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ABSTRACT: Autonomous drones operating in indoor environments cannot rely on the global positioning
system (GPS) signals for precise navigation due to severe signal attenuation and multipath interference in
GPS-denied spaces. This paper presents a novel Li-Fi-based optical positioning, and combined with high-
sensitivity photodiode sensor arrays, to enable robust drone guidance in challenging indoor environments
where conventional radio-frequency localization fails. The proposed system uses strategically distributed
ceiling-mounted Light Emitting Diode (LED) luminaires across the operational space, each transmitting
unique identification codes through high-frequency light modulation at rates imperceptible to human vision,
thereby maintaining dual functionality for simultaneous illumination and positioning. Unlike existing VLC
positioning studies that focus on static receivers, our system integrates real-time optical localization directly
into the UAV control loop at 120 Hz, achieving closed-loop autonomous navigation without GPS or RF
assistance. The system demonstrates sub-decimetric positioning accuracy (<8 cm), low latency (4.2 ms),
and operates successfully on resource constrained micro-UAV platforms (250 g quadcopter with STM32
microcontroller. OpenELAB Technology Ltd., Garching bei Miinchen, Germany). Experimental validation
includes complex 3D trajectory tracking, multi-room scalability analysis, and quantitative comparison with
existing localization technologies, confirming the viability of Li-Fi guided autonomous flight for practical
indoor application.
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1. Introduction

Indoor aerial robotics has become an essential field of research and development, paving the way for
a multitude of transformative applications such as automated inventory inspection in warehouses [1], search
and rescue missions in complex environments, and optimized logistics in smart factories [2]. The ability of
unmanned aerial vehicles (UAVs), or drones, to move quickly in three-dimensional spaces offers immense
potential to improve the efficiency, safety, and autonomy of these operations. However, the precise and
reliable navigation of drones indoors remains a major challenge [3]. The conventional navigation method
for outdoor environments, the global positioning system (GPS), quickly becomes unusable inside buildings
due to the high attenuation of satellite signals by building structures [4].

© 2026 The authors. This is an open access article under the Creative Commons Attribution 4.0 International License
[ (https://creativecommons.org/licenses/by/4.0/).
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Faced with this limitation, the scientific community has explored various alternative approaches for
indoor localization and navigation. These include visual SLAM (simultaneous localization and mapping),
which uses cameras to map the environment and locate the drone simultaneously, trilateration based on
radio signals (such as Wi-Fi or Bluetooth), and the use of ultrasonic beacons. However, each of these
technologies has notable drawbacks [4]. Visual SLAM is often very computationally intensive, which can
be an obstacle for small drones with limited processing capabilities. Radio-based systems are susceptible
to electromagnetic interference and multipath signals, which can degrade their accuracy. As for ultrasonic
beacons, although accurate, they can be expensive to deploy on a large scale, and their range is limited [5].

In this context, visible light communication (VLC) and its networking form, Li-Fi (light fidelity), are
emerging as promising alternatives and enabling technologies for indoor navigation. Li-Fi uses the visible
light spectrum to transmit data at high speeds, offering a high-bandwidth communication medium that is
inherently immune to radio frequency interference. A major advantage of Li-Fi is that it can be integrated
into modern LED (light emitting diode) lighting systems, which are increasingly being deployed in
commercial and residential buildings. The use of these same luminaires not only for lighting but also for
localization and navigation offers a potentially low-cost, energy-efficient, and easily scalable solution [6].

Building on these advances, this paper aims to design and evaluate a light-guided navigation system
that enables drones to localize and control their flight in GPS-denied spaces by decoding Li-Fi beacon
signals. By leveraging the existing lighting infrastructure, our system seeks to provide a precise, robust,
and cost-effective navigation solution.

Contributions

This work makes the following specific technical contributions:

1. Multi-frequency simultaneous detection scheme: We present a frequency-division multiple access
(FDMA) approach using unique subcarrier frequencies (10-25 kHz) for each beacon, enabling
simultaneous multi-LED detection without time-division multiplexing or sequential scanning, thereby
reducing latency compared to existing VLC positioning systems.

2. Embedded real-time implementation: We demonstrate a complete hardware/software system on
resource-constrained micro-UAV platforms (a 250 g quadcopter with STM32 microcontroller),
addressing the computational limitations that restrict vision-based SLAM deployment on small drones.

3. Adaptive optical-inertial sensor fusion: We design an Extended Kalman Filter (EKF) specifically
optimized for fusing photodiode measurements with IMU data under challenging conditions (intensity
fluctuations, partial occlusion), maintaining sub-decimetric accuracy even under 20% illumination loss.

4. Closed-loop autonomous flight validation: We provide the first experimental demonstration (to our
knowledge) of fully autonomous Li-Fi-guided UAV flight with complex 3D trajectory tracking,
including quantitative performance comparison with Wi-Fi, UWB, and vision-based systems.

The remainder of this article is organized as follows: Section 2 reviews related work on indoor UAV
localization. Section 3 describes the system design including hardware architecture, modulation scheme,
and algorithms. Section 4 presents implementation details and the simulation framework. Section 5
analyzes experimental results including localization accuracy, latency, trajectory tracking, scalability, and
comparative performance. Section 6 discusses energy considerations and limitations. Finally, Section 7
concludes and outlines future research directions.

2. Related Work

Indoor localisation and navigation of unmanned aerial vehicles (UAVs) have been addressed using
various sensing modalities, each with trade-offs in accuracy, cost, and computational complexity. This
section reviews the state-of-the-art across four main categories.
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2.1. Camera-Based SLAM Approaches

Vision-based methods such as SLAM and visual inertial odometry can achieve centimeter-level
accuracy [7,8]. The ORB-SLAM3 system demonstrates robust performance across diverse environments
with multi-map capabilities [9,10]. However, these approaches require heavy computation, high-quality
imagery, and substantial onboard processing resources (typically GPU or high-end processors consuming
5-15 W), which are impractical for micro-UAVs with limited payload capacity and power budgets. Recent
work on UAV image processing for agricultural applications [11,12] highlights the computational demands
of transformer-based vision systems, further emphasizing the need for lightweight alternatives for resource-
constrained platforms.

2.2. RF-Based Localization (UWB, Wi-Fi)

Radio-frequency (RF) and Wi-Fi fingerprinting techniques, including UWB trilateration, offer wider
coverage but suffer from multipath fading and interference, often yielding position errors above one meter
in complex indoor layouts [13]. While adaptive Kalman filtering can improve performance [14],
fundamental limitations of RF propagation in cluttered environments persist. These methods also face
spectrum licensing constraints and electromagnetic interference in industrial settings.

2.3. Ultrasonic Systems

Infrared and ultrasonic systems provide 10-20 cm precision at low cost but are highly sensitive to
occlusion and surface reflections, restricting their use in dynamic aerial applications [15]. Their limited
range (typically <10 m) requires dense beacon deployment for large-area coverage, increasing
infrastructure costs.

2.4. VLC/Li-Fi Positioning Systems

Recently, optical localization using visible light communication (VLC) or Li-Fi has emerged as a
promising alternative due to its high spatial resolution, inherent confinement, and immunity to RF
congestion [16]. In such systems, ceiling-mounted LEDs transmit encoded identifiers that enable receivers
to infer their position using received signal strength or angle-of-arrival estimation.

Niu et al. [15] proposed a 3D indoor positioning system for drones based on VLC, combining visible
light intensity sequences (VLIS) with inertial measurement unit (IMU) data. Leichenko et al. [17]
developed algorithms for deploying Li-Fi drone networks in cluttered environments, while recent work [18]
demonstrated ultra-reliable low-latency communication (URLLC) for swarm coordination. However, most
VLC-based positioning studies focus on static or ground receivers [15—18], with limited demonstration of
real-time closed-loop control for autonomous aerial vehicles.

2.5. Gap Analysis and Positioning of Our Work

Existing VLC positioning systems typically operate at 10-30 Hz update rates and have not been validated
for autonomous UAYV flight control, which requires <10 ms latency and robust performance under dynamic
lighting conditions. Vision-based systems achieve high accuracy but are computationally prohibitive for
micro-UAVs, while RF methods suffer from interference and multipath errors in indoor environments.

Our work addresses these gaps by integrating real-time optical localization directly into the UAV
control loop at 120 Hz, using a lightweight embedded architecture suitable for resource-constrained
platforms. Unlike prior VLC studies, we demonstrate complete closed-loop autonomous navigation with
complex 3D trajectory tracking and quantitative comparison against established localization technologies.
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3. System Design

The proposed light guided navigation system integrates optical positioning with inertial sensing to
provide accurate, real-time control for autonomous drones in GPS denied environments. The overall design
consists of the optical beacon infrastructures, the onboard receiver and control electronics, the modulation
and identification protocol, and the positioning and sensor fusion algorithms.

3.1. Hardware Architecture

The experimental setup employs four high brightness white light emitting diodes (LEDs) mounted at the
corners of a 5 x 3 x 3 m® indoor area (Figure 1). Each LED acts as an optical beacon transmitting a unique
identifier. To ensure spectral separation, each beacon is modulated at a distinct subcarrier frequency given by

f; = 10 + 5i kHz, i=1,234 (1)

The chosen frequencies are high enough to be imperceptible to the human eye but sufficiently low to
allow reliable detection by standard photodiode sensors.
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Figure 1. System design. (a) Algorithm flow diagram; (b) 3D system layout.

The drone receiver module comprises a four-quadrant photodiode (PD) array oriented upward to
capture light from multiple LEDs simultaneously. The PD output is passed through analog band pass filters
to isolate each subcarrier component, followed by an analog to digital converter (ADC) interfaced with an
onboard STM32 microcontroller. An integrated inertial measurement unit (IMU) provides three axis
acceleration and angular velocity data for attitude estimation. For monitoring and data logging, a
Bluetooth/UART telemetry link connects the drone to a ground station. This architecture achieves a
lightweight, low-power implementation suitable for micro-UAV platforms, with a total additional
processing power of approximately 200 mW (~5% of the propulsion power).

Figure 2 details how optical sensing, estimation and control interact to enable real-time high precision
indoor navigation. This begins with optical power measurements captured by the photodiode array from
the ceiling LED beacons. Subsequently, analog filtering followed by digital demodulation and FFT based
analysis isolates each beacon’s subcarrier signature, producing the received power values associated with
its identifiers.
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Figure 2. Algorithm flow diagram showing the integration of optical sensing, estimation, and control.

These are input to the optical trilateration block, which calculates an initial estimate of a 2D position
by using intensity ratios. The output of trilateration is fused inside an Extended Kalman Filter with inertial
data given as acceleration and angular velocity to produce a smoothed and drift-compensated full state
estimate including position, velocity, and orientation. The state vector from the EKF is fed into a PID flight
controller to generate low-level motor commands for stabilization and waypoint following. Simultaneously,
the IMU measurements create a feedback loop that provides continuous error correction to the EKF and
allows for robust performance under noisy conditions, partial occlusion, or temporary signal degradation.

3.2. Modulation and Identification

Each ceiling LED transmits a binary amplitude modulated optical frame containing its unique identifier.
The transmitted signal from LED i is expressed as

s;(t) = [1 + cos(2nfit)] X (by + b, cos(2mRt)) 2)

where f; denotes the subcarrier frequency, R is the data symbol rate, and b, b€ {0, 1} encodes a 4-bit
digital ID assigned to each beacon. The signal is superimposed on the illumination carrier such that data
modulation is invisible to the human eye.

At the receiver, the composite optical waveform from all LEDs is detected by the PD array. A fast
Fourier Transform (FFT) based spectral analysis isolates the contribution of each beacon using its unique
subcarrier frequency. This scheme allows simultaneous multi-LED detection and eliminates the need for
sequential scanning or time-division multiplexing, thereby reducing latency and improving robustness
against flicker or transient occlusion.

3.3. Position Estimation Model

The received optical power I; from LED i is modeled as

PA, T;(¥;)g(;)cos (¥;)
I = Z; cos )

where P; is the emitted optical power, 4, is the effective area of the photodiode, Ts(1;) is the optical
filter transmission coefficient, g(1;) is the concentrator gain, 1); is the incidence angle between the LED
and receiver, and d; is the distance separating them.
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Assuming Lambertian emission, the intensity decreases with the square of the distance and the cosine
of the incidence angle. Using the relative intensity ratios from at least three visible LEDs, the drone
estimates its horizontal coordinates by optical trilateration, expressed as

" I;
A=ZW~p-, Wi = 4
i i Pi i Zjlj ()

where p; represents the known position of LED i and w; is a normalized weighting factor proportional
to the received intensity. The altitude component can be derived from the overall received power using pre-
calibrated height intensity mappings. This method provides continuous position updates without requiring
precise time synchronization or complex angular measurement.

3.4. Sensor Fusion and Control

To ensure stable navigation, the optical position A are fused with IMU-based velocity and acceleration
data using an extended Kalman filter (EKF). The system is modeled as

Xk+1 = Fkxk + Gkuk + Wk, Zy = Hkxk + 147 (5)

where x; is the state vector including position, velocity, and orientation, u;, is the control input, and wy,, v}
are process and measurement noise, respectively. The EKF provides optimal state estimates by recursively
correcting IMU drift with optical measurements, significantly reducing jitter and cumulative error.

The fused state output drives a PID based control layer that generates motor speed commands for path
tracking and attitude stabilization. This closed loop architecture allows the drone to maintain smooth
trajectories even under partial optical blockage or dynamic lighting variations, thereby achieving real-time,
GPS independent flight autonomy.

4. Implementation and Simulation
4.1. Simulation Environment

A Python-based simulator models the 3D room geometry, LED beacon placement, and drone motion
dynamics. The simulator incorporates realistic noise models, including Gaussian photodiode noise (g =
0.021) and IMU drift (0.5°/s). Ray-tracing algorithms compute optical power distribution accounting for
Lambertian emission patterns and receiver orientation (Figure 3). Monte Carlo simulations with 1000 trials
per configuration provide statistical validation of positioning accuracy.
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Figure 3. Simulated optical-intensity distribution under LED beacons showing coverage zones.
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4.2. Prototype Hardware

A 250 g quadcopter platform was equipped with an upward-facing four-quadrant photodiode array and
an STM32 microcontroller board with integrated IMU (MPU-6050). Four ceiling-mounted LED luminaires
(5W each) transmitted unique identifiers using 10—25 kHz subcarrier modulation. Analog band-pass filters
(Q-factor = 10) isolated individual beacon signals before 12-bit ADC sampling at 240 kHz. The complete
system processed sensor data and executed control commands in real-time at 120 Hz with measured end-
to-end latency of 4.2 ms.

5. Results
5.1. Localization Accuracy

The proposed Li-Fi based localization achieved sub-decimetric accuracy, consistent with theoretical
predictions and prior VLC based positioning systems [18]. The system remained stable even under 20%
illumination loss (simulating partial occlusion or LED degradation), confirming resilience against real-
world impairments. Errors were primarily attributed to multipath reflections from walls and ceiling surfaces,
and quantization noise in the 12-bit ADC during low-light conditions. Table 1 summarizes positioning
performance across 500 test points distributed throughout the operational volume.

Table 1. Localization accuracy details.

Metric Mean Std. Dev.
Planar error 7.8 cm 2.1 cm
Vertical error 5.3 cm 1.7 cm
Oriented deviation 4.6° 1.3°

5.2. Latency and Update Rate

The measured end-to-end processing latency from photodiode detection to control command
generation was 4.2 ms, yielding an effective update frequency of 120 Hz. This performance exceeds the
typical requirements for UAV flight control loops (10 ms latency threshold) and outperforms RF-based
(10-30 Hz) and vision-based systems (30-50 Hz), which are limited by communication overhead and
computational complexity [19].

Figure 4 illustrates the relationship between localization error and two critical physical parameters:
illumination loss and SNR. The left plot shows that position error increases nonlinearly with reduced LED
illumination, as lower intensity gradients provide less discriminative information for trilateration. Even at
20% loss (simulating partial occlusion or beacon failure), the system maintains errors below 12 cm,
confirming robustness. The right plot depicts error decreasing monotonically with SNR, consistent with
photodiode noise models. Errors increase steeply below 15 dB SNR, where shot-noise and ADC
quantization dominate. Both trends align with established VLC localization theory [20] and validate the
robustness of our approach against moderate lighting degradation.
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Figure 4. Localization error vs. illumination loss and SNR.

5.3. Trajectory Tracking

To validate closed loop control, the drone executed multiple trajectory patterns using only Li-Fi
guidance and IMU feedback:

— Basic square pattern (2 m side): The drone followed each waypoint with a mean deviation below 10
cm. Figure 5 shows the reconstructed 2D trajectory closely matching the reference path. Slight offsets
near corners reflect temporary angle-of-arrival variations during rapid orientation changes, a known
limitation of optical positioning systems.
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Figure 5. Actual vs. estimated drone path for square trajectory (2D view).

— Complex 3D lemniscate trajectory: to demonstrate its capability for realistic maneuvers, the drone
executed a lemniscate pattern with altitude transitions from 0.5 m to 2.5 m at velocities up to 1.5 m/s.
Figure 6 presents the 3D trajectory reconstruction showing accurate tracking through complex curved
paths and vertical transitions (see Table 2).
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Figure 6. 3D trajectory tracking with altitude variations.

Table 2. Advanced trajectory tracking metrics.

Trajectory Max Deviation Mean Deviation Settling Time
Square (2 m, 0.5 m/s) 9.2 cm 6.3 cm 0.8s
Lemniscate (4 m, 1.0 m/s) 14.7 cm 8.9 cm 1.2s
Aggressive turn (90°) 18.3 cm 11.4 cm 1.5s

5.4. Scalability Analysis

To assess system scalability, we simulated a multi-room environment (10 m x 8§ m x 3.5 m) divided
into three zones, each covered by 4—6 LED beacons. Figure 7 shows localization accuracy as a function of
room size and beacon density.
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Figure 7. Scalability analysis: localization error vs. room size and beacon density.
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6. Discussions
6.1. Comparison with Existing Systems

The experimental results (see Figure 8) demonstrate several key advantages of Li-Fi-based optical

positioning:

1. Superior accuracy-to-complexity ratio: <8 cm positioning error with minimal computational overhead
(~200 mW processing power), compared to vision SLAM requiring 5—15 W for similar accuracy

2. High update rate: 120 Hz positioning enables tight control loops and smooth trajectory tracking,
outperforming RF methods (10-50 Hz), limited by protocol overhead

3. Immunity to RF interference: Optical signaling eliminates concerns about electromagnetic interference,
multipath fading, and spectrum licensing that affect Wi-Fi/UWB systems

4. Dual-purpose infrastructure: Leverages existing LED lighting, avoiding dedicated positioning
hardware costs

5. Scalability: Linear cost scaling with coverage area through the addition of LED beacons, unlike vision
systems requiring proportionally more computational resources.
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Figure 8. Comparison with existing localization systems.

Table 3 summarizes a comparison of positioning and guidance technologies for drones, based on
technical criteria.

Table 3. Table of comparison.

Technology Accuracy Update Rate Complexity Power Consumption
Wi-Fi RSSI 1-3m 10 Hz Low <0.5W
UWB 10 cm 50 Hz Medium 1-2W
Vision SLAM 2-5cm 30 Hz High 5-15W
Proposed Li-Fi guidance <8 cm 120 Hz Low ~0.2 W

Statistical analysis (paired t-tests) confirmed significant accuracy improvements of our Li-Fi system
over Wi-Fi (p <0.001) and UWB (p < 0.01) methods. While vision SLAM achieved comparable accuracy,
it required 25-75x higher computational power, making it impractical for micro-UAV platforms with
limited payload and battery capacity (Figure 9).
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Figure 10 provides a holistic view showing that Li-Fi guidance achieves an optimal balance of accuracy,
speed, computational efficiency, and power consumption—making it particularly suitable for resource-
constrained autonomous drone applications.
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Figure 10. Li-Fi guidance for drone applications.

6.2. Energy Considerations

The energy footprint of the system is minimal. Each LED beacon consumes less than 2 W for combined
illumination and positioning (with modulation adding <5% overhead). The onboard processing load comprises:

e STMS32 microcontroller: ~150 mW
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e Photodiode array and analog front-end: ~50 mW
e Total additional power: ~200 mW (~5% of typical propulsion power)

This efficiency enables deployment on energy-constrained micro-UAVs without compromising flight
endurance, unlike vision SLAM systems that require dedicated GPUs or high-end processors, which
consume 5—15 W [21]. For a typical 1000 mAh battery at 11.1 V, our system adds only ~90 s of battery
drain compared to 8—12 min for vision-based alternatives (Figure 11).
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Figure 11. Power consumption breakdown and comparison with vision-based systems.

6.3. Limitations and Challenges

While the system demonstrates strong performance, several limitations must be acknowledged:

Line-of-sight requirement: Optical positioning requires direct visibility to at least three LED beacons.
Complete occlusion causes temporary positioning loss, though IMU dead-reckoning provides short-term
backup (<2 s accuracy).

Ambient light sensitivity: Strong directional sunlight or flickering artificial lights can reduce SNR. Our
system mitigates this through narrow band-pass filtering (Q = 10) and high-frequency modulation, but
extreme conditions may degrade performance.

Limited vertical resolution: Height estimation from overall received power is less accurate than
horizontal positioning, particularly near beacon level where intensity gradients are minimal.

Infrastructure dependency: System requires pre-installed LED beacons with known positions, limiting
deployment to prepared environments.

Multi-room handover latency: Transitioning between beacon zones adds ~300 ms as the system
acquires new beacon signals, though this is acceptable for most applications.

These limitations suggest complementary sensor-fusion strategies to enhance robustness, as discussed
in Section 7.

7. Conclusions and Future Works

This study presented a comprehensive Li-Fi-based optical navigation framework for autonomous
drones operating in GPS-denied indoor environments. The proposed approach leverages ceiling-mounted
LED luminaires that transmit modulated optical identifiers, enabling precise position estimation through
optical trilateration. By integrating this information with inertial measurements from the onboard IMU via
an Extended Kalman Filter (EKF), the system achieves robust, low-latency localization suitable for real-
time flight control.
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Both simulation and experimental results demonstrated sub-decimetric positioning accuracy (<8 cm
mean error), angular stability below 5°, and update rates of 120 Hz—significantly outperforming RF-based
alternatives and approaching vision-based accuracy with orders-of-magnitude lower computational
requirements. Successful closed-loop trajectory tracking through complex 3D maneuvers, including figure-
8 patterns with altitude transitions at velocities up to 1.5 m/s, confirms the viability of Li-Fi guidance for
realistic indoor operations. Multi-room scalability analysis and quantitative comparisons with Wi-Fi, UWB,
and vision SLAM systems establish Li-Fi positioning as an efficient, interference-free alternative
particularly suited for resource-constrained micro-UAYV platforms.

The demonstrated framework highlights the synergy between optical communication and autonomous
control, positioning Li-Fi as a dual-function technology for both data transmission and spatial awareness in
smart building infrastructures.

Future Research Directions

Building on this foundation, we identify three priority areas for future investigation:

1. Hybrid optical-IMU-camera fusion: Developing advanced sensor fusion algorithms that integrate Li-
Fi positioning with visual feature tracking and IMU data to enhance robustness under partial occlusion,
variable lighting, and beacon failures. Machine learning approaches (e.g., LSTM networks) could
predict position during temporary signal loss.

2. Adaptive beacon management: Implementing intelligent power control and modulation adaptation to
extend coverage across larger multi-room environments while minimizing energy consumption.
Dynamic beacon handover protocols with predictive switching could reduce transition latency below
100 ms.

3. FPGA-based parallel processing: Exploring field-programmable gate array (FPGA) architectures for
hardware-accelerated signal processing, enabling multi-drone coordination through simultaneous
tracking of multiple UAVs by the same beacon network. This would support swarm robotics
applications with distributed localization.

4. Outdoor-indoor transitioning: Developing seamless handover protocols between GPS (outdoor) and
Li-Fi (indoor) positioning as drones cross building thresholds, critical for applications like warehouse-
to-delivery transitions.

5. Standardization and interoperability: Contributing to emerging Li-Fi communication standards (IEEE
802.11bb) to ensure compatibility across manufacturers and enable plug-and-play deployment in smart
buildings.

Overall, this work establishes a solid foundation for integrating Li-Fi illumination systems into smart
building infrastructures, where lighting simultaneously provides high-speed communication,
environmental sensing, and precise optical guidance for autonomous robotic platforms. The combination
of high accuracy, low latency, minimal computational requirements, and dual-purpose infrastructure
utilization positions Li-Fi-guided navigation as a compelling solution for the next generation of indoor
autonomous systems.
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