Communications & Networks Connect
ISSN: 3105-1421 (9) SCIFINITI
2026, Article ID. 2026.0013, Cite as: https://doi.org/10.69709/CNC.2026.133301 PUBLISHING

Research Article

OPEN ACCESS

Sum Rate Optimization for IRS-Assisted VLC
Systems with Time Delay Considerations Using
Deep Q-Learning

Ahmed Ressan Hussen™" ', Rashid Igbal® ", Ahmed Zoha™ ', Muhammad Ali Imran™ ",

Hanaa Abumarshoud®™

James Watt School of Engineering, University of Glasgow, UK

Article History
Received: September 23, 2025 Accepted: June 30, 2026

Abstract

VVisible light communication (VLC) is a promising solution for high-speed indoor wireless connectivity, offering advantages such
as license-free spectrum and enhanced physical-layer security. However, VLC performance is highly dependent on line-of-sight
(LoS) conditions and is vulnerable to signal degradation caused by device orientation and dynamic obstructions. To address these
challenges, this paper proposes a deep Q-Learning (DQL) framework for resource optimization in intelligent reflecting surface (IRS)-
assisted VLC systems. A realistic system model is developed that incorporates both LoS and non-line-of-sight (NLoS) components,
while explicitly modeling frequency-domain effects due to IRS-induced time delay. The optimization problem jointly considers IRS
element allocation and user-LED association, aiming to maximize the system sum rate under practical constraints such as quality
of service and IRS-induced time delay. A DQL algorithm is designed to learn efficient allocation strategies in high-dimensional
dynamic environments. Simulation results show that the achievable rate obtained using the proposed DQL approach closely matches
that predicted by the analytical model. Furthermore, the results highlight the critical impact of accounting for time delay and
user orientation when designing IRS-assisted VLC systems. The findings support the viability of learning-based, delay-aware
optimization for next-generation intelligent indoor VLC networks.
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l. Introduction These impairments result in severe degradation of link
quality and overall system performance.
Visible light communication (VLC) has emerged as a To address these limitations, intelligent reflecting

compelling alternative to conventional radio frequency  gsyrfaces (IRS) have recently been introduced in VLC sys-
(RF) technologies, offering benefits such as high band-  tems as a promising solution to improve channel robust-
width availability, license-free spectrum, improved phys-  ness [4]. An IRS consists of a large number of passive op-
ical layer security, and immunity to electromagnetic in-  tjca] elements capable of dynamically reflecting incident
terference [1]. These advantages make VLC particularly  Jight towards desired directions, thereby enabling the cre-
attractive for dense indoor environments [2]. However, ation of non-line-of-sight (NLoS) paths when LoS links
VLC systems remain highly dependent on the availability  are blocked. By optimizing the IRS configuration, the ef-
of a clear line-of-sight (LoS) between the transmitter and  fective channel between the VLC access point and the user
the receiver, which can be compromised by user mobil-  ¢can be improved even under adverse indoor conditions.
ity, random device orientation, and dynamic obstacles [3].  Several studies have investigated IRS-assisted VLC ar-
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chitectures, focusing on beam steering and static element
allocation to maximize the achievable data rate [5-8].

Despite recent advances, one critical aspect that re-
mains underexplored is the impact of IRS-induced time
delay. In IRS-assisted VLC systems, reflected signals
may travel significantly longer paths than direct LoS com-
ponents, resulting in dispersion that leads to frequency-
selective fading. If not properly modeled, these effects
can degrade system performance [9]. Recent work has
emphasized the importance of incorporating delay effects
into frequency-domain channel models for IRS-VLC sys-
tems [10], showing that reflection-induced delays are non-
negligible and must be considered in system design. In
recent years, Q-learning, a key method within reinforce-
ment learning (RL), has attracted substantial attention in
wireless communications due to its capacity to iteratively
derive optimal action policies via Q-tables that encode
state-action values. Its simplicity and effectiveness have
led to successful implementations in several wireless net-
work applications [11-13]. Deep reinforcement learning
(DRL) has been increasingly adopted in IRS-assisted wire-
less systems, particularly to tackle non-convex optimiza-
tion challenges. For example, Huang et al. [14] presented
a DRL-based relay selection strategy in IRS-assisted co-
operative networks, aiming to enhance throughput. Simi-
larly, a multi-agent DRL approach was explored in [15],
where the objective was to implement a buffer-aided re-
lay selection mechanism within a secure cooperative IRS-
enabled network.

I.l1. Related Work

Further expanding on DRL’s applicability, the authors
of [16] proposed an integrated machine learning frame-
work combining LSTM-ARIMA position prediction and
a dueling double deep Q-network (D3QN) algorithm to
jointly optimize robot trajectories, RIS phase shifts, and
power allocation in RIS-NOMA aided multi-robot indoor
networks. The authors in [17] investigated mobile IRS
elements mounted on autonomous robots in NOMA net-
works and employed federated learning approaches to op-
timize resource allocation and reflection configuration. In
[18], the authors applied a recurrent neural network to dy-
namically optimize IRS placement in NLoS VLC environ-
ments, demonstrating significant SNR improvements us-
ing angle diversity receivers and adaptive learning strate-
gies. A complementary effort in [19] leveraged a genetic
algorithm-based solution to jointly optimize IRS place-
ment and signal resource allocation in a NOMA-based
VLC system, aiming to enhance link robustness. In addi-
tion, a DRL-based method was formulated in [20] to maxi-
mize secrecy capacity in IRS-assisted VLC environments,

emphasizing physical-layer security. Lastly, the work in
[21] introduced two iterative optimization techniques, the
frozen variable method and a minorization-maximization
algorithm, to incrementally improve spectral efficiency
in multi-user VLC systems supported by IRS deployment.
Finally, in line with the growing interest in the use of DRL
for resource optimization in IRS-assisted VLC, the au-
thors in [22] proposed a two-stage framework that jointly
addresses user fairness and spectral efficiency. The pro-
posed method begins with a Maximum Possible Fairness
algorithm designed to balance resource allocation among
users, followed by a DQL stage aimed at maximizing the
overall spectral efficiency of the system. It is noted that
applying DQL to jointly optimize IRS allocation and user-
LED association under realistic VLC channel conditions,
including time-delay effects, remains unexplored.

Recent research has also explored the joint optimiza-
tion of LED transmission and IRS configuration in VLC
systems. Liu et al. [23] investigated the maximization
of the sum rate for NOMA-based VLC with intelligent
optical reflecting surfaces, proposing joint optimization
of IRS reflection coefficients and power allocation. Sun
et al. [24] provided a comprehensive overview of opti-
cal IRS for VLC, introducing the association model for
LED-IRS configurations and discussing beam alignment
techniques. Liu et al. [25] proposed a robust layout op-
timization scheme using the non-dominated sorting ge-
netic algorithm-II to jointly optimize access point posi-
tions and IRS array directions for blockage resistance.
Zhao et al. [26] analyzed secrecy performance in IRS-
aided VLC systems, optimizing LED-IRS element associ-
ations for physical layer security. An et al. [27] proposed
a joint resource allocation framework for IRS-assisted
VLC systems, optimizing optical IRS arrangement and
power allocation to maximize energy efficiency. Cang
et al. [28] investigated joint deployment and resource
management for VLC-enabled RIS-assisted unmanned
aerial vehicle (UAV) networks. However, these works as-
sume flat-frequency channels and do not consider the time-
delay effects introduced by differential propagation paths
through IRS elements, which cause frequency-selective
fading that significantly impacts achievable data rates.

Time dispersion and multipath propagation have
been extensively studied in conventional VLC systems.
Miramirkhani and Uysal [29] presented comprehensive
indoor VLC channel models reporting root mean square
(RMS) delay spreads of 10 -15 ns that cause inter-symbol
interference (ISI) at high data rates. Tong et al. [30] in-
vestigated VLC channel characteristics in industrial IoT
scenarios, modeling delay spread with distance-dependent
statistical distributions and proposing link adaptation meth-
ods for multipath interference mitigation. Sejan et al.
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[31] provided a comprehensive survey on MIMO VLC,
addressing ISI mitigation through spatial diversity and
adaptive modulation techniques. To combat frequency-
selective fading, T. Deepa et al. [32] proposed precoding
matrix techniques for optical OFDM systems, while Zen-
hom et al. [33] evaluated various O-OFDM approaches for
VLC systems, including DCO-OFDM, ACO-OFDM, and
LACO-OFDM, proposing a Vandermonde-Like Matrix
precoding technique to reduce the peak-to-average power
ratio without degrading BER performance. Di Zheng et al.
[34] introduced DCO-OTFS modulation to exploit delay-
Doppler domain sparsity, achieving a 7 dB improvement
over conventional OFDM in time-varying VLC channels.
Farahneh H. et al. [35] analyzed adaptive OFDM in vehic-
ular VLC networks with realistic multipath effects. While
these works provide valuable insights into delay modeling
and mitigation, they do not consider IRS-assisted scenar-
ios where multiple reflected paths with distinct delays
create complex frequency-selective channel responses.

From the above literature review, we identify a crit-
ical research gap: existing works have addressed joint
LED-IRS optimization without considering time-delay
effects, while others have addressed delay modeling in
conventional VLC without IRS assistance. To the best
of our knowledge, no prior work has jointly addressed
IRS element allocation, LED-user association, and time-
delay-induced frequency-selective fading within a unified
optimization framework. Furthermore, learning-based ap-
proaches that can adapt to the complex, non-convex op-
timization landscape created by differential time delays
remain unexplored. This paper bridges this gap by propos-
ing a DQL framework that jointly optimizes IRS element
allocation and LED-user association under a delay-aware,
frequency-selective VLC channel model. A detailed nu-
merical comparison against additional heuristic/RL base-
lines under the same delay-sensitive model is left for fu-
ture work.

2. Motivation and Contributions

Against the given background, the motivations and contri-
butions of this work are as follows:

1.  We develop a theoretical framework to characterize
the impact of IRS-induced time delay on the achiev-
able rate using frequency-domain analysis and vali-
date the proposed DQL-based optimization through
extensive simulations.

2. We formulate a joint optimization problem (IRS
allocation and LED association) that maximizes
the system sum rate subject to per-user quality-of-
service (QoS) constraints, taking into account IRS-
induced time delay.

3. We develop a DQL-based algorithm to solve the
joint optimization problem, enabling efficient IRS
and user association learning.

The remainder of this paper is structured as follows:
Section 3 describes the VLC system model, including
channel formulation with LoS and IRS-assisted NLoS
paths as well as time delay effects. Section 4 derives a
closed-form expression for the sum rate using frequency-
domain analysis. Section 5 presents the joint optimization
problem for IRS element allocation and user association
under QoS constraints. Section 6 introduces a DQL-based
framework to solve the optimization problem efficiently
in high-dimensional environments. Section 7 provides
simulation results and discussion, highlighting the impact
of time delay and device orientation. Finally, Section 8
concludes the paper and outlines potential directions for
future research.

3. System Model

This work considers the downlink transmission in an IRS-
assisted VLC system based on direct current optical fre-
quency division multiplexing (DCO-OFDM). As shown
in Figure 1, the system consists of L LEDs mounted on
the ceiling and K randomly distributed users equipped
with photodetectors (PDs) within the room. In addition,
there are Nj, reflecting elements fixed on a wall of the
room with a separation distance D between the elements.
In IRS-assisted VLC, the transmitted signal reaches the re-
ceiver via two paths: LoS and NLoS, which are discussed
in detail in the following subsections.

Figure |: System model with an IRS installed on a wall.
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3.1. LoS Channel

The LoS channel gain between LED [ and user k, denoted
as GLos ki, follows the Lambertian model [5]:

FDA
% cos” (¢k,1) cos(Yi,i) G Ge,
kel

0 <1 < Yoy, M

GLos,k,i =
0, otherwise,

where A is the physical area of the PD, d}, ; is the distance

between the LED [ and the user k, ¢y, ; and 1)y, ; are the an-
gles of irradiance and incidence respectively, U,y is the
receiver field-of-view (FoV), G is the optical filter gain,
and G.. is the optical concentrator gain defined as:

52

——, 0 < < Upey
sin® Wy ’ o

G, = 2

0, otherwise,

where £ is the refractive index. The Lambertian order m

is:
1
- 3
mn log,(cos(P1/2)) )

where @, /5 is the semi-angle at half the power of the LED.
3.2. IRS-Assisted NLoS Channel

The NLoS signal reflected via the IRS is modeled by con-
sidering a set of passive elements Nj. Each IRS element
reflects light from the LED [ toward the user %k by adjust-
ing its orientation. The NLoS channel gain from LED [ to
user k through the IRS element n, denoted Girs i n,i, 1S
given by [5]:
p(m+1)A
27 (dy,1 + dp,n)?
0 < Yg,n < Yrov,

c0s™ (¢n,1) cos(Yx,n) Gy Ge,
GRS, k,n,l =

0, otherwise,

“
where p is the reflectivity of the IRS element, d,, ; is the
distance from LED [ to IRS element n, dy 5, is the dis-
tance from IRS element n to user k, and ¢, ;, Vy  are
the respective angles of irradiance and incidence. This
work accounts for the time delay in light propagation for
both LoS and NLoS paths. The overall channel impulse
response (CIR) between user k£ and LED [ is [9]:

Nirs
hi,1(t) = Gros,k,1 5(t*7'k,l)+z GRS, kim0 O(t—Thkn1), (5)

n=1

where §(-) denotes the Dirac delta function, 74, ; = dj;/c
is the LoS propagation delay, 7 n; = (dp; + di.n)/c s
the IRS-reflected propagation delay via element n, and ¢ is

the speed of light. The channel frequency response (CFR),
obtained as the Fourier transform of the CIR, is given by

[9]:

Hy 1 (f) = Gros,e,e 727kt 4 > Grs, ki e 2™ Tkt (6)
n=1

The signal-to-noise ratio (SNR) at frequency f is [9]:

2T By (f) Pay [Hi 1 (f)? R
FK? NQ ’

Y (f) = (7
where T is the duration of the symbol , Ey( f) is the power
allocated to the user k at frequency f, Py is the optical
power, R,q is the PD responsivity, I" is the SNR gap, « is
the modulation scaling factor, and Ny is the noise power
spectral density. To investigate the effect of IRS-induced
time delay across the frequency band, we expand the chan-
nel power response |Hy ;(f)|? as [9]:

Nirs
|Hy i (I = Gos i +2Gros ity Gicos2m f (i — Tr,1))
i=1
Nirs Nirs
+D G+ 332G Gy eol2n f (T — 1)), (8)
i=1 i=1u<i

For notational compactness in (8), we write G; =
GRS ki1, Gu = GRS kyuls Ti = Thyil> a0d Ty = Th a1,
where Tkl = (di,l + dk,i)/C and Tkl = (du,l + dk}u)/c
are the propagation delays via IRS elements 7 and u respec-
tively. Here Girs k,i,1 and Gigs kv, are as defined in (4).
The LoS delay 7,; = dj;/c is written explicitly in (8)
without shorthand to avoid ambiguity. The full user- and
LED-indexed notation is restored in Section 4. The four
terms in (8) have the following physical interpretations:
The first term G%O&M is the direct LoS channel power.
The second term captures the cross-gain between the LoS
component and each IRS-reflected path, which gives rise
to constructive or destructive interference depending on
the differential delay A7 = 7 ;; — 7%;. Note that (8)
represents the full channel power response prior to IRS el-
ement assignment, summing contributions from all Ny el-
ements irrespective of user assignment. The user-specific
rate expressions derived in Section 4 employ the binary
indicator 5; 1, defined in (10), to select only those IRS el-
ements assigned to user k.

4. Theoretical Analysis of
Achievable Rate

To analyze the impact of IRS-induced time delay in a
frequency-selective VLC channel, we derive an expres-
sion for the achievable rate using DCO-OFDM under in-
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tensity modulation and direct detection (IM/DD). The rate
for user k served by LED [ is given by:

P 2T E(f)Po Ry H 2
Rk,l:/m log2<1+ (f) P Bial Hie 1 (£)] )df’ )
0

Iw2N

where Hj, (f) denotes the channel frequency response
that includes both LoS and IRS-assisted NLoS compo-
nents. We assume that the IRS element allocation is repre-
sented by an integer vector s = [s1, S2, . .., SN,,] |, where
each s; € {1,2,..., K} indicates the user index to which
the ¢-th IRS element is assigned. To incorporate this user-
specific IRS mapping into the rate expression for user k,
we define the binary indicator:

. 1,
Sik = 0,

where 3; ;, = 1 if and only if the IRS element ¢ is assigned
to the user k, and zero otherwise. Note that by construc-
tion, Zszl 3, = 1 for all 4, since each IRS element is
assigned to exactly one user. By incorporating this binary
selector into the channel model, the rate expression Ry, ;
for the user k£ becomes:

ifSi == k‘,

otherwise,

(10)

L Nirs
Rk,l:/ log, <1+A<GL05M+ZS“€G”“
0 =1

Nirs
+ 2 GlLos,k,1 Z i,k G, cos(27 f (T3 — Tros))
i—1

(11
+Zz2szk5uszk

i=1 u<i

G,k coS2m f (T — TJ))) df,

where:
2T PR

opt

FH2N0

Here, the first term G7 g ., tepresents the direct LoS chan-
nel power. The second term Y, 3, .G7 . captures the
power of IRS-reflected paths assigned to user k. The third
term represents the constructive/destructive cross-gain be-
tween the LoS and IRS-reflected components. The fourth
term, with both selectors 3; 5, and 3, , represents inter-
element interference between pairs of IRS elements both
assigned to user k; elements assigned to different users do
not contribute to this term.

To separate the frequency-independent and
frequency-dependent contributions, we apply the loga-
rithmic identity:

log,(1+A+B(f)) = 10g2(1+A)+10g2<1+£> (12)

where A = A<Gios,k,l + 3N 5k Gf’k> collects all
frequency-independent channel gain terms, and B(f) =
A Ni(f) contains the frequency-dependent interference
terms defined in (14). Applying (12) to Equation (11)

yields:

N"\
Ry, = log2 <1+A<GLoSkl +Zsszl k))
=1 (13)

AN:(f)
+/0 log, <1+ Dr >df7

Nirs

Ni(f) = 2 GLos,k,1 Z&k Gi i cof2m f (Ti — TLos))

=1

where:

(14)
Nirs
+ Z Z 238k 8u,k Gik Gu,k 027 f (Tu — 73)),
i=1lu<i
Nirs
Dy _1+A<G§os,k,z+2§i,k G?k) (15)
i=1

Approximation Strategy:

To simplify the integral in (13), we apply a cosme
approximation. For small arguments, cos(z) ~ 1 — %-.
However, to avoid inaccuracies for larger delays, we use
a more balanced bound:

sin(x)

xT

cos(x) =~ , 0<z<m.

Applying this approximation to N (f) in (14):

N;

Ni(f) = 2Gros,k,1 ;SLk Gik <1 - %)
+i2251k5uszkGuk (16)
imlu<i
1 sin( 27 f (14, — 74))
(=)

Substituting (16) into the second integral term of (13) and
evaluating:

Ry 12 ~

A GLos, k1
G
Dkln2< Zz:slk bk

sin( =(Ti = TLos)
(1 - <7r<Ts>)>

T,
s 1
1 Nirs ( 7)
+ — Z Z 3k 8uk Gik Guk
' i=1u<i

o T(Tu—T4)
()
Ts

To account for approximation inaccuracies inherent in the
cosine bound, a correction factor C' is introduced. The
final achievable rate approximation for user k served by
LED [ is:
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1 irs
Rk,l,appmx ~ T 10g2<1 +A (Gfos,k‘l + Z Sik G?,k) )
s i=1

Nirg
A Grskl S~ o
Dy inz T, 2 kG

sin( W(Ti;STLoS) )

s

+C

(18)

1 Nirs
+ T Z Z Sik Suk Gik Guk

S i=1u<i

sin( 7747,,%; 7i) )
o)
Ts

This approximation provides analytical insight into how
IRS-induced propagation delays affect the achievable rate
in VLC systems operating under DCO-OFDM. The binary
selectors §; , and 5, ensure that only IRS elements as-
signed to user k contribute to the rate computation, main-
taining full consistency with the integer allocation vector
s defined in constraint (20c).

5. Problem Formulation

The objective of this work is to jointly optimize IRS el-
ement allocation and user-LED association in an IRS-
assisted VLC system while accounting for the time delays
introduced by IRS reflections. Unlike most previous work,
our formulation explicitly incorporates IRS-induced time
delays into the system model, enabling more realistic and
accurate performance optimization via DQL. The aim is
to maximize the total system sum rate subject to minimum
QoS requirements for all users.

5.1. Optimization Objective

The total system sum rate is defined as:

K L
Rsung E ak, 1 R,

k=11=1

(19)

where ay,; € {0, 1} is the binary association variable in-
dicating whether the user £ is assigned to LED [, and Ry, ;
is the achievable rate as defined in Equation (18). The
optimization problem is formulated as:

P: max Rum (20a)
st. Ry > Rmin, Vke{l,...,K}, (20b)
S; € {].,...,K}, Vi € {17~--7Nirs}7 (20¢)

L
Y ari=1, Vke{l,... K} (20d)

I=1

Here, Ry represents the total achievable sum rate of
the system. The constraint (20b) ensures that each user
meets the minimum data rate requirement Ry,,. The con-
straint (20c) ensures that each IRS element ¢ is assigned
to exactly one user via the allocation vector s. The cor-
responding binary selector 3; 5, defined in (10), satisfies
Zle 3;%x = 1 for all ¢ by construction and is used
throughout the rate expressions to activate only the IRS el-
ements belonging to user k. The constraint (20d) ensures
that each user is served by exactly one LED.

6. Proposed Deep Q
Learning-Based Solution

The objective in (20a) to (20d) is to maximize the total
sum rate Rg,, using two discrete decision variables: the
LED-to-user association a and the IRS element-to-user as-
signment s. Direct search is not practical when the system
grows; therefore, we use a DQL to learn a policy that up-
dates a and s to increase Ry, through repeated interaction
with the environment, as summarized in Algorithm 1.

We model the problem as a Markov decision process
(MDP) that is consistent with (20a) to (20d). The MDP
observation o; contains the current LED-user association,
the IRS assignment, and the side information needed to
evaluate the rates, such as user positions and channel sum-
maries. The MDP action «; is a single edit to the config-
uration, either reassigning an IRS element to a different
user,or changing the LED of one user. Feasibility is en-
forced by construction: each user keeps exactly one serv-
ing LED, each IRS element is owned by exactly one user,
and the QoS constraint Ry > Rpy, is handled by mask-
ing actions that would produce a next observation with
any user below the threshold; if masking would remove
all candidates, we keep the top actions by the predicted Q
value to preserve exploration.

The reward is aligned exactly with the objective,

K L
Tt = Rum(0¢41) = Z Z ag, 1 Ry,1,
k=

11=1

where Ry ; is computed by using the delay-aware rate
model defined earlier. No penalty terms are used; there-
fore, the agent learns to maximize the same function as in
(20a).

The action-value function is approximated by a neu-
ral network Qg (0, ). We train it with a replay buffer and
a target network. The temporal difference loss is:

L(0) = E[(Tt 7y max Qo-(0411,") — Qo(04, Oét))ﬂ )

Hussen et al.

Communications & Networks Connect


https://scifiniti.com/
https://scifiniti.com/journals/communications-networks-connect

SCIFINITI

PUBLISHING

®

2026, Vol. 3, Article ID. 2026.0013
https://doi.org/10.69709/CNC.2026.133301

where + is the discount factor and 6~ denotes the parame-
ters of the target network. Exploration follows a e-greedy
schedule that decays over time.

Algorithm 1 Deep Q Network (DQN) to maximize Ry,

Initialize online network )y and target network Qg-
Initialize replay buffer D
Initialize best record (a*,s*, RY,.,)
for episode e = 1 to F do

Sample a feasible (a, s) and set initial observation
0o

BAEE A

6: for stept = 0to T — 1 do

7: Build the valid action set by masking actions
that break (20b) to (20d)

8: With probability € pick a random valid action,
otherwise pick a; = argmaxge 4., @o(0¢, @)

9: Apply o to update (a, s) and obtain 0.4 1

10: Set reward 7, = Rgym(0441)

11: Store (0, g, r4,0441) in D

12: Sample a minibatch from D and update 6 by
minimizing £(6)

13: Every C steps set 0~ < 0

14: If ry > R, then update (a*,s*, RY,.)

15: Set 0y < 0411

16: end for

17: end for

18: Return (a*,s*)

Table 1 specifies only the essentials of the function
approximator; the input dimension follows the chosen ob-
servation encoding, and the output dimension follows the
valid action set at each state. With these choices, the agent
edits one part of the configuration at a time; feasibility is
preserved at every step, and the learning signal equals the
target objective; hence, the policy converges to configura-
tions that give high Ry, under the constraints in (20b)
to (20d). Training is performed offline for £ = 3000
episodes, and the learning curve in Figure 2 shows that the
smoothed reward stabilizes after ~ 1500 episodes. In our
MATLAB implementation, this offline training required
approximately 4 h.

Table I: DQN network setup.

Item Setting

Network type Fully connected feed forward
Hidden layers 3

Neurons per hidden layer [512,256, 128]

Activation ReLU

Output One Q value per valid action

7. Simulation and Discussion

This section presents simulation results to evaluate the
effectiveness of the proposed DQL framework for IRS-
assisted VLC systems under realistic conditions, includ-
ing IRS-induced time delay and user orientation vari-
ability. Our DQL-based method achieves performance
trends similar to existing RL-based approaches [9,36],
with added robustness under delay modeling and more
complex IRS-user association dynamics. The simulation
parameters are listed in Table 2. Users are randomly de-
ployed within a 5 x 5 x 3 m*® room. User device orienta-
tions are randomly sampled from a distribution represent-
ing realistic handheld usage. No dynamic blockages are
explicitly modeled. The IRS is mounted on a vertical wall
and assists communication by reflecting optical signals to
users lacking a direct LoS path.

Table 2: Simulation Parameters

Parameter Value

Room Dimensions 5m X 5m X 3m
Number of LEDs (L) 4
Number of Users (K) 3

IRS Grid Size (Nirs) 30 x 30

IRS Reflectivity (p) 1

Noise PSD (No) 1072 A% /Hz
PD Area (A) 1em?

PD Responsivity (Rps) 0.5 A/W
Bandwidth (W) 20MHz
Symbol Duration (7s)  1ns

Learning Rate («) 0.001
Discount Factor () 0.9

Exploration Rate (€)
Replay Buffer Size

Decays from 1 to 0.01
10* transitions

Figure 2 illustrates the evolution of the system sum
rate during DQL training for a 30 x 30 IRS configuration.
In the early training stages, the agent explores subopti-
mal configurations due to random action selection. Over
time, it learns effective IRS-user and LED-user assign-
ments. The smoothed reward curve demonstrates stable
convergence beyond 1500 episodes.

Figure 3 illustrates the accuracy of the derived ana-
lytical approximation for the achievable sum rate by com-
paring it to the result obtained via numerical integration
of the full expression. In both cases, the system configura-
tion (IRS-user and LED-user assignments) is determined
using the proposed DQL algorithm. The close alignment
between the two curves confirms that the analytical ap-
proximation closely matches the true rate computation,
validating its use for performance evaluation and algo-
rithm training.
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Figure 2: Reward progression during DQL training for a 30 x 30
IRS. The smoothed curve reflects policy stabilization over time.
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Figure 3: Validation of the derived sum rate approximation
against numerical integration. Both results are computed using
DQL-optimized configurations, but use different rate evaluation
methods.

Figure 4 highlights the importance of incorporating
IRS-induced time delay into the system model. For each
IRS size (10 x 10, 15 x 15, and 30 x 30 elements), two
scenarios are compared: one models delay, and one as-
sumes ideal synchrony. The results show that ignoring
time delay leads to lower achievable rates. The perfor-
mance gap increases with IRS size, as delay spread be-
comes more significant with longer reflected paths.

Figure 5 illustrates the impact of user device orien-
tation on system performance under delay-aware model-
ing. Two scenarios are evaluated: fixed vs. random ori-
entations across multiple IRS sizes (10 x 10, 15 x 15,
and 30 x 30). While both benefit from DQL-based op-
timization, fixed orientation achieves significantly higher
rates due to improved alignment between users and IRS-
reflected paths.
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Figure 4: Impact of IRS-induced time delay on sum rate perfor-
mance across different IRS sizes.
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Figure 5: Sum rate comparison under fixed vs. random orienta-
tion, with time delay modeled and IRS configuration optimized
via DQL.

The results demonstrate that fixed orientation con-
sistently outperforms random orientation, as predictable
alignment enables the DQL agent to allocate IRS elements
more effectively. The performance gap becomes more
pronounced as the number of IRS elements increases, re-
flecting the growing sensitivity of larger IRS configura-
tions to spatial misalignment caused by random device
orientation, particularly in the presence of IRS-induced
time delays. While both fixed and random orientation
scenarios benefit from the proposed DQL optimization
and delay-aware modeling, random orientation introduces
greater variability in the channel response, which limits
the achievable sum rate relative to fixed setups. Never-
theless, the results highlight the robustness of the DQL
framework, which maintains strong performance even un-
der the challenges posed by random user orientation. This
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underscores the importance of incorporating orientation
dynamics into VLC system models and the need for adap-
tive learning-based control strategies capable of operating
effectively under spatial uncertainty. The above analysis
confirms the significance of user orientation in practical
VLC systems and the need for learning-based adaptive
IRS control that can tolerate spatial uncertainty while in-
corporating realistic delay effects.

7.1. Performance Under Different
Channel Conditions

To evaluate robustness under practical propagation condi-
tions, we compare three cases: (i) LoS-only, (ii) NLoS-
only, and (iii) LoS+NLoS. Figure 6 shows the sum rate
versus optical transmit power for 10 x 10 elements. The
combined LoS+NLoS case achieves the highest through-
put across the full power range due to the additional IRS-
reflected component. Importantly, the NLoS-only case
maintains competitive performance relative to LoS-only,
indicating that the IRS can help sustain connectivity un-
der complete LoS blockage. Overall, these results demon-
strate that the proposed DQL-based optimization remains
effective across different channel conditions and is partic-
ularly beneficial in environments with intermittent or ob-
structed LoS.

o
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Figure 6: Sum rate versus optical power for Njs = 100 under the
blockage conditions

8. Conclusions

This paper presented a DQL framework for joint opti-
mization of IRS element allocation and user—LED asso-
ciation in IRS-assisted VLC systems. Unlike prior works,
the proposed approach incorporates a frequency-selective
channel model that includes IRS-induced time delays,
which are important for realistic system-level modeling.
A closed-form analytical approximation of the achievable
rate under DCO-OFDM and IM/DD transmission was de-
rived, capturing delay spread effects in the frequency do-

main. To address the resulting combinatorial optimization
problem, a discrete-action DQL agent was employed to
learn efficient IRS and LED configurations in dynamic
indoor environments. Simulation results demonstrated
that the analytical approximation closely matches the true
achievable rate computed via numerical integration, sup-
porting its use for system evaluation and training. Further-
more, incorporating IRS-induced delay into the system
model improved performance compared to models that ig-
nore such effects, especially for larger IRS arrays where
delay spread becomes more significant. The results also
highlighted the impact of user orientation, showing that
fixed orientations yield higher performance than random
ones.
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