (25), and the calibration sweep of
Subsection III-B.6 reduces to a one-line numerical inversion
of (25).

Numerical verification. The multiuser experiment of Sub-
section IV-B.2 is re-run across four independent variations of
the deployment parameters that enter (25): (i) AP-IRS spac-
ing day € {25,50,75, 100} m; (ii) ceiling height (camera/IRS)
h € {2.5,3.5,4.5) m; (iii) IRS size N € {32,40,50,60}; and
(iv) number of users K € {4, 8, 12}. The threshold 75, = 10dB
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is held fixed in every configuration, and only the pixel-
domain zone radii (the outputs of (25)) are recomputed. The
median sum-rate gap of vision-aided 3-UG to the full SDR-
AO benchmark for each sweep is reported in Table 3.

The median gap stays below 3% across every swept
configuration, and below 2% for the four reference-like con-
figurations. The gap grows monotonically with da; and with
K: as da; grows, r],({B) shrinks via (25) and Zone C absorbs
more users; as K grows, the relative penalty of routing a
few transition-region users through Zone C diminishes. Both
trends follow directly from the closed form. Deployment
in a new physical environment requires only re-running the
one-shot calibration sweep of Subsection III-B.6 on the new
geometry; the threshold, the algorithmic pipeline, and the
pilot-pattern derivation of Subsection III-B.10 are unchanged.

8) ROBUSTNESS TO DETECTION ERRORS, MULTIPATH,
AND OCCLUSION

Three robustness aspects are relevant in practice:
(i) bounding-box localization error from YOLOvV2,
(i) missed detections (occluded or partially occluded
users), and (iii) multipath-induced deviations from the
LoS-dominated grouping criterion.

(i) Bounding-box error. Let Ay denote the pixel-domain
centroid error of the YOLOv2 bounding box. Using the
per-pixel weights duiform and dnon-uniform derived in Sub-
section III-A.2, this maps to a metric error of at most
Am £ dnon-uniform -+ Apx. For the setup considered here,
dhon-uniform =~ 0.07 m/pixel near the image edge, so a worst-
case 10-pixel offset corresponds to ~0.7 m of distance error,
well below the typical zone-boundary radius (several meters)
computed in Subsection III-B.6. As long as A, is smaller
than the boundary margin between zones, the user is grouped
correctly. To first order, a centroid offset and a boundary
mis-calibration of equal magnitude have the same effect on
the group assignment, so the threshold-sensitivity numbers
in Table 2 also bound the sum-rate gap incurred by realistic
detection errors.

(ii) Missed detections / occlusion. If YOLOv2 fails to
detect a user, that user cannot be grouped, and the proposed
framework gracefully falls back to running the full SDR-
AO benchmark for that frame: this is exactly the behavior
reported around Fig. 16 for the single-user case, where the
small SNR gap is caused by missed detections. The fallback
is safe because the proposed framework only simplifies the
optimization when a high-confidence detection is available; it
never removes a user from the joint optimization. For partial
occlusion, YOLOV?2 typically still produces a low-confidence
bounding box; we use a per-frame confidence threshold of
0.6, below which the system reverts to the full SDR-AO
solution to preserve correctness at the cost of one frame’s
worth of additional CPU time.

(iii) Multipath effects on grouping. The grouping criterion
(24) is stated in terms of average large-scale path gains,
not instantaneous fading realizations. Multipath modifies the
small-scale fading on each link but, by construction, does
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FIGURE 19. CDF of sum-rate performance.

not change the average path-loss exponents that drive r],(CA)
and n,({B). To verify this, we re-evaluated the 2-UG and 3-UG
schemes under a Rician-fading model with «-factors swept
over {0,5,10,15} dB on both the direct and reflected links.
The median sum-rate gap to the full SDR-AO benchmark
stayed within 4% across all configurations, confirming that
grouping based on average path geometry is multipath-
robust. The framework therefore targets environments where
the average geometry, not every multipath cluster, deter-
mines which link dominates, matching the indoor short-range
deployments targeted for IRS-assisted networks.

9) BIG-O COMPLEXITY SCALING

The per-iteration computational complexity of the SDR-AO
benchmark Algorithm 1 is dominated by the SDR step that
solves (P2.4) for the rank-relaxed matrix L € CV+DxW+D
subject to K trace inequality constraints. Using the standard
interior-point complexity bound for SDPs with K trace con-
straints [22], the worst-case per-iteration complexity is

Cspr-ro(N. K) = (KN + 1)* log(1/6)).  (26)

where € is the SDP solver accuracy. The MMSE update for
v; adds O(K - N?) per iteration, and the power-allocation
subproblem (P2.2) adds O(K?), both negligible relative to
(26) for the typical regime N > N,.

For the proposed 3-UG scheme (Algorithm 2), the SDR
step (P2.4a) is solved over only the users in B U C, with
|B| +|C| = K — |A|, so the per-iteration SDR cost is reduced
to

RN, K) = O (K — A (N + D* log(1/e)).  27)
The same reduction applies to the 2-UG scheme
(Algorithm 3), in which the SDR is solved over
|Bougl = K — |A| users. The two grouping schemes

therefore share the same big-O exponent for the SDR step.
Their measured runtime gap (Fig. 21: —68% for 2-UG vs.
—75% for 3-UG against the benchmark) arises in the inner
step that builds the per-user composite channel hy: in 3-UG,
only the users of Group C require the full sum hkaDGJr hﬁz i
(cost O(N - N;) per user), while users of Group B use only
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the cascaded term and users of Group .4 use only the direct
term. In 2-UG, all K — |A| users use the full composite
channel.

Adding the per-user vision-processing cost Tyis (detection,
distance computation, and zone classification), which is inde-
pendent of N, the total per-iteration cost of either grouping
scheme is

Cu(N,K) = O((K = JADN + 1)*3 log(1/€))

SDR step

+ O(KTvis) .
——

vision pipeline

(28)

Two regimes are worth highlighting. (a) Asymptotically,
as N — oo, both 2-UG and 3-UG retain the same (N + 1)*3
exponent as SDR-AQ, because the IRS phase vector must
still be optimized, but with a constant-factor reduction pro-
portional to (K — |A|)/K. (b) When |A| » K (most users
sit close to the AP and are therefore in Group .A), the
SDR step is skipped entirely and the complexity collapses to
O(K - 1yis) + O(K - N}*), which is independent of N. Table 4
summarizes the comparison.
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TABLE 4. Per-iteration big-O complexity comparison (e omitted; ;s is the per-user
vision cost, independent of N). The SDR-step complexity of 2-UG and 3-UG is
identical; the empirical runtime gap between them comes from the lower per-user
composite-channel cost in 3-UG. NIB (Algorithm 4) is non-iterative: the cost is a single
pass over the N IRS elements rather than an iterative SDR step.

TABLE 5. Per run runtime of the SDR-AO step at the channel-coherence timescale
(90-th percentile of Fig. 21; N = 50, N; = 16, K = 8). The vision-pipeline cost runs on the
slower zone-boundary-crossing timescale and is reported separately. NIB rows
correspond to the non-iterative IRS solver introduced in Subsection Ill-B.12, measured
on the same hardware (Subsection IV-A.1).

NIB + 2-UG step ~ 1.1ms (—25%) per T¢

Scheme Inner-solver cost Vision cost Stage Runtime Triggered
SDR-AO [22] O(K (N + 1)*5) n/a Full SDR-AO benchmark ~9s per T,
2-UG (proposed) O((K — |AD(N + 1)*5)  O(K 7yis) 2-UG SDR-AO step ~ 3.0s (—68%) per Tc
3-UG (proposed) O((K — |AD(N + 1)*5)  O(K Tyis) 3-UG SDR-AO step ~ 2.3s (=75%) per T,
NIB (proposed, Alg. 4) O(NK) (single pass) n/a NIB benchmark (Alg. 4) ~1.5ms per To
NIB + 2-UG (proposed) O(N(K — |Al)) O(K Tyis)

(

NIB + 3-UG (proposed) O(N(K — |A])) O(K Tyis)

0) CSI ACQUISITION OVERHEAD AND PILOT
REDUCTION
The complexity savings reported in Subsection IV-B.3 con-
cern the optimization step. The same group labels also
reshape the CSI acquisition cost, and it is worth quantify-
ing this contribution explicitly because the pilot overhead
and the optimization cost share the same channel-coherence
budget. Acquiring the full per-user composite channel h; =
h! ®G + hf, requires either separate estimation of hy
and the cascaded hH ®G via N + 1 pilot phases per user
(off +N on-states; see e.g. [31], [33]), or a joint approach
with comparable training overhead. The conventional pilot
overhead therefore scales as pi‘l‘(l)lt = K(N + )7, where 7, is
one pilot symbol duration.

In the proposed UG framework, the pilot pattern is
shaped by the group assignment delivered by the vision
pipeline:

e Group A users (close to the AP, n,((A) > ) only need

h;, a single direct-channel pilot of length 7, per user.
The IRS reflective pilots are skipped entirely.

e Group B users (close to the IRS) only need the cas-
caded reflective channel, which can be estimated with N
on-state pilots without requiring the off-state pilot for the
direct path. This already saves one pilot phase per user
and, more importantly, allows pilot multiplexing across
Group B users that share the IRS pilot phases.

e Group C users require the full N 4 1 pilot phases.

The resulting pilot overhead under 3-UG is

7—3 -UG _

il = [+ N1BI + (N + D[C]] 7). (29)

which is strictly less than K(N 4 1)t, whenever |.A|+|8] > 0.
For the reference setting (K = 8, N = 50) with a typical
Al 1B : |C] = : 2 split this gives pﬂgc = 2557,
versus Tl = 408 7,, a pilot-overhead reduction of ~38% on
top of the optimization-step savings. The pilot reduction is
enabled entirely by the vision-derived group labels, requires
no additional CSI feedback from the user side, and does not
require any change to the underlying channel estimator. The
proposed framework therefore reduces both the optimization
cost (Subsection III-B.9) and the pilot overhead, with the
pilot saving being the dominant contributor when 7, is not
negligible relative to the channel coherence time 7.
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NIB + 3-UG step ~ 1.0ms (—30%) per T¢

YOLOV2 inference, K = 8, CPU
Distance + zone classification

~ 28 ms
< 1ms

~ 2ms

per crossing
per crossing

Image capture + transfer per crossing

1) END-TO-END LATENCY BUDGET AND OPERATING
TIMESCALES
Real-time feasibility of the proposed framework is best
assessed by recognizing that its individual stages do not all
run on the same clock. Three timescales are relevant:

(i) Zone-boundary-crossing timescale (vision pipeline).
The user-detection and grouping stage is re-triggered only
when a user crosses a zone boundary, not on every channel
realization. With user mobility of order 1 m/s and zone radii
of several meters, this gives inter-trigger intervals of several
seconds, the same timescale on which large-scale fading and
shadowing evolve. The YOLOvV2 forward pass, the distance
computation, and the zone classification therefore sit on the
large-scale-fading clock and are spread across many tens of
channel coherence intervals.

(ii) Channel-coherence timescale (SDR-AO step). The
SDR-AO step depends on the instantaneous channel real-
izations and runs at the channel-coherence rate. For an
indoor 3.5 GHz scenario with a slow user (vpa,x = 1m/s),
the standard Doppler-based coherence time [40] is T, =
c/2f:vmax) = 43 ms; for static or quasi-static deployments
such as IoT or warehouse robots, 7, extends to several
hundreds of milliseconds.

(iii) Image-acquisition timescale. Camera frame capture
and transfer (a few milliseconds total on a 1kHz GigE
camera) are absorbed into the boundary-crossing trigger and
not invoked per coherence interval.

The dominant cost at the channel-coherence timescale is
the SDR-AO step. Its measured per run runtime, taken from
the cumulative distribution function (CDF) of CPU runtime
in Fig. 21 for the reference setting N = 50, N, = 16, K = 8§ on
the hardware described in Subsection IV-Al, is summarized
in Table 5.

Three observations follow from Table 5. First, the SDR-
AO benchmark itself takes seconds at N = 50, K = 8: at
high mobility (where T, ~ 43 ms) neither the benchmark nor
the proposed schemes can converge inside a single coherence
interval, and the practical operating regime for this class of
methods is therefore the slow-mobility / quasi-static regime
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TABLE 6. Real-time feasibility map for the proposed 3-UG scheme under the iterative SDR-AO and the non-iterative NIB
inner IRS solvers. T¢ is the Doppler-based channel coherence time at fc = 3.5 GHz; T, is the per-coherence-interval
wall-clock budget from (30) including pilot, IRS-solver step, and amortized vision overhead. “v” indicates Tgoe < T¢ in the
standard joint-update mode; “dec.” indicates feasibility in the decoupled-update mode of Subsection Ill-B.11, where the IRS
phase ¢ is held fixed across many T, while the digital filter v is refreshed each T;. With SDR-AO, real-time operation
requires the decoupled mode or the |.A|~ K corner; with NIB (Subsection 1ll-B.12), NIB+ 3-UG meets T < Tc unconditionally

in every deployment row.

- Teze Te2e Real-time?
Deployment Mobility Te
(SDR-AO) (NIB) SDR-AO NIB

Indoor static (IoT/sensor) 0m/s >1s ~ 2.3s ~ 1.0ms v v
Quasi-static room (v <0.1 m/s) 0.1m/s ~ 430 ms ~ 2.3s ~ 1.0 ms dec. v
Warehouse robot 0.5m/s ~ 86 ms ~23s ~ 1.0ms dec. v
Indoor walking user 1m/s ~ 43 ms ~ 2.3s ~ 1.0ms dec. v
| AR K corner any any ~ 5ms < 0.5ms v v

in which T, is in the seconds range, or the regime in
which the IRS phase update and the digital filter v, update
are decoupled (the IRS phases are kept stable across many
coherence intervals while vy is refreshed at 7). The proposed
schemes do not change this operating regime; they reduce
the per run cost by 65-75%, which shortens the IRS update
period by the same factor and brings it into the same order
of magnitude as the optimization step itself. Second, the
vision pipeline cost (< 31 ms in total) sits on the boundary-
crossing timescale of several seconds and is therefore two
to three orders of magnitude smaller than the SDR-AO
invocation it precedes. Even if it were attributed to a single
coherence interval rather than spread over many, it would
still constitute less than 2% of the 3-UG runtime. The vision
component therefore does not erode the runtime gain reported
in Fig. 21. Third, the SDR-AO cost grows as (N + 1)*°
(Subsection III-B.9), while the vision cost is independent
of N, so the relative advantage of the proposed schemes
grows with the IRS size, consistent with the 99% single-user
reduction at N = 3000 shown in Fig. 17.

Two practical refinements further shorten the wall-clock
budget: (a) the camera-capture-and-transfer stage can be
executed in parallel with the previous coherence interval’s
SDR-AO step, removing it from the critical path; (b) in
the |A| ~ K regime identified in Subsection III-B.9, only
the digital-filter and power-allocation updates remain at the
channel-coherence rate, and these execute in the millisecond
range, fitting inside high-mobility coherence times.

A per-coherence-interval cost expression and a feasibility
map across representative indoor deployments are obtained
as follows.

Concretely, define

TeZe = Tpilot + Tsolver + 11Cross (Timg + TYOLO + Tcls)’ (30)

where Tl is the pilot transmission time from (29), Tolver 1S
the per run IRS-solver runtime tabulated in Table 5 (for either
SDR-AO or NIB), and I € {0, 1} indicates whether the
current coherence interval coincides with a zone-boundary
crossing event. The amortization argument is exactly the one
introduced in item (i) above: since I, = 1 at most once
every T,one > T, seconds, the vision contribution to (30) is
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bounded and the dominant cost is the solver step (an upper
bound of ~2% even when the vision term is attributed in
full to a single 7., as noted in the “Three observations”
paragraph above). Table 6 evaluates (30) separately for the
SDR-AO and NIB inner solvers and reports the resulting
feasibility verdicts. With the iterative SDR-AO inner loop,
the proposed 3-UG scheme meets T < T, outright in
the ToT-static regime, via the decoupled-update mode in the
quasi-static, warehouse-robot, and indoor-walking regimes,
and unconditionally in the | 4| » K corner. With the non-
iterative NIB inner loop introduced in Subsection III-B.12,
NIB+ 3-UG meets Tepe < T, unconditionally in every row (last
column of Table 6). For the SDR-AO branch, the proposed
scheme is strictly faster than the full-CSI benchmark while
achieving comparable sum-rate (Subsection IV-B.2); for the
NIB branch, the latency advantage is unambiguous while the
sum-rate trade-off is governed by the standard NIB-vs-SDR
gap of Subsection III-B.12.

(a) Inner-solver dependence. The 65-75% runtime saving
in Table 5 acts on whichever inner solver computes the
IRS phase; it does not depend on the SDR-AO choice.
Subsection III-B.12 substitutes a non-iterative IRS beam-
former (NIB, element-wise greedy with closed-form per-
element phase) for the SDR-AO inner loop, and NIB+
3-UG operates at the millisecond timescale, placing every
row of Table 6 in the unconditional real-time column.
The same group labels and per-group pilot pattern of
Subsection III-B.10 are equally consumable by other non-
iterative families enumerated in Section V (item 3), including
gradient descent [24], manifold optimization [23], and deep-
unfolding networks [41], [42].

(b) Visual-localization dependence. A missed YOLOv2
detection routes only the affected users through the full
inner-solver benchmark for that coherence interval (Sub-
section III-B.8, item (ii)); the remaining users continue to
use the grouped pipeline. The worst-case TSZ'BG therefore
lies between the grouped runtime and the correspond-
ing benchmark runtime, scaling linearly with the failure
rate. The entries of Table 6 bound this worst case from
above and the grouped-pipeline runtime bounds it from
below.
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Algorithm 4 NIB
1: Input: G, {h,;}K . MMSE digital filters {v,}X_ |, equal
weights w, = 1/K.
: forn=1N do
Compute ¢, for k=1,...,K via (31).
¢ — —arg(D, Wk crn)-
end for
. Output: @ = diag(e/, ..., /).

A i

12) DEMONSTRATION WITH THE NIB VARIANT

This subsubsection specifies NIB and pairs it with the UG
framework as an alternative to the SDR-AO inner loop.
NIB+3-UG operates at the millisecond timescale and meets
Tere < T, in every row of Table 6.

Algorithm. NIB applies a closed-form per-element phase
update that aligns the IRS phase to maximize the equal-
weighted sum of the cascaded composite gains across active
users. Let v; denote the MMSE digital filter conditioned on
the previous coherence interval’s IRS phase ®. Define the
per-user effective cascaded gain

cin 2 (0%, (G Vi)

and update the n-th IRS element phase ¢, in closed form:

K
oy = —arg(Zwkck,n), n=1,...
k=1

where the user weights are equal, wy = 1/K (a sum-gain
proxy independent of the per-user rate). The digital filters
v, are initialized from the direct-channel MMSE solution
(® = 0) for the first coherence interval and warm-started
from the previous interval’s v, thereafter, which keeps the
overall pass non-iterative. The pseudocode is summarized in
Algorithm 4; the entire pass over all N elements is fully
closed-form.

Complexity. The per-element update (32) costs O(K) mul-
tiplications plus one arg evaluation. With the per-user MMSE
filter computed once per coherence interval (cost O(K Nf’))
and reused across elements, the dominant cost of one NIB
pass is

€Y

,N, (32)

Cns(N.K) = O(NK) + O(KN?), (33)

which is linear in N and contains no outer iteration over the
IRS phases. For the reference setting N = 50, K = 8, N, = 16,
the IRS-phase term contributes 400 scalar updates and the
MMSE term contributes O(K N;') ~ 3.3 x 10* operations;
the measured wall-clock cost on the hardware described in
Subsection IV-A.1 is reported in Table 5.

The single pass with a warm-started v; does not jointly
optimize v; and @ to convergence; the resulting sub-
optimality is the standard greedy-vs-SDR gap quantified later
in this subsection. Iterating between the MMSE filter and the
NIB phase update would close part of that gap at the cost of
one extra MMSE solve per inner pass.

Composition with UG. The UG framework is solver-
agnostic. When paired with NIB, Group-A users skip the
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IRS-phase update entirely (their composite channel reduces
to hZ «» Which does not depend on ®), Group-B users use only
the cascaded term, and Group-C users use the full composite.
The NIB+UG variant therefore restricts the weighted sum in
(32) to the active subset BUC, i.e., Step 4 of Algorithm 4 is
replaced by ¢, < —arg(> ez e Wi k), Which reduces the
dominant cost in (33) to

CnBauc(N, K) = O(N(K - |AD) + OKN,),  (34)

identical in structure to the SDR-AO reduction in (27) but
with the (N +1)*> factor replaced by N and without iteration.
The pilot-overhead saving of (29) carries over unchanged
because the pilot pattern is derived from the vision-derived
group labels, not from the IRS solver.

Measured runtime. On the hardware and MATLAB version
described in Subsection IV-A.1, one NIB pass at N = 50,
K =8, N, = 16 executes in approximately 1.5 ms, dominated
by the per-coherence MMSE filter update of ~0.3 ms plus the
closed-form per-element phase pass over N = 50 elements.
NIB+ 3-UG completes in approximately 1.0ms for the
representative |A| : |B|:|C] = 3:3:2 split. These runtimes
appear in the lower block of Table 5 and in the NIB column
of Table 6, where NIB+ 3-UG satisfies Ty < T, in every
deployment row, including the high-mobility indoor-walking
regime with 7. ~43 ms.

Sum-rate trade-off. NIB maximizes an equal-weighted
sum-gain proxy rather than the SDR-AO optimum of (P2.4),
so it incurs a sum-rate gap relative to SDR-AO. On the 90
user placements of Subsection IV-B.2 under indoor LoS-
biased Rician fading with x = 10 dB on both links, the median
sum-rate of NIB is 3.5% below SDR-AOQ, in line with the
greedy-vs-SDR gap reported for element-wise IRS schemes
at moderate N [7], [9], [41]. The UG-induced contribution
to that gap is below 1%, giving an overall NIB+ 3-UG vs
SDR-AO gap of approximately 4%.

Both SDR-AO+UG and NIB+UG inherit the ~38% pilot
saving of Subsection III-B.10; SDR-AO+UG attains the
SDR-AO sum-rate at ~2.3s per coherence interval, while
NIB+UG accepts a ~4% sum-rate gap for a ~1 ms runtime.

13) VISUAL INFORMATION BEYOND USER
LOCALIZATION

The framework so far uses visual information for localization
and grouping. The same camera feed can supply several
additional pieces of information to the beamforming pipeline.
None of these is needed for the schemes above to function,
but each can further reduce overhead or improve robustness:
(i) AoA/AoD priors: since the AP, IRS, and ceiling camera
are at known coordinates, the bounding-box centroid directly
gives the geometric AoA/AoD for the LoS component, which
can be used to initialize the channel estimator and shorten the
pilot sequence; (ii) blockage prediction: consecutive frames
yield user velocity and trajectory, which the grouping logic
can use to assign a user to Group C ahead of time when it
is about to cross a zone boundary, avoiding zone-thrashing;
(iii) human/object discrimination: multi-class detection
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(in place of the single-class detector used here) lets
the system distinguish communicating UEs from non-
communicating obstacles such as humans crossing the LoS
path, which the radio layer cannot recover; (iv) bounding-
box size and aspect-ratio cues: changes in the bounding-box
geometry correlate with user orientation and can serve as
a low-cost prior for hybrid analog/digital beamforming.
Items (iii) and (iv) are not obtainable from RF measurements
alone; (i) and (ii) are obtainable from RF only at substantial
extra cost in pilots and feedback bandwidth.

IV. SIMULATION RESULTS

Subsection A reports the single-user results and Subsection B
reports the multiuser results. Both subsections share the sim-
ulation environment and benchmark configuration described
in Subsection IV-A.1.

A. SINGLE-USER RESULTS

1) SIMULATION SETUP

The simulation setup is depicted in Fig. 9, where the AP-
IRS distance is 50 m, the total transmit power p at the AP is
36 dBm, and the noise power o at the user is —96 dBm [10].
All runtimes reported throughout the paper, the YOLOv2
forward pass, the distance and grouping computation, and
the AO, SDR, ASB, and SDR-AO benchmarks, are measured
on the same machine (AMD Ryzen R7-5800H CPU @
3.20GHz, 16GB RAM, MATLAB R2022a) in CPU-only
mode; no GPU acceleration is used for any component. This
places the detector and the optimization solver on the same
hardware budget and ensures that the runtime gap reported
between the proposed schemes and the benchmarks is not an
artefact of mixed CPU/GPU execution.

2) SNR PERFORMANCE

For N, = 8 and N = 100, Fig. 16 illustrates the real-
time evaluation of SNR performance for 50 images, where
each image represents a geographically random location
of the user (i.e., x-axis of Fig. 16). In most cases, the
SNR performance is nearly identical to AO, SDR, and
ASB. However, at a few locations where the detector
could not detect the object, the proposed scheme shows
negligible performance degradation compared to the other
schemes.

3) COMPUTATIONAL COST

Fig. 17 plots the computational cost (i.e., the average CPU
running time) versus the number of reflecting elements. The
proposed scheme’s computational cost is almost indepen-
dent of the size of the IRS. Specifically, for N = 200,
900, and 3000, the proposed scheme achieves 64%, 91%,
and 99% lower computational cost, respectively, compared
to AO; similar reductions are observed against ASB. The
computational complexity of SDR is much higher (several
seconds even for small N) and is therefore omitted from
Fig. 17.
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B. MULTIUSER RESULTS

1) SIMULATION SETUP

We consider eight users in the IRS-aided multiuser scenario.
All other simulation parameters are the same as those listed
in Subsection IV-A.1.

2) PERFORMANCE

For N, = 16 and N = 50, Fig. 18 shows the instantaneous
sum-rate performance over 90 images, each corresponding
to a geographically random placement of the users; the
corresponding CDF is shown in Fig. 19. The proposed vision-
aided UG methods track the benchmark scheme closely, with
3-UG exhibiting a slightly larger gap than 2-UG because
of its additional simplifications (cheaper composite-channel
computations for users in Groups A and B). The gap remains
within a few percent of the benchmark across the entire
distribution.

3) COMPUTATIONAL COST
Figs. 20 and 21 show the CPU running time in instan-
taneous and CDF form, respectively. The runtime budget
includes the neural-network detection, distance computation,
and user-grouping stages. The CDF in Fig. 21 shows a
runtime reduction of approximately 65-68% for 2-UG and a
consistent 75% for 3-UG across the full distribution, with
the figure annotating these values at the 10-th and 90-th
percentile points.

3-UG is slightly faster than 2-UG because it performs
fewer composite-channel computations (Subsection III-B.9);
the corresponding small additional sum-rate gap was dis-
cussed in Subsection IV-B.2.

V. DISCUSSION

Before concluding the paper, we highlight several important
points related to the implementation and potential extensions
of the proposed framework:

1) Better user detection methods: There may be more
efficient ways to implement the proposed method.
For instance, in the user detection step, using a
lightweight, custom neural network designed for this
specific task could improve accuracy while reducing
the overall computation time. More generally, the
framework is detector-agnostic (Subsection III-A.1):
the downstream pipeline only consumes the bounding-
box centroid, so YOLOvV2 can be replaced by any
modern object detector (YOLOvS5/v8/vll, DETR,
RT-DETR, MobileNet-SSD, EfficientDet-Lite, or a
custom task-specific network) without altering the
downstream pipeline, the calibration procedure, the
pilot-pattern derivation, or the complexity savings of
Section III.

2) Alternative distance estimation: In this work, we used
basic geometric and trigonometric distance calcula-
tions. However, other approaches, such as angle-based
estimation, can be considered. Since the positions
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of the IRS, AP, and camera are fixed, some angles
are known and can be combined with visual cues
to estimate distances more accurately or efficiently,
offering an alternative to the method discussed in
Subsection III-A.2.

3) Use with other optimization techniques: To show
the effectiveness of our proposed UG methods, 2-UG
and 3-UG, we combined them with the SDR-based
approach (Algorithm 1). However, these UG strategies
can also be used with other optimization algorithms,
such as gradient descent, manifold optimization,
deep learning models, or semi-closed-form solutions.
Adding the UG stage beforehand can reduce com-
plexity while still maintaining good performance. The
NIB variant specified in Subsection III-B.12 (Algo-
rithm 4) is one such instance: NIB+3-UG operates
in the millisecond range (Table 5) and meets Tepe <
T, in every deployment row of Table 6. The same
composition extends to gradient-descent, manifold-
optimization, and deep-unfolding solvers without any
change to the vision pipeline, the calibration procedure,
or the pilot-pattern derivation.

4) Use of visual data beyond localization: Subsec-
tion III-B.13 catalogs several complementary roles for
the same camera feed, AoA/AoD priors, blockage pre-
diction, multi-class user/obstacle discrimination, and
orientation cues from bounding-box geometry, which
can be used to further reduce pilot overhead and to sup-
press zone-thrashing during transitions. None of these
is needed for the schemes presented above, but each is
a low-cost extension once the camera infrastructure is
in place.

5) Applicability to advanced IRS types: This paper
focuses on a basic IRS model with half-space
reflection. However, the proposed framework can be
extended to support advanced architectures such as
STAR-IRS, omni-directional IRS, or beyond-diagonal
IRS setups.

Regardless of the specific choices in implementation, the
proposed approach shows strong potential for real-world
applications.

VI. CONCLUSION
IRSs are promising enablers for future communication net-
works. However, due to the large number of reflecting
elements, the computational cost of optimizing all elements
becomes prohibitively high. In this work, we propose a
vision-aided approach to enable low-complexity beamform-
ing in IRS-assisted systems. Specifically, we identify two
suboptimal but computationally efficient solutions and use
visual data to estimate the user’s location relative to the AP
and IRS. Based on these distances, we select the most suitable
low-complexity solution.

Despite a minor and negligible performance degradation,
the proposed scheme significantly reduces computational cost
compared to state-of-the-art methods, such as AO, ASB, and
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SDR, especially when the number of reflecting elements is
large (e.g., N > 100). For example, when N = 200, 900, and
3000, our method achieves a 64%, 91%, and 99% reduction
in computational cost, respectively, compared to AO.

We further extend our scheme to multiuser scenarios
and propose two user grouping methods: 3-UG and 2-UG.
Specifically, we use visual information to detect users in
the region, retrieve their pixel locations, and compute their
distances to the IRS and AP. Based on these distances,
we group the users by their proximity: three groups in the
3-UG method and two groups in the 2-UG method. We then
perform IRS optimization only for Group B and Group C in
3-UG, and only for Group B in 2-UG. This grouping strategy
leads to substantial computational savings with negligible
performance degradation.

For example, when N, = 16 and N = 50, the vision-
aided 3-UG and 2-UG methods reduce the per run runtime
of the SDR-AO step by approximately 75% and 65-68%,
respectively, with the vision-pipeline cost spread over the
slower zone-boundary-crossing timescale and a multipath-
robust grouping criterion based on average path geometry.
The grouping additionally trims the CSI/pilot overhead by
~38% for a representative user-distribution split. The zone
boundaries follow the closed form in (25); the propagation
summary of Table 1 and the geometry sweep of Table 3 show
that the sum-rate gap stays below 3% across deployment vari-
ations with ny, = 10dB held fixed, with the gap growing as
the propagation environment moves from LoS-biased indoor
toward heavy-NLoS or outdoor regimes. Pairing UG with
a non-iterative IRS beamformer (NIB, Algorithm 4) yields
NIB+ 3-UG with a ~1 ms per-coherence-interval runtime and
a ~4% sum-rate gap to SDR-AO. The bounding-box centroid
is the only quantity consumed by the downstream pipeline,
so YOLOV2 can be replaced by any modern object detector
without altering the pipeline, the calibration procedure, or the
complexity savings.

The proposed vision-based framework is readily extend-
able to advanced metasurfaces such as STAR-IRSs, omni-
directional IRSs, beyond-diagonal IRSs, and active IRSs.
The visual feed can also be exploited to predict channel
behavior and blockage patterns, offering promising directions
for future research.
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