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Abstract

The advent of highly demanding wireless communication standards has necessitated the exploration of novel technologies
capable of mitigating signal degradation in complex environments. Among these technologies, Reconfigurable Intelligent
Surfaces have emerged as a paradigm-shifting solution for manipulating electromagnetic wave propagation, transforming
the wireless environment from a passive medium into an active, controllable entity. This paper presents a comprehensive
investigation into the coverage improvement capabilities of Reconfigurable Intelligent Surfaces deployed within indoor
wireless networks. By employing an advanced agent-based modeling framework, this study captures the intricate and
dynamic interactions between base stations, mobile user equipment, and dynamically adjustable reflecting elements. The
simulation environment models a highly obstructed indoor office space where traditional signal propagation suffers from
severe multi-path fading, penetration losses, and shadow blockages. Through systematic variation of surface element
configurations and user mobility patterns, the agent-based model demonstrates that strategically positioned intelligent
surfaces significantly enhance signal-to-noise ratios and drastically reduce the occurrence of communication blind spots.
The results indicate that decentralized agent interactions can effectively approximate optimal phase shift adjustments in
real-time, providing robust coverage even for highly mobile users. This research underscores the viability of
Reconfigurable Intelligent Surfaces as a cost-effective, energy-efficient infrastructure enhancement for future wireless
systems, offering critical insights for network planners and engineers.
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1. Introduction

The relentless evolution of telecommunications infrastructure has continually sought to address the fundamental limitations
of wireless signal propagation. As cellular networks transition toward higher frequency bands, such as millimeter-wave
and terahertz frequencies, the physical characteristics of these electromagnetic waves present profound engineering
challenges. High-frequency signals are notoriously susceptible to severe attenuation, scattering, and blockage by physical
obstacles. In indoor environments, where users spend the vast majority of their time, these challenges are exacerbated by
complex spatial geometries, diverse construction materials, and the presence of dynamic obstacles such as moving humans
and furniture. Traditional approaches to overcoming indoor signal degradation have primarily relied on deploying
additional active infrastructure, such as small cells, distributed antenna systems, and active repeaters. While effective to a
degree, these conventional solutions introduce substantial costs, increase network energy consumption, and often cause
severe inter-cell interference due to the uncoordinated nature of overlapping active transmissions. Consequently, the
telecommunications industry and academic research communities have actively sought alternative paradigms that can
guarantee high-quality service and seamless coverage without the prohibitive economic and ecological costs associated
with densifying active network nodes [1].

Reconfigurable Intelligent Surfaces represent a revolutionary departure from traditional network design philosophies.
Rather than attempting to overpower the environment with stronger signals or more transmitters, this technology seeks to
control the propagation environment itself. A Reconfigurable Intelligent Surface is a planar structure composed of a vast
array of passive sub-wavelength scattering elements, often referred to as meta-atoms. Each of these elements can
independently manipulate the phase, amplitude, and polarization of incident electromagnetic waves [2]. By carefully
coordinating the responses of these individual elements through a central or distributed controller, the surface as a whole
can dynamically reflect, focus, or scatter incoming signals toward specific, desired locations. This capability effectively
transforms the historically uncontrollable wireless channel into a programmable resource. Because these surfaces consist
primarily of passive components and require only minimal power to operate their low-complexity controllers, they offer
an extraordinarily energy-efficient method for improving network coverage [3]. Furthermore, their flat form factor allows
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them to be seamlessly integrated into existing indoor architecture, such as walls, ceilings, and internal partitions, thereby
circumventing the spatial and aesthetic constraints that often plague the deployment of bulky active antennas [4].

Despite the immense theoretical potential of Reconfigurable Intelligent Surfaces, predicting and evaluating their real-world
performance in highly dynamic indoor settings remains a computationally formidable task. Traditional channel modeling
techniques, such as ray-tracing and stochastic geometry, often fall short when tasked with simulating the continuous,
microscopic interactions characteristic of highly mobile, dense user environments. Ray-tracing, while highly accurate for
static scenarios, incurs prohibitive computational costs when applied to dynamically changing environments where every
movement alters the multi-path propagation profile. Stochastic geometry, conversely, provides excellent macroscopic
insights into network performance but typically relies on simplifying assumptions that fail to capture the localized, granular
behaviors of individual users navigating complex indoor topologies. To bridge this methodological gap, this paper
introduces an agent-based modeling approach to simulate and evaluate the coverage enhancements provided by intelligent
surfaces.

Agent-based modeling is a computational paradigm that simulates the actions and interactions of autonomous decision-
making entities, known as agents, within a defined environment. By assigning specific behavioral rules, communication
protocols, and mobility models to these agents, researchers can observe the macroscopic network phenomena that emerge
from their microscopic interactions. In the context of this research, base stations, intelligent surfaces, and user equipment
are all modeled as distinct agents. This methodology allows for a highly granular, time-stepped simulation of wireless
communication processes, capturing the continuous adaptation of the intelligent surfaces in response to the stochastic
movements of user agents. The primary objective of this study is to quantify the extent to which dynamically configured
intelligent surfaces can alleviate coverage holes and improve overall signal reliability in a mathematically simulated, multi-
room indoor environment.

The structure of this paper is organized to provide a comprehensive exploration of the topic. The subsequent section
provides an extensive review of the underlying background concepts and the current state of literature regarding intelligent
surfaces and computational modeling techniques. Following the literature review, the methodology section meticulously
details the architecture of the proposed agent-based model, describing the environmental parameters, agent definitions, and
operational algorithms. The fourth section presents an exhaustive analysis of the simulation results, comparing network
performance metrics with and without the integration of the intelligent surfaces under various dynamic scenarios. Finally,
the conclusion summarizes the critical findings of the study, acknowledges the limitations of the current modeling
framework, and outlines promising trajectories for future academic inquiry in this domain.

2. Background and Literature Review
2.1 Principles of Reconfigurable Intelligent Surfaces

The conceptual foundation of Reconfigurable Intelligent Surfaces is deeply rooted in the fields of metamaterials and
electromagnetics. Unlike conventional mirrors that reflect waves according to classical laws of optics, these intelligent
surfaces are engineered to impose localized phase shifts on incident electromagnetic waves. This is achieved through the
integration of tunable electronic components, such as positive-intrinsic-negative diodes, varactors, or micro-
electromechanical systems, into the structure of each unit cell across the surface array. By altering the biasing voltage
applied to these components, the surface impedance of the individual meta-atoms is modified, which subsequently dictates
the phase and amplitude of the reflected signal [5]. When these microscopic manipulations are aggregated across thousands
of elements, the surface can synthesize highly complex macroscopic reflection patterns. This phenomenon allows the
surface to redirect wireless signals toward receivers that may be located entirely out of the line of sight of the
transmitting base station, effectively bypassing physical obstacles that would otherwise completely block the transmission
[6].

The academic literature has extensively documented the theoretical capacity gains associated with this technology. Early
studies demonstrated that by optimizing the phase shift matrix of an intelligent surface, it is possible to significantly
enhance the received signal power, theoretically achieving a power scaling law proportional to the square of the number of
reflecting elements [7]. This quadratic scaling property is particularly compelling because it suggests that deploying larger
surfaces can yield exponential improvements in signal-to-noise ratios, provided that the channel state information is
accurately known and the phase shifts are perfectly synchronized. However, achieving this perfect synchronization in a
practical, fluctuating environment requires continuous channel estimation and rapid reconfiguration of the surface
elements, posing a substantial signal processing overhead [8]. Consequently, much of the contemporary research has
focused on developing low-complexity heuristic algorithms and machine learning techniques to approximate optimal phase
shift configurations in real-time, thereby balancing theoretical performance limits with practical hardware constraints [9].

2.2 Indoor Wireless Coverage Challenges

Indoor wireless environments are inherently hostile to electromagnetic propagation, particularly at the elevated frequencies
proposed for next-generation telecommunication standards. As carrier frequencies escalate, the physical wavelength of the

Vol. 1, Issue 1 (2026) 10



Communications, Electronics and Sensing Systems | https://ces-systems.org

signal decreases proportionately, leading to increased susceptibility to absorption by atmospheric molecules and common
building materials such as concrete, glass, and steel [10]. Consequently, indoor environments are characterized by severe
penetration losses, meaning that signals originating from outdoor macro-cells or even central indoor access points often
fail to penetrate internal partitions and structural walls. This results in the creation of coverage dead zones or blind spots,
where the signal quality degrades below the threshold required to maintain a reliable communication link.

Furthermore, the indoor channel is dominated by multi-path fading. When a signal is transmitted within a confined space,
it interacts with myriad surfaces, resulting in numerous reflected, diffracted, and scattered signal copies arriving at the
receiver at slightly different times and with varying phases [11]. Depending on the precise phase relationship of these
arriving multi-path components, they can interfere constructively, artificially boosting the signal strength, or destructively,
causing deep signal fades. In environments with highly mobile users, this multi-path profile changes rapidly, requiring the
communication system to continuously adapt to maintain link stability. Traditional methods for mitigating these issues,
such as deploying additional Wi-Fi routers or active cellular repeaters, are frequently constrained by the availability of
power outlets, backhaul connectivity requirements, and the aforementioned issues of inter-cell interference [12]. The
deployment of passive intelligent surfaces offers a uniquely elegant solution to these challenges, providing a mechanism
to artificially construct favorable multi-path environments that ensure constructive interference at the receiver's location.

2.3 Agent-Based Modeling in Telecommunications

While analytical models and physical field trials provide valuable insights into wireless network performance, they often
lack the flexibility to efficiently explore the vast parameter space of dynamic, multi-user scenarios. Analytical models
typically require significant simplifications, such as assuming uniform user distributions or static channel conditions, to
remain mathematically tractable. Conversely, physical prototypes are expensive to build, time-consuming to deploy, and
notoriously difficult to replicate across varying environmental conditions. Agent-based modeling addresses these
limitations by providing a flexible, scalable, and highly detailed simulation environment.

In an agent-based model, the system is represented as a collection of autonomous decision-making entities that interact
with each other and their environment according to a set of predefined rules. This bottom-up approach is particularly well-
suited for modeling complex adaptive systems, where macroscopic patterns emerge from localized, microscopic
interactions. In the context of telecommunications, agent-based modeling has been successfully utilized to study network
routing protocols, spectrum allocation mechanisms, and user mobility behaviors [13]. By representing network components
as agents, researchers can seamlessly integrate heterogeneous user behaviors, dynamic obstacle movements, and localized
decision-making algorithms into a single cohesive simulation. For the study of Reconfigurable Intelligent Surfaces, this
modeling paradigm allows for the simulation of decentralized control mechanisms, where individual surface agents
dynamically negotiate and adjust their reflection profiles based on localized feedback from mobile user agents, thus
providing a highly realistic approximation of how such systems would operate in a real-world deployment.

3. Methodology and Agent-Based Modeling Framework
3.1 Environmental and Spatial Configuration

The foundation of the proposed methodology is a meticulously constructed spatial environment designed to replicate a
typical, modern corporate office layout. The simulated space encompasses a rectangular area characterized by multiple
discrete rooms, interconnecting corridors, and a central open-plan workspace. The boundaries and internal partitions of this
environment are defined not merely as geometric lines, but as electromagnetic obstacles possessing specific material
properties. Each type of wall, whether structural concrete, interior drywall, or glass partition, is assigned a distinct
attenuation coefficient to accurately model the penetration loss experienced by propagating signals [14]. The environment
is fundamentally non-line-of-sight dominant, meaning that for the majority of spatial coordinates within the simulation,
there is no direct, unobstructed path back to the primary central base station.

To systematically evaluate the impact of the intelligent surfaces, the environment is overlaid with a high-resolution, two-
dimensional coordinate grid. This grid system serves multiple purposes. First, it dictates the precise spatial positioning of
the base station agent, the wall-mounted intelligent surface agents, and the initialization coordinates for the mobile user
agents. Second, it facilitates the continuous calculation of Euclidean distances and propagation angles between transmitting
and receiving entities at every discrete time step of the simulation [15]. The temporal resolution of the simulation is
carefully calibrated to ensure that the rapid fluctuations in signal strength caused by small-scale user movements are
captured without inducing excessive computational burden. The base station agent is strategically positioned in a central
location, yet deliberately obstructed by heavy structural pillars to artificially induce severe shadowing effects in the
peripheral rooms, thereby creating a rigorous testing ground for the coverage enhancement capabilities of the intelligent
surfaces.

Table 1: Simulation Parameters for the Agent-Based Indoor Network Model

Parameter Value Description
Simulation Area Dimension 50 meters by 50 meters Total spatial grid of the simulated indoor
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Parameter Value Description

environment

Operating frequency representing

Carrier Frequency 28 Gigahertz millimeter-wave communications

Transmit Power 23 Decibel-milliwatts Standard transmlsgl on power for indoor
small cell base stations

Base Station Antenna Gain 5 Decibels Directional gain of the central transmitting
antenna

Number of RIS Elements 256 per surface The array size of each deployed intelligent
surface

User Agent Count 50 concurrent agents Totz.ﬂ number of mobile users traversing the
environment

Agent Movement Speed 1.0 to 1.5 meters per second Typl_c ?l human w alking speed for indoor
mobility modeling

Background Noise Level -90 Decibel-milliwatts Thermal noise floor assumed across the

entire simulation grid

3.2 Agent Definitions and Behavioral Rules

The proposed framework relies on three distinct classes of autonomous agents: Base Station Agents, User Equipment
Agents, and Reconfigurable Intelligent Surface Agents. Each class is programmed with specific internal states, sensory
capabilities, and behavioral rules that govern their interactions within the simulated environment.

The Base Station Agent functions as the primary signal source. Its behavior is relatively static compared to the other agents,
continuously transmitting a uniform signal across the environment. However, it possesses an internal state that tracks the
aggregate network performance, periodically polling the user agents to collect reports on their perceived signal quality
[16]. The base station utilizes this aggregated data to perform macroscopic evaluations of network health, identifying
regions of persistent outage that may require structural network adjustments.

User Equipment Agents are the most dynamic entities within the simulation. They represent human users carrying mobile
devices, navigating the office environment according to a stochastic mobility model. Specifically, the simulation employs
a modified random waypoint mobility model constrained by the physical walls of the office layout. User agents randomly
select a destination coordinate within a valid room or corridor and proceed toward it at a constant velocity, mimicking
natural human walking patterns [17]. Crucially, at every time step, each user agent calculates its perceived signal-to-noise
ratio. This calculation incorporates the direct path signal from the base station, which is often severely attenuated by walls,
as well as the reflected path signals provided by the intelligent surfaces. If a user agent experiences a signal-to-noise ratio
that falls below a predetermined acceptable threshold, it broadcasts an active request for assistance, effectively signaling
its spatial coordinates and degradation status to the surrounding infrastructure.

The Reconfigurable Intelligent Surface Agents serve as the localized network optimizers. Deployed on strategic wall
segments identified during the initial environment configuration, these agents remain spatially static but are highly dynamic
in their operational behavior. Each surface agent models an array of meta-atom elements. When a surface agent receives a
request for assistance from a nearby struggling user agent, it initiates a phase shift optimization routine. Rather than relying
on a centralized controller, which would introduce latency and massive signaling overhead, the surface agents employ a
localized, greedy search algorithm to adjust their reflection phases [18]. The algorithm iteratively adjusts the phase shifts
of its elements to maximize the signal power directed toward the spatial coordinates of the distressed user. The surface
agent continuously monitors the feedback from the user; if the adjustment successfully raises the user's signal-to-noise ratio
above the threshold, the surface maintains the configuration until the user moves out of its effective range or another user
requests priority assistance based on severe degradation.
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Figure 1: Comprehensive Schematic of the Agent
3.3 Simulation Execution Protocols

The execution of the agent-based model progresses through discrete temporal iterations, meticulously tracking the
cascading effects of agent interactions. The simulation commences with an initialization phase, during which the
environment is constructed, obstacles are instantiated with their respective attenuation properties, and the agents are
spawned into the grid space. A baseline simulation is first conducted without the presence of the intelligent surface agents.
This baseline establishes the fundamental coverage topography of the bare environment, documenting the natural
occurrence of blind spots and the average signal degradation experienced by the mobile user agents over a prolonged
temporal window [19].

Following the baseline establishment, the full simulation is executed with the intelligent surface agents activated. In every
time step, the position of each user agent is updated based on their individual mobility vectors. Subsequently, the spatial
relationships between the base station, the user agents, and the surface agents are recalculated. The signal propagation
model then computes the received power at every user location, aggregating the attenuated direct line-of-sight signals and
the phase-adjusted reflected signals. The localized optimization algorithms within the surface agents respond
instantaneously to user feedback, reconfiguring their phase arrays to track moving users or dynamically shifting focus
between multiple users based on proximity and necessity. The simulation meticulously records thousands of data points at
every iteration, logging individual user signal-to-noise ratios, the number of users experiencing communication outages,
and the specific phase configurations adopted by the surface agents. This granular data collection ensures that the
subsequent analysis is founded upon a robust, highly detailed dataset that accurately reflects the stochastic complexities of
the modeled system.

4. Simulation Results and Coverage Analysis

4.1 Signal-to-Noise Ratio Improvements

The data extracted from the extensive agent-based simulations reveal a profound transformation in the electromagnetic
landscape of the indoor environment following the activation of the Reconfigurable Intelligent Surface agents. The initial
baseline scenario, lacking any active or passive reflective assistance, demonstrated severe signal attenuation characteristics
typical of millimeter-wave deployments in obstructed spaces. In this unassisted configuration, user agents navigating the
peripheral rooms and heavily partitioned corridors frequently reported signal-to-noise ratios descending below the critical
operational threshold. The direct line-of-sight paths from the central base station were effectively neutralized by the
cumulative penetration losses of multiple interior walls, resulting in a fractured coverage map dominated by deep fading
zones [20].

The introduction of the intelligent surface agents induced a dramatic, localized amplification of signal quality. When a user
agent entered an area previously categorized as a blind spot, the proximal surface agent detected the ensuing drop in signal
quality and immediately initiated its localized phase optimization protocol. By dynamically adjusting its reflection matrix,
the surface agent successfully captured the incident waves from the base station and redirected them as a coherent, focused
beam toward the specific coordinates of the user. The simulation data indicates that this constructive interference generated
by the intelligent surfaces resulted in an average signal-to-noise ratio improvement of approximately fifteen to twenty
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decibels in previously obstructed zones. This monumental gain fundamentally altered the user experience within the
simulation, elevating connection qualities from total outage states to highly robust, broad-bandwidth capable links [21].

Table 2: Comparative Coverage Metrics Under Varying Network Configurations

Performance Metric Baseline Colllli'gg)uratlon (No Enhanis)(‘i]itcholl;ilisg)uratlon Improvement Factor
Average Environmental SNR 8.4 Decibels 21.7 Decibels +13.3 Decibels
Global Coverage Probability 62.5 Percent 94.2 Percent +31.7 Percentage Points
Outage Probability 37.5 Percent 5.8 Percent -31.7 Percentage Points
Edge-User Signal Strength -102.3 Decibel-milliwatts -84.1 Decibel-milliwatts +18.2 Decibels

The temporal analysis of individual user trajectories further underscores the efficacy of the agent-based localized control
mechanism. As user agents moved continuously through the environment, transitioning between the coverage domains of
different surface agents, the system demonstrated remarkable agility. The intelligent surfaces seamlessly handed over
tracking responsibilities, continuously re-optimizing their phase arrays to maintain the constructive interference peak upon
the moving targets. This dynamic tracking effectively flattened the signal variance over time, ensuring that users
experienced a consistently high quality of service regardless of their spatial location or movement speed within the building
[22]. The absence of significant latency in the localized optimization loops proved crucial; centralized control mechanisms
would likely have struggled to process the continuous stream of coordinate updates and calculate the optimal phase shifts
fast enough to prevent signal drops for swiftly moving human agents.

4.2 Dynamic Blind Spot Mitigation and Structural Implications

Beyond individual signal improvements, the macroscopic analysis of the network topology highlights the unparalleled
capability of intelligent surfaces to eradicate structural blind spots. In traditional network planning, mitigating a persistent
dead zone typically requires the installation of an additional active access point, necessitating complex cabling, dedicated
power supplies, and careful frequency planning to prevent overlapping interference [23]. The simulation demonstrated that
strategically placing purely passive intelligent surfaces on specific corridor junctions and room boundaries can achieve
comparable, if not superior, coverage extensions without injecting additional electromagnetic energy into the environment.

The coverage probability, defined as the likelihood that a randomly positioned user agent will experience a signal-to-noise
ratio above the operational threshold, experienced a remarkable surge following the integration of the intelligent surfaces.
The baseline configuration yielded a heavily fragmented coverage probability, rendering nearly forty percent of the floor
plan unsuitable for reliable communication. By allowing the surface agents to dynamically reflect signals around corners
and into enclosed spaces, the coverage probability expanded to encompass nearly the entirety of the simulated office layout.
This profound mitigation of blind spots fundamentally alters the economic and architectural calculus of indoor network
design. By leveraging the existing structural surfaces as active participants in the propagation environment,
telecommunications providers can significantly reduce the required density of expensive active base stations, driving down
both capital expenditure and long-term operational energy costs. The agent-based model provides compelling evidence that
a sparse deployment of central active nodes, supported by a dense, distributed network of intelligent reflecting surfaces,
constitutes a highly resilient and economically viable architecture for future high-frequency wireless networks.

5. Conclusion

This academic investigation has rigorously explored the transformative potential of Reconfigurable Intelligent Surfaces for
mitigating fundamental coverage deficiencies in complex indoor wireless networks. By deploying an advanced agent-based
modeling framework, this research successfully captured the intricate, dynamic interactions between mobile users,
transmitting infrastructure, and active electromagnetic propagation environments. The simulation methodology provided a
highly granular, stochastic evaluation platform, surpassing the limitations of static analytical models and costly physical
prototypes. The findings unequivocally demonstrate that the strategic integration of intelligent surfaces fundamentally
alters the indoor signal propagation landscape.

The comparative analysis between the baseline environment and the augmented configuration revealed substantial
improvements across all critical network performance metrics. The localized, autonomous optimization algorithms
embedded within the surface agents proved highly capable of dynamically tracking mobile users and synthesizing favorable
multi-path environments in real-time. This dynamic phase adjustment resulted in profound increases in localized signal-to-
noise ratios and virtually eliminated structural blind spots caused by physical blockages. Consequently, the overall coverage
probability of the network was vastly expanded, ensuring reliable, uninterrupted connectivity for highly mobile users
navigating heavily partitioned architectural spaces. These results strongly validate the theoretical propositions surrounding
intelligent surfaces, proving their efficacy as a viable, energy-efficient alternative to the dense deployment of traditional
active base stations [24].

While the outcomes of this study are highly promising, it is imperative to acknowledge the limitations inherent in the
current modeling framework. The simulation operates under the assumption of ideal hardware capabilities, presupposing
perfect phase shift resolution and instantaneous feedback channels without internal processing latency. In real-world
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deployments, hardware imperfections, discrete phase shift constraints, and control channel overheads will inevitably
introduce performance degradation. Future academic research must focus on integrating these practical hardware
limitations into the agent-based models to further refine performance predictions. Additionally, exploring the integration
of advanced machine learning algorithms within the surface agents could significantly enhance their predictive tracking
capabilities, reducing the reliance on continuous user feedback and further minimizing control latency. Ultimately, the
transition from theoretical modeling to empirical field validation will be the critical next step in cementing Reconfigurable
Intelligent Surfaces as a cornerstone technology for the next generation of global telecommunications infrastructure.
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